UWS Academic Portal

Rainfall intensity forecast using ensemble artificial neural network and data fusion for
tropical climate
Mohd Safar, Noor Zuraidin; Ndzi, David; Mahdin, Hairulnizam; Khalif, Ku Muhammad Naim
Ku
Published in:
Recent Advances on Soft Computing and Data Mining - Proceedings of the 4th International Conference on Soft
Computing and Data Mining, SCDM 2020
DOI:
10.1007/978-3-030-36056-6_24
E-pub ahead of print: 05/12/2019

Document Version
Peer reviewed version
Link to publication on the UWS Academic Portal

Citation for published version (APA):
Mohd Safar, N. Z., Ndzi, D., Mahdin, H., & Khalif, K. M. N. K. (2019). Rainfall intensity forecast using ensemble
artificial neural network and data fusion for tropical climate. In R. Ghazali, N. M. Nawi, M. M. Deris, & J. H.
Abawajy (Eds.), Recent Advances on Soft Computing and Data Mining - Proceedings of the 4th International
Conference on Soft Computing and Data Mining, SCDM 2020 (pp. 241-250). (Advances in Intelligent Systems
and Computing; Vol. 978 AISC). Springer. https://doi.org/10.1007/978-3-030-36056-6_24

General rights
Copyright and moral rights for the publications made accessible in the UWS Academic Portal are retained by the authors and/or other
copyright owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with
these rights.

Take down policy
If you believe that this document breaches copyright please contact pure@uws.ac.uk providing details, and we will remove access to the
work immediately and investigate your claim.

Download date: 09 Jan 2023

This is a post-peer-review, pre-copyedit version of an article published in Recent Advances on Soft
Computing and Data Mining - Proceedings of the 4th International Conference on Soft Computing
and Data Mining, SCDM 2020. The final authenticated version is available online at: http://
dx.doi.org/10.1007/978-3-030-36056-6_24”

Rainfall Intensity Forecast using Ensemble Artificial
Neural Network and Data Fusion for Tropical Climate
Noor Zuraidin Mohd Safar1,2, David Ndzi3, Hirulnizam Mahdin 1,2,
Muhammad Naim Ku Khalif 4
1Sensor

and Internet of Things (SioT), Faculty of Computer Science and Information
Technology, Universiti Tun Hussein Onn Malaysia, Malaysia
2Faculty of Computer Science and Information Technology, Universiti Tun Hussein Onn
Malaysia, Malaysia
3School of Engineering and Computing, University of the West of Scotland, United Kingdom
4Faculty of Industrial Sciences and Technology, Universiti Malaysia Pahang, Malaysia

zuraidin@uthm.edu.my

Abstract. This paper proposes an ensemble method based on neural network
architecture and stacking generalization. This research objective is to develop a
novel ensemble of Artificial Neural Network models with back propagation
network and dynamic Recurrent Neural Network of nonlinear autoregressive
network with exogenous inputs to improve prediction accuracy. Historical
meteorological parameters and rainfall intensity have been used for predicting
the rainfall intensity forecast. Hourly predicted rainfall intensity forecast are
compared and analyzed for all models. The outcome shows that for 1 hour of
prediction, the neural network ensemble forecast model returns 94 percent
precision. The study concludes that the ensemble neural network model shows
significant improvement in prediction performance as compared to the individual
models.
Keywords: Rainfall Forecasting, Artificial Neural Network, Recurrent Neural
Network, ANN, NARX, Expert System, Ensemble Learning, Machine Learning,
Soft Computing, Artificial Intelligent, Environmental Monitoring, Tropical
Climate, Data Fusion.
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Introduction

Rainfall is an environmental process in natural water cycle. Developments in weather
forecast models have been substantial interest in meteorological study. The emerging
of new technologies and the extensive of natural phenomena have enabled the used of
computational prediction methods. Rainfall forecast is one of the most significant parts
of water efficiency and management [1]. Rain cell size in tropical area is small, has
high intensity rate and convectional type, furthermore the rain event is localized in short
duration. Due to the nature of tropical rain behaviour, flash flood is most likely will
occur within a short period of time. An accurate rainfall prediction is needed for flash
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flood disaster plan and management. Rainfall intensity forecasting continues one of the
most challenging in hydrological process due to spatial and temporal deviations in
rainfall dissemination. The objective is to determine the feasibility of using a data
collected from a single source point as input to neural networks in order to achieve
predictions of regression and rain classification from different environmental
parameters. Diverse types of forecasts would lead to different outcomes. These
inferences may be probabilistic or deterministic, where the study will determine the
probability of rain occurrences, while the main objective is specify the rainfall intensity.
In the proposed model, however it uses a real time data that has smaller significant
delay. This prediction model use a fusion of meteorological data within the same
location of rain event occurred. In general, meteorological processes are extremely nonlinear and complicated to predict at high spatial, they are non-linear and follows a very
irregular trend. An ensemble of Artificial Neural Network (ANN) has the capability
to bring out the structural relationship between the environmental parameters for better
forecasting output [2]. This study examines the relevance of the ANN approach by
creating efficient and reliable predictive non-linear models for rain prediction. The
ANN with network back propagation (BPN), Recurrent Neural Network (RNN) of
nonlinear autoregressive network with exogenous inputs (NARX) and Ensemble
Neural Network (ENN) approach have been used to make the forecasting of 1, 3 and 6
hour rainfall intensity prediction. Data used to train the Neural Network corresponds to
historical time series of environmental parameters and rainfall rate prediction. The
fusion of environmental parameters and empirical study are used in ANN architecture
and training development. The performance estimation is determined using Mean
Square Error (MSE), Mean Absolute Error (MAE) and the measurement correlation
coefficient between actual and forecast value.
The environmental parameters and rainfall data from Malaysia is used in this work.
The goal of this model is to understand the inter-relationship of the environmental
parameters and rainfall intensity. An ensemble technique based upon the stacking
generalization of second level technique has been proposed to aggregate the output
predictions from ANN-BPN and NARX models. The results are computed and
analyzed. The comparison between the individual ANN-BPN, NARX and ENN models
with the ensemble model has been carried out and outcome is analyzed. The results
indicate that ENN model achieved 94% prediction accuracy for 1 hour rain intensity
prediction.
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Study Area and Meteorological Data

The study area is a small town in North-West of Malaysia that has a tropical type of
climate with long hours of sunny day, high temperature and humidity. The average
temperature is 27.5°C. The average annual rain and its rainfall rate are 3.09 mm and
2.94 mms-1 respectively. Meteorological information and weather forecasting is
managed by Malaysia Meteorological Department. They provide rain prediction, real
time weather condition through radar and satellite and several useful meteorological
data. Chuping weather station has a meteorological data for temperature, pressure, dew
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point, wind speed, humidity and rainfall intensity. Three Years of data (hourly
recorded) from 01/01/2012 to 31/12/2014 that consist of 26304.

Fig. 1. Shows the monthly average rainfall rate for Chuping weather station.

North-West Malaysia has the following seasons annually:
 Dry season – January to March and June to August
 Wet season – April to May and September to December
The selected area has a 13.33 km man-made reservoir named Timah Tasoh. Flooding
primarily comes from Timah Tasoh reservoir overflows, which receives inputs from
two major rivers, Tasoh River and the Pelarit River. This could be worst and
unpredictable when the rain is heavy in the shortest period of time. River level and its
flow rate will substantially increase when it is raining in the catchment area. This
condition will cause the reservoir level increase excessively.

Fig. 2. Map of Perlis and study area.
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3

Methodology

3.1

Data Preparation

Hourly meteorological data is provided by Malaysian Meteorological Department. The
rainfall stations selected is Chuping. For better understanding of the input parameter,
initial basic analysis of the parameter pattern such as minimum, maximum, and mean
values is been calculated and identified. This will give quick analysis to inspect the
relationship between parameters themselves and relationship towards the rain
condition.
Table 1. Environmental parameter analysis for Chuping weather station
Parameters
Pressure
Temperature
Dew Point
Humidity
Wind Speed

Unit
HPa
oC
oC
%
ms-1

Max
1017.0
38.1
29.4
100
5.1

Mean
1009.6
27.5
24.5
83.7
1.1

Min
1001.2
16.1
15.3
29.0
0.0

There is a surfeit of metrological data, sometimes temperature recorded to weather
stations system have significant delay or tainted. The data will lead to a bias or
misinterpret. Hence, some of the weather observations are not equally reliable. Z-test
is used to reduce this problem [3]. The Z-test is determined by:

z

xt

x

(1)

where z is the Z-test, is the standard deviation of the meteorological data, refers to
each value in the meteorological dataset and x is the mean of all values in the
meteorological dataset. The Z-test is a parametric hypothesis (h) test to determine
whether a sample data set originates from a population mean. It assumes the sample
data derives from a population with a normal distribution and standard deviation. The
result shows that Z-test reject (h=1) or does not reject (h=0) the null hypothesis at the
default 5% significance level. For all parameters, the hypothesis result is 0. Table 2
shows the result for each metrological data:
Table 2. Z-test summary result for each meteorological data
Meteorological
data
Pressure
Temperature
Dew point
Humidity
Wind Speed

h

p

ci

0
0
0
0
0

1
1
1
1
1

1009.40-1009.50
27.62 - 27.69
24.45 - 24.49
82.28 - 82.57
1.68 - 1.72

zval
0
0
0
0
0
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h=hypothesis test result, p=probability of scalar value in range [0,1], ci=confidence interval for
the true population mean, zval=statistic test returned as non-negative scalar value

Even though neural network training will find the best fit to the desired output, the
investigation and analysis of major environmental parameter is important. The
preliminary investigation, identifying its behaviour and the correlation between
parameter and rain pattern will determine the reliability and selective dataset in preprocessing technique before it is feed to neural network training.

3.2

Artificial Neural Network

ANN's concept is to mimic the procedures of human neurons. ANN is an interconnected
group of linked artificial neurons. Feed forward neural network is implemented in the
early ANN model and is known as perceptron. This model uses a single layer of
perceptron, fed straight to the output input. The disadvantage of this approach is that
many classes of pattern cannot be recognize by perceptron. Then it will improve the
size of the neural network to acknowledge different classes of pattern by incorporating
more perceptron layer in the network topology[4]. Neural network will learn from the
input signal training data set and its required target output. Network training is the
iterative method. With fresh information from training data, every iteration coefficient
of each node is altered [5]. Fig. 3 shows the transmission of signal that propagate from
the input layer to hidden layer and lastly the target through each neuron.
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Fig. 3. ANN layer representation

Supposed L is amount of layers (input, hidden and output layer). Whereas l is the
input and hidden layer that carry N number of nodes in the form of N l , where

l

(0,1, , L;l

0 is the input) and i

1, , N (l ) is the node that has output

from preceding layer and it will be the input for the subsequent layer , yl ,i is the output
that is dependable from inbound signals (xli ) and , , , parameters. As a result, the
equation that generalize the output from each node can be expressed in:
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yl ,i

fl ,i (xl

wl

1,1

1,1

,..., xl

1,N (l 1),

, , ,...)

(2)

The next step is to compare the output signal from the node with the required output
from the training data (z) after the signal propagation is completed. The different is
known as an error signal

l ,i

.

z

l ,i

yl ,i

(3)

Supposing training data has P items, the error measured for the Pth item of the training
data is the sum of the squared error:
N (L )

EP

yl ,i )2

(z

(4)

k 1

where k is the quantity of component z (actual) and

yli (prediction)

The weights for a specific node are adapted by propagating back to all neurons in direct
proportion to the error in the units to which it is attached. Gradient Descent algorithm
is use to implement this. Gradient descent approach is technically to find weight that
will deliver the minimize error. Step by step algorithm to minimize the error measured:
 Acquire gradient vector
 Compute signal error of

l ,i

as the derivative of the error measure in

E p with the

respect to the output of node i in layer l for both direct and indirect path. The
derivation order can be express in:
Ep
l ,i

yl ,i

(5)

ANN initial execution.
Several models were tested at early stage of implementation. Data for both ANN-BPN
and NARX are separated into training, validating and testing set. A small proportion of
the training data is used for cross validation to prevent overfitting and ascertain for a
better generalization. In the training process, monitoring the errors in training and
validation is necessity. The training should stop as the point of best generalization has
reached when the error in the validation set increases. This cross validation with split
sample training was adopted for the training. Three years data with hourly parameters
reading together with the rainfall records were selected to train ANN models, the
randomly selected data is divided in which 70% of the data was set as a training set,
15% for testing and 15% of the data was set aside to use for validation.
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Input, Hidden and Output layer.
Initial input is environmental parameters. In input layer, neuron has a purpose of
receiving single input parameter that representing meteorological data. Hidden and
output layer that accepts random number of inputs depending on the type of selected
neuron interconnection. In previous neural network studies there is no solid evidence
about the finite solution to define the number of hidden layers and hidden layer neurons
but there is an input-output based using the following form:

[2n 1/2 ,2n

m]

(6)

where n is the amount of input value and m is the number of output in the neural network
[6]. This study will use this approach and trial and error basis.
Neural Network architecture.
The proposed ANN prediction model is based on MLP with back propagation
architecture. Various different neural network structures have been tried. In general the
input parameters Pinput

t

and output parameters Poutput

t

for the neural network

architecture can be describe as follow:

Pinputt

[Rt , Rt 1,..., Rt
Poutputt

P ,Tt , DPt , Ht ,WSt ]

n, t

(7)

[Rt 1 ]

(8)

where R is the rainfall intensity detected in time t , n is the hour(s) before time of the
prediction. Other neural network architectures such as epoch, learning rate, number of
hidden layer, number of nodes for each hidden layer and others parameters are based
on cases by cases scenario. The schematic representation of the neural network can be
simplified in this form:

[I
3.3

H1st

...H nth

O]

(9)

Back Propagation Network

A research on rainfall forecast for tropical climate using ANN was conducted in
Bangkok, Thailand. Forecast outcome for 1 to 3 hours reached more than 70%
accuracy. Various data of weather parameters from 75 weather stations were used in
network training [7]. ANN have been integrated to predict multiple meteorological
parameters including rainfall, temperature, wind speed and humidity [8]. A related
study was organized in the Philippines by utilizing day-to-day meteorological data
during training. The experimentation showed that forecast results achieved 90% when
the combination of ANN and Bayesian network were used [9]. Most research on
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adapting ANN for rainfall forecasting has been done with feed forward neural networks
with BPN. A typical BPN contains of input-output layer and at least a single hidden
layer [10]. Number of neurons at each layer and number of hidden layers determine the
network's ability on predicting accurate output for a given data set. Back propagation
algorithm consists of a forward pass and a backward pass. For example, in this study,
5 input parameters and 20 nodes (in first hidden layer) are used. The output from each
node will feed for the next hidden layer that has 10 nodes as depicted in Fig.4.

Fig. 4. ANN-BPN architecture

3.4

Recurrent Neural Network with NARX

Study on recurrent neural network of rainfall forecasting in Indonesia gave an output
of 75% accuracy by using El-Nino Southern Oscillation (ENSO) as neural network
input [11]. NARX is a recurrent dynamic neural network, with feedback connections
enfolding several layers of the network. The NARX model is based on Autoregressive
with Exogenous linear model, which is commonly used in time-series modeling [12].
NARX address the vanishing gradient problem by imposing delays in its network. The
general form of NARX can be expressed in the following equation:

yt  f  yt 1 , yt  2 , . . . , xt , xt 1 , . . . ,  

(10)

where yt is a new state in terms of the previous state yt−1, the current input xt, and some
parameters θ that are shared over time. An overview of NARX configuration and its
structure for this work is depicted in Fig. 5.

Fig. 5. NARX configuration and its structure

3.5

Ensemble Neural Network with Stacking Generalization

The basic idea of ensemble learning is to combine multiple models to improve
prediction performance [5]. The models based upon multiple learners have been shown
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to perform better than models with single learners, especially when dealing with
complex datasets [9]. They are considered meta-algorithms designed to work on top of
existing learning algorithms. The generalization capability of a neural network system
can be significantly improved with respect to the best performing single neural network
through a neural network ensemble. [13]. Researchers have shown that it can produce
more precise predictions merely by mixing the output of many neural networks. Noble
ensemble is one in which the separate networks are both accurate and diverse,
specifically the individual networks make their errors in distinct areas of the input space
[2]. Depending on the type of architecture selected, the precision is accomplished by
appropriate training algorithms and parameters. The variety of the ensemble members
can be accomplished by distinct techniques and most commonly used by controlling
the set of original random weights, varying topologies, varying the training algorithm
and manipulating the training, such as mixing trained networks with different sample
information [14]. Stacking generalization combines the predictions of multiple base
learners using a meta-learner is a model that trained on the output of the base models.
The predictions of the base learners are fed as input data to the meta-learner in the next
layer to produce the final prediction [15]. These can be used on additional layers, or the
process can stop with a final result. In this work, two level of stacking were applied,
the schematic diagram of the implementation is depicted in Fig. 5
LEVEL 1 MODEL (base-learners)

ANN-BPN

Prediction
(ANN-BPN)

Test

NARX

Prediction
(NARX)

DATA

AGGREGATING (ENN)

Training

TRAINING

LEVEL 2 MODEL (meta-learners)

PREDICTION

Fig. 6. Stacking generalization

3.6

Evaluation of the forecasting result

The performance was evaluated using Mean Absolute Error (MAE), Mean Square Error
(MSE) and Correlation Coefficient (R).

MAE

MSE

1
n
1
n

n

yt

yˆt

(11)

yˆt )2

(12)

t 1
n

(yt
t 1

10

n

R
n

yt

2

yt yˆt
yt

yt

yˆt

n

yˆt 2

2

yˆt

(13)

2

where yt is the real value, yˆt is forecast value and n is the observation number and
the R value indicates the relationship between forecast and real value.
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Result and discussion

The experimental setup will find the finest outcome for hourly prediction; evaluating
the magnitude of error (MAE, MSE) and the regression (R) of predictive output against
the desired output. Rain intensity prediction is difficult for a single neural network
prediction methodology. This study's main goal is to define potential improvements in
forecast efficiency using network ensemble. A neural network ensemble is a technique
in which the outputs of a collection of distinctly trained networks are combined to create
an embedded forecast. The ensemble neural network is achieved by using diverse
network architectures. In this study ANN-BPN and NARX are used as a base-learners
and the ensemble is created using stacking generalization methods. Using an
appropriate training algorithms, choosing number of hidden layers and quantity of
neurons in hidden layer by trial error, the precision of individual networks is
accomplished. An ensemble technique based upon the stacking generalization of
second level technique has been proposed to aggregate the output predictions from
ANN-BPN and NARX models. The results are computed and analyzed. The
comparison between ANN-BPN, NARX and ENN has been carried out and outcome is
analyzed.
Table 3. Prediction results for ANN-BPN, NARX and ENN model
Rain Intensity
Prediction
1HOUR

3HOURS

6HOURS

Performance
Matrices
MAE
MSE
R
MAE
MSE
R
MAE
MSE
R

NARX

ANN-BPN

ENN

0.305
1.768
0.853
0.412
3.344
0.696
0.448
4.327
0.578

0.152
0.932
0.926
0.394
3.566
0.671
0.419
4.452
0.561

0.128
0.929
0.935
0.401
3.455
0.716
0.385
4.383
0.595

The obtained results as shown in Table 3 indicate that, an ensemble of neural
networks increases forecast accuracy compared to stand alone ANN-BPN and NARX.
ENN reached 0.935, 0.716 and 0.595 for 1, 3 and 6 hours prediction respectively for
correlation coefficient accuracy evaluation. Fig. 7 shows an ENN regression result for
1 and 3 hours prediction. The accuracy of prediction degraded after the time windows
prediction increases (comparison between actual against predicted value are depicted
in Fig.8 and Fig.9). The magnitude of error matrices for MAE and MSE also show ENN
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produced significant improvement compared to ANN-BPN and NARX. The
enhancement of accuracy was possible based on the various type of neural networks
that reduce the errors at the same point of targeted output. Then, using the ensemble the
errors can be compensated for better forecast accuracy.

Fig. 7. ENN Regression for 1 hour and 3 hours rainfall intensity prediction

The comparison of actual against predicted rain intensity are presented in Fig. 8 and
Fig. 9. Three neural network architectures (ANN-BPN, NARX and ENN) were
compared. In Fig.8, 1 hour actual rain intensity is show the same pattern to the predicted
intensity for ENN. The benefit of the neural network ensemble is that it can compensate
for the network residual errors resulting from Level 1 (base-learners), by integrating
their outputs for training features for Level 2 (meta-layer) ensemble network.
Consequently, the prediction is better than single network.

Fig. 8. One hour prediction
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Fig. 9. Three hours prediction

5

Conclusion

An ensemble model based on the neural network stacking generalization of multilayer
perceptron is developed to forecast and analyze hourly prediction of rainfall intensity
for tropical climate. Hourly historic weather data between 1st January 2012 and 31st
December 2014 are collected to fit the model with 70% of the samples taken as a
training set and with the other 30% used for test and validation in neural network. Ztest is applied to recorded meteorological data for reliability test to reduce the
insignificant and misinterpreted data. Same data were treated to all models except for
the ENN. ENN had an additional input for training from the predicted outcome of ANNBPN and NARX model. The performance of the proposed ensemble model (ENN) is
evaluated and compared to different single network prediction models of ANN-BPN
and NARX. The evaluation demonstrates that an ensemble model performs 5% better
in determining rainfall intensity values together with magnitude error of 0.13 (MAE)
and 0.92 (MSE) for 1 hour prediction. ENN reached 0.935, 0.716 and 0.595 for 1, 3
and 6 hours prediction respectively for correlation coefficient accuracy evaluation.
These results demonstrate the interpretability and reliability of the stacked ensemble
model and a need to improve rainfall intensity forecast methods in future works. As
this study shows a better result with an ensemble of neural network technique, other
models need to be contrived for further improvements in prediction. In addition to
further improvements in model performance, larger historical data spanning years of
recorded data should be adopted towards addressing the important of localized of the
short period of rain forecasting. This study will benefit for weather management data,
agricultural needs and most importantly preparation for flash flood disaster
management for the study area or location that has similar weather condition.
Furthermore, the availability of continuous hourly forecast results can be used in user
friendly tools and an interactive platform that will truly benefits the target users.
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