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In this study, the main goal is to develop a model using artificial intelligence (AI) based on the artificial neural

network (ANN) for the prediction of daily and monthly rainfall. The authors compare the prediction accuracy

of between daily and monthly rainfall, using meteorological parameters as input information (temperature,

dew point, humidity, pressure, visibility, and wind speed). Validation of the developed model is achieved using

various quantitative evaluation criteria such as correlation coefficient (R), Root-Mean-Square Error (RMSE),
Mean Absolute Error (MAE), which are respectively 0.8063, 0.2487, and 0.0932 for the daily rainfall, and 0.8012,
0.0731 and 0.0578 for monthly rainfall. A comparison is then performed, which shows a higher prediction

accuracy of monthly than daily rainfall. These reliable results could help in constructing a soft computing tool

to predict accurately and quickly the daily and monthly rainfall.
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1. Introduction

The rainfall is an important factor that directly affects many
social-economic sectors such as agriculture, energy, and
water resources of all countries in the world [1, 2]. In ad-
dition, extreme weather events, natural disasters such as
floods, droughts, landslides, and local sea-level rise are
closely related to the intensity and duration of rain [3-5].
Therefore, precisely and quickly predicting and quantify-
ing rainfall intensity and duration is essential for every area
[6][6]. Accurate and timely forecasting will help in plan-
ning economic development, preventing and minimizing
extreme weather events [3, 7][7].

The current forecast technologies often use operational
numerical modeling in conjunction with meteorological
data [8]. Usually, these models use regression algorithms
and averaging methods in weather forecasting [9, 10].
Other approaches use numerical methods [11] or exper-
imental formulas [12]. These models provide predictions

from long-term rainfall measurements with other relevant
meteorological parameters such as air temperature, solar
radiation, cloud information, wind speed, sunny time, rela-
tive humidity, coordinates, and altitude [13-15]. From the
relationship of those experimental parameters, different ex-
perimental equations are proposed to predict and estimate
the rainfall [16, 17]. In addition, numerous investigations
use linear regression models and statistical methods for the
prediction based on experimental data [18, 19]. However,
the relationships of experimental parameters are strongly
nonlinear. Therefore, the accuracy of empirical formulas
is low with rainfall prediction including large number of
inputs. The new approach Artificial Intelligence (AI) has
strongly developed since a few decades to solve numerous
problems with large number of inputs which have complex
relations such as structural engineering [20, 21], material
science [22],[23] as well as analysis and design structure
[24].

Recently, the methods of rainfall prediction based on Ar-
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tificial Intelligence (AI) such as Artificial Neural Network
(ANN) or Adaptive Neural Fuzzy Inference System (AN-
FIS) have been successfully applied in many investigations
[9, 25, 26]. These methods will help analyze data and make
forecasting of rainfall over a certain period more accurately
and efficiently than other conventional methods [27-29].
The selection of input parameters of the analytical process
and calculation methods is also quite diverse. Dabhi and
Chaudhary used various meteorological variables such as
maximum temperature, minimum temperature, evapora-
tion index, and relative humidity to predict rainfall in a
region in India [30]. Meanwhile, Partal et al. [31] used vari-
ous Al techniques (such as feed-forward backpropagation,
radius basis function, and g-generalized regression neural
network) with input data containing the daily parameters:
average temperature, maximum temperature, minimum
temperature, total specific humidity, total evaporation to
predict total daily rainfall. The Support Vector Machine
(SVM) has been used in rainfall prediction by OrtizGarcia
[32], who used meteorological variables such as tempera-
ture, wind speed, direction wind, and humidity as input for
the forecast process. Although there is an important num-
ber of studies in rainfall prediction in the literature, there
are still some issues that deserved to be addressed, such as
the use of different groups of input variables, rainfall pre-
diction at various locations worldwide, or the applicability
of other training algorithms to find the optimum weights
and bias values of ANN model.

In the present study, the main focus is to evaluate the
feasibility of using ANN with conjugate gradient algorithm
for forecasting, and quantifying the total precipitation. The
prediction algorithm is trained and validated based on
a combination of 6 input parameters: temperature, dew
point, humidity, pressure, visibility, and wind speed, in
which the dew point and visibility are rarely used variables
in the literature. The rainfall database of Austin, Texas is
chosen in this study, which is split into the training dataset
(accounts for 70 % of the total data), and the testing dataset
(accounts for the remaining 30 % of the database). In par-
allel with the daily rainfall original dataset, the monthly
rainfall dataset is constructed and used to compare with
the corresponding actual results to evaluate the prediction
performance of ANN model through common statistical
measurements, i.e., correlation coefficient (R), root mean
square error (RMSE) and mean absolute error (MAE).

2. Database collection

The analysis and forecasting process use a dataset con-
sisting of 6 meteorological input variables (each variable
includes the maximum, minimum, and average value)

listed in table 1 and 2, respectively, including tempera-
ture, dew point, humidity, pressure, visibility, and wind
speed. There are two sets of variables that describe the
daily and monthly rainfall, considered as the output vari-
ables in this study. The values of inputs and outputs are on
the same day/month and those have not been measured
from the original dataset are excluded from the dataset. It
is worth noticing that the monthly rainfall dataset is con-
structed based on the average values of daily data collected
in the selected month, except for February 2013, which in-
cluded only 8 days from February 21 to February 28. The
dataset was obtained from WeatherUnderground.com, at
the Austin KATT station [33]. The Austin KATT station is
found in Texas. The daily rainfall and monthly rainfall are
collected from February 21, 2013 to July 31, 2017.

Fig. 1 illustrates the input variables that affect rain-
fall in the training and prediction process. Fig. 1 and
2 show the input data distribution of daily rainfall and
monthly rainfall over 6 meteorological input variables, resp
ectively. The distribution of points is random. A correlation
analysis is performed, and no strong correlation between
inputs variable and output has been found. Indeed, for
daily precipitation dataset, the strongest correlation with
total precipitation is associated with the visibility (i.e., R=-
0.45), following by humidity (R=0.37), dew point (R=0.14),
pressure (R=-0.13), wind speed (R=0.04) and temperature
(R=-0.02). Regarding the monthly dataset, the strongest
correlation with precipitation is associated with the hu-
midity (i.e., R=0.47), following by visibility (R=-0.44), dew
point (R=0.23), pressure (R=-0.18), temperature (R=0.13)
and wind speed (R=0.00).

3. Artificial neural network

An artificial neural network (ANN) is a model of infor-
mation processing simulated based on the activity of the
biological nervous system, consisting of a large number of
neurons attached to process information [34]. ANN can
store information and use such information in the predic-
tion of new data. The general architecture of an ANN
consists of 3 components, which are the input layer, the
hidden layer, and the output layer. The relationship be-
tween the input data and the result is shown by equation
1.

Y =f(X1,X2,...,Xn) 1)

in which Y is the result to be forecasted; X1, X2, ..., Xn are
the number of input data.

These data classes are linked through weights, bias, and
transformation functions. The basic structure of an ANN is
shown in Fig. 3.
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Fig. 1. Histograms of the input and output variables for daily rainfall.

An ANN can have one or more hidden layers. Each hid-
den layer is a coefficient matrix, the size of the coefficient
matrix is the number of neurons in the hidden layer. The
number of hidden layers depends on the shape and size of
input dataset, as well as requirements for the accuracy of
output data. In general, there is no specific regulation to
determine the number of hidden layers nor the number of
neurons in hidden layers [35]. The determination of these
parameters is based on a trial and error assessment process.

In the framework of this paper, the authors have pro-
posed a number of networks, and after checking the pre-
dictive errors of the networks, it is found that a one-way
multi-layer network gives the best results. The structure of
the selected network consists of 5 layers, including an input
layer, three hidden layers, and an output layer (Fig. 4). The
output layer consists of one neuron, and the number of
neurons in the input layer is correlated with the number
of input variables in the network. The number of neurons



370 Huu Nam Nguyen et al.

(a)

§ ° Déta
5067 y=0.0012*x + 0.037 linear fit
o
=05
c
204 .
S
203 °
g ° ° 5 .
502 5 o L S
- L ° -
0.1 = oo _° °
4 o oo ¥ [ ‘.
0 @y © Py 00 e
40 50 60 70 80 90
Average temperature (°F)
(a)
‘ S (. —
§ 0.6 ® Data
S 0.5 y=0.01*x-0.56 linear fit| |
[=
50.4 °
203 . T
.g_ [ ] ° °
[T} L ]
@ 0.2 Y .
o ° . P
0.1 P I L o
[e) ° T e ® o ° °
- 0 (] - ...‘ LI o® .‘
50 55 60 65 70 75 80
Average humidity (%)
(c)
(e)
0 ° e Data
Lo6" * linear fit| |
S y=-0.1*+1.1 inear fi
= 0.5
c
204 .
ol
S03 . °
o I ® o
§020 . o °
© 0.1 H o e e °
k] ° %° L]
[ ') ° ®
0 ° ° ® o
8 8.5 9 9.5 10

Average visibility (miles)

(e)

‘ (b) ,
’g ° D:;lta
5061 v =0.0023*x - 0.0055 linear fit
(=1
S05
<
204 .
8
— [ ]
503 T .,
g020 . o I
— ° o, L)
801 29 _ o° :' .‘
[e] ° L4 °
= [ -Q. °° ° Y .o
30 40 50 60 70 80

Average dew point (°F)

(b)
C)
g ° ® Data
£ 0.6 y=-0.22"x + 6.8 linear fit| |
o5
c
204 .
2 0.3 .
Q031
g § o
502} 3 — 5
E LIS S ° a__o
|2 0.1 : % & . ° . =
0 0 o @ PR IPY ® o
29.8 29.9 30 30.1 30.2 30.3
Average pressure (inches)
(d)

()

|y =8.9e-05*x + 0.12 linear fit| |

N
A 0 o

Total precipitation (inches)
&
[ ]

0.2 °
- : s : e
° °
Gl e e ® T 0,
0 e Y oe s°® ° . o
3 4 5 6 7

Average wind speed (miles/h)

U]

Fig. 2. Histograms of the input and output variables for monthly rainfall.

in the hidden layer is determined through the process of
running a model with a small number of neurons and in-
creasing until the predictive results and predictive error
reach the allowed value. The hyperbolic tangent math func-
tion is used to transform information in the layers of the
network, and the ANN network is set up and run in the
MATLAB environment.

Network training is the process of determining the opti-
mal weight of an ANN. During network training, weights

and bias are evaluated in each iteration of the network. The
backpropagation (BP) algorithm is the most widely used
training technique for continuous function mapping, which
has proven to be theoretically correct [36]. During training,
calculations are carried out from the input layer directed to
the output layer, and the errors are then propagated from
the output layer to the preceding layers. These networks
are well proficient in learning linear and nonlinear relation-

ships between inputs and outputs. In order to achieve high
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Table 1. Statistical analysis of the inputs and output of Dataset 1.

Variable Task Unit Min Median Average Max St.D*
High temperature Input °F 32.00 83.00 80.95 107.00 14.84
Average temperature Input °F 29.00 73.00 70.53 93.00 14.14
Low temperature Input °F 19.00 62.00 59.60 81.00 14.34
High dew point Input °F 13.00 66.00 61.31 80.00 13.72
Average dew point Input °F 8.00 61.00 56.38 76.00 14.98
Low dew point Input °F 2.00 55.00 50.68 75.00 16.28
High humidity Input % 37.00 90.00 87.74 100.00 11.19
Average humidity Input % 27.00 66.00 66.27 97.00 12.74
Low humidity Input % 10.00 42.00 44.30 93.00 17.28
High pressure Input inches 29.63 30.08 30.11 30.83 0.18
Average pressure Input inches 29.55 30.00 30.02 30.74 0.17
Low sea level pressure Input inches 29.41 29.91 29.93 30.61 0.17
High visibility Input miles 5.00 10.00 9.99 10.00 0.17
Average visibility Input miles 2.00 10.00 9.14 10.00 1.48
Low visibility Input miles 0.00 9.00 6.81 10.00 3.76
High wind speed Input miles/h 6.00 13.00 13.19 29.00 3.44
Average wind speed Input miles/h 1.00 5.00 4.98 12.00 2.07
Highest wind speed Input miles/h 9.00 21.00 21.30 57.00 5.88
Total rainfall Output inches 0.00 0.00 0.13 5.20 6.21
*St.D. = Standard Deviation;
accuracy prediction results, Powell-Beale Conjugate Gradi- new estimate for the next weight vector
ent with momentum weight and bias learning function has
Xir1 = Xi + o Py 3)

been employed.

The conjugate gradient method is a search algorithm
that is performed in the direction of the conjugate gradi-
ent to minimize errors, which produces generally faster
convergence than steepest descent directions. The conju-
gate gradient algorithms start by searching for the steepest
direction (the negative of the gradient) in the first iteration.

Py = —Gy )

where P is the initial search gradient and Gy is the initial
gradient

Then, given the current weight Xy, a line search is per-
formed to determine the optimal distance from which a

where ay is the kyj, learning rate. It is clear that the direction
of the (k4 1), search is conjugate to the direction of the
(k)4 search as in equation 4

P = -G+ m Py 4

where P;_; is the earlier search direction, and y is a posi-
tive scalar. It should be noted that the computation manner
of yy determines the characteristics of Conjugate Gradient
Algorithms.

With conjugate gradient algorithms, the direction of the
search is continuously restarted to ensure better perfor-
mance. One such reset method was proposed by Powell
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Table 2. Statistical analysis of the inputs and output of Dataset 2.

Variable Task Unit Min Median Average Max St.D*
High temperature Input °F 58.32 81.65 80.54 101.53 12.73
Average temperature Input °F 48.82 71.65 70.29 89.17 12.63
Low temperature Input °F 37.61 61.13 59.51 77.07 12.66
High dew point Input °F 41.36 62.46 61.24 75.45 10.81
Average dew point Input °F 31.16 57.83 56.34 72.84 12.25
Low dew point Input °F 22.19 52.57 50.65 69.58 13.45
High humidity Input % 74.32 88.03 87.84 95.17 4.53
Average humidity Input Y% 52.77 66.00 66.61 78.52 5.63
Low humidity Input % 29.07 43.03 44.88 62.13 7.57
High pressure Input inches 29.95 30.07 30.12 30.39 0.11
Average pressure Input inches 29.88 29.99 30.03 30.26 0.10
Low sea level pressure Input inches 29.80 29.91 29.93 30.15 0.09
High visibility Input miles 9.77 10.00 9.99 10.00 0.04
Average visibility Input miles 8.00 9.26 9.16 9.93 0.52
Low visibility Input miles 3.58 6.74 6.84 9.36 1.29
High wind speed Input miles/h 10.90 13.29 13.22 15.39 1.17
Average wind speed Input miles/h 3.27 5.06 4.98 6.53 0.86
Highest wind speed Input miles/h 17.48 21.42 21.33 25.93 222
Total rainfall Output inches 0.00 0.01 0.12 0.63 0.12

*St.D. = Standard Deviation;

[37], based on an earlier version proposed by Beale [38].
The algorithm is restarted, and the direction of the search
is reset to the negative of the gradient if the following equa-
tion 5 is satisfied [? ].

IGI G| < 02[|Gyl 2 ®)

4. Forecast Verification

4.1. Performance indicators

In order to validate developed ANN models, three statis-
tical criteria, namely correlation coefficient (R), root mean
square error (RMSE), and absolute mean error (MAE) are
used in this research. The R value used to investigate the
linear correlation between the target and the predicted
values, which lies in the range [-1; 1]. Both RMSE and

MAE measure the average intensity of the error [39], where
MAE represents the residual error between the target and
predicted values for each dataset, and RMSE denotes the
square root of the average residual error between target
values and predicted values for each data set. For these
two indicators, the smaller value signifies the better perfor-
mance of the ANN model. The closer the absolute value of
Ris to 1, the stronger the ANN model is in predicting. R,
RMSE, and MAE are defined by the following equations.

=

1
RMSE = | = )2
MS ey 1(7'0,] ”t,]) (6)

]

1 n
MAE = E Z |1’0,]' — rt,j| (7)
j=1
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Fig. 4. ANN structure used in this study.

R i1 (roj —70)(rej —rt)
\/2}1:1 (rej — 1) Lj (ro — 10)?

where: 1 is the number of database, g and rg is the ac-

®)

tual experimental value and the average real experimental
value, r; and r; is the predicted value and the average pre-
dicted value, calculated according to the model forecast.

4.2. Methodology

The present study is carried out based on the proposed
methodology that comprises four main steps as follows:

(1) Step 1: Data preparation: in this first step, sample
data are collected. Then, the dataset is divided into two
sets, one for constructing the model, called the training
dataset, and the other one for evaluating the estimated
model, called the testing dataset. The training dataset was
generated from 70 % of total data, whereas the testing
dataset was built from the 30 % remaining data.

(2) Step 2: Determination of input variables for each
model is performed. The selection of input variables is
experimental or based on the trial and error method. A
correlation analysis is performed, and no correlation be-
tween inputs has been found. Therefore, the original inputs
collected from the literature are used.

(3) Step3: Construction of the model: The architecture
of ANN is constructed and developped in this step.

(4) Step 4: Validation of the proposed models: in this

final step, the predicting ability for the proposed model
is evaluated. Furthermore, the predicted output are com-
pared with the actual data, and error is calculated. Statisti-
cal indicators, including R, RMSE, and MAE are employed
to validate the models.

5. Results and discussion

5.1. Daily rainfall

The ANN model uses the performance indicators to vali-
date the prediction: R, RMSE, MAE, mean of error (denoted
as Error_mean), and standard deviation error (denoted as
Error_std). Considering the daily rainfall forecast, the per-
formance indicators are shown in table 3 for both training
and testing datasets. This is the best result obtained over
50 simulations, selected based on the highest values of R
and lowest values of RMSE and MAE.

Table 3. Performance indicator of daily rainfall prediction
using ANN model.

Training dataset Testing dataset All dataset

RMSE 0.1831 0.2487 0.2050
MAE 0.0762 0.0932 0.0813
Error_mean 0.0005 -0.0080 -0.0021
Error_std 0.1832 0.2489 0.2051
R 0.9249 0.8063 0.8944

Figs. 5a, 5b shows the comparison between measured
and predicted daily rainfall for the training and testing
parts, respectively. Fig. 6 shows the error histograms be-
tween the actual and predicted values of daily rainfall pre-
diction with respect to the training part (a) and the testing
part (b). The range of error value is between [-1.5; 0.9]
and [-2.8; 1.0] for the training and testing parts, respec-
tively. However, most of the error between measured and
predicted daily rainfall are close to 0, with about 380 of
samples and 245 of samples for the training and testing
parts, respectively.

The correlation of predicted and measured daily rainfall
for (a) training data, (b) testing data, and (c) all data are
shown in Fig. 7a, 7b, and 7c, respectively. The regression
lines show that the prediction results are relatively close
to reality, proving the effectiveness of ANN in predicting
daily rainfall. Overall, the correlation coefficient R and the
error histograms show the prediction rainfall capability of
the proposed ANN model is high, with R=0.925, R=0.806
for the training, and testing parts, respectively.
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5.2. Monthly rainfall

The performance indicators for ANN prediction are shown
in table 4. It is found that the performance of monthly rain-
fall prediction is better than that of daily rainfall prediction.
That is clearly proved by the R, RMSE, and MAE values.
The predicted monthly rainfall is close to the measured
monthly rainfall (Fig. 8).

The better accuracy of ANN in predicting the monthly
rainfall than that of daily is also shown by the error values
between predicted and measured rainfall (cf. Fig. 9). The
range of error values is [-0.1; 0.1] and [-0.15; 0.12] for the
training and testing parts, respectively. Regarding monthly
rainfall prediction, the magnitude of the error value is
smaller than the daily prediction (i.e., 0.15 for monthly
rainfall compared with 1.5 for daily rainfall). The most

Table 4. Performance indicator of daily rainfall prediction
using ANN model.

Training dataset Testing dataset All dataset

RMSE 0.0359 0.0731 0.04980
MAE 0.0283 0.0578 0.0371
Error_mean -0.0053 -0.0144 -0.0080
Error_std 0.0360 0.0746 0.0498
R 0.9589 0.8012 0.9155

considerable magnitude of errors is 0.1 inches, whereas
that of daily prediction is about 1 inch. It can be concluded
that monthly rainfall prediction using ANN gives more
accurate results than daily rainfall prediction.

The monthly rainfall prediction is compared with mea-
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sured monthly rainfall through correlation graphs, shown
in Figs. 10a, 10b, and 10c for the training, testing, and all
data, respectively. The correlation of monthly prediction
case is better than the correlation of daily prediction.
Rainfall prediction is considered as a challenging task,
which has been addressed in many studies in the literature.
The values of performance metric of the proposed ANN
model is this study is significant compared with the rele-
vant literature. As for example, Kuligowski and Barros [40]
used back-propagation neutal network for rainfall predic-
tion and obtained a value of R of 0.549. Basides, Hung et
al. [41] used ANN and obtained a maximum value of R
of 0.88 for hourly rainfall prediction. Overall, the results
in this study show that the ANN model can be applied to
predict the daily and monthly rainfall with high accuracy.

6. Conclusion

In this investigation, the ANN model has shown its effi-
ciency in predicting and quantifying daily /monthly rain-
fall through 6 input parameters: temperature, dew point,
humidity, pressure, visibility, and wind speed. For the de-
velopment of the ANN model, 70 % of data is randomly
chosen for the training process, and the remaining 30 % of
data is chosen for the validation phase. The results show
that the ANN model is a promising algorithm to predict
daily rainfall. The values of the testing phase are 0.8063,
0.2487, and 0.0932 for R, RMSE, and MAE, respectively, for
the daily rainfall. The performance indicators of the testing
part are 0.8012, 0.0731, and 0.0578 for R, RMSE, and MAE,
respectively, for monthly rainfall. The results also show a
higher accuracy prediction of monthly rainfall than daily
rainfall. The results could help in constructing a reliable
soft computing tool to predict accurately and quickly the
daily and monthly rainfall.
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