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Long-term rainfall forecasting using deep neural network coupling with input variables
selection technique: A case study of Ping River Basin, Thailand
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Abstract

Long-term rainfall forecast is essential for water resources planning and management. Various approaches for forecasting have been
developed, however, the accuracy of the forecast is still not satisfied for real engineering practice, particularly for monthly rainfall
forecast with leading time of one-year ahead. This study aims to investigate the capability of the machine learning approach in the
forecasting of monthly rainfall by using Deep Learning Neural Network (DNN) as a tool for calculation. Ping river basin, situated in
the northern part of Thailand, was selected as a study area due to its availability of long time series of rainfall data. Six rainfall stations,
distributed over the river basin, were selected for analysis using monthly rainfall from 1975 to 2018. The stochastic efficiency (SE)
and correlation coefficient (r) were used for evaluation of model performance. Based on previous studies in this area, it has been
revealed that 24 large-scale atmospheric variables (LAV), which were used as predictors in the DNN model, have correlations with
seasonal rainfall over the Ping river basin. The result of the first simulation using all 24 LAV during the validation period (2009-2018)
in predicting monthly rainfall for six rainfall stations for one-year ahead indicates that DNN is capable of forecasting with an accuracy
of the forecast ranging from 58% to 72% with correlation coefficient from 0.59 to 0.82. Further improvement of the forecast was also
conducted by the input selection technique resulting in a reduction of input LAV from 24 to 13 LAV. The second simulation of DNN
with the input selection technique reveals that DNN provides better accuracy of the forecast for one-year ahead with the stochastic
efficiency of the forecast ranging from 69% to 78%, with correlation coefficient from 0.75 to 0.82 for all stations.
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1. Introduction

Accurate rainfall forecasting is imperative in planning and
management of water resources because it can convey valuable
information to mitigate natural hazards. Forecasting rainfall is
still a challenging task due to the complex atmospheric
phenomenon so far. Many methods had been already attempted
for forecasting rainfall in many parts of the world. In a reference
from the literature study of hydrological time series forecasting
of rainfall, artificial intelligence approaches namely artificial
neural network (ANN), support vector regression (SVR), support
vector machine (SVM), adaptive neuro-fuzzy inference system
(ANFIS) and time-delay neural network were most prominent
methods used in hydrology. The SVM and random forest were
implemented to forecast real-time radar derived rainfall with 1-3
hours ahead in Taiwan. Overall, the SVM performed better than
the random forest in all cases of the single-mode forecasting
model [1]. Advantages of the ANFIS model over the other neural
network models had been discussed in details for rainfall
forecasting. It had been revealed that the ANFIS model
outperformed in terms of performance [2, 3]. Another attempt to
give insights of the ANN model over the multiple non-linear
regression for the long-range forecast of Indian summer monsoon
rainfall in India had been conducted. The results showed that the
ANN model performed better than multiple non-linear regression
model [4].
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The ANN with back propagation method had been already
implemented for monthly rainfall forecasting in India with 1 and
2-months lead period [5] and in Iran [6]. The ANN with mutual
information technique was proposed to forecast rainfall in
Mumbai, India. The model with mutual information performed
better than the basic ANN model [7]. Global circulation model,
ANN and ANFIS were used for prediction of rainfall and
temperature changes in the long-term future over a Qassim, Saudi
Arabia. The global circulation model showed better performance
than other models [8]. The ANN with centripetal accelerated
particle swarm optimization algorithm, gravitational search
algorithm and imperialist competitive algorithm was proposed to
forecast monthly rainfall in Malaysia. The result revealed that
ANN consisting of centripetal accelerated particle swarm
optimization algorithm showed better performance compared to
the remaining algorithm with data preprocessing technique [9].
The ANN was proposed for forecasting Indian summer monsoon
rainfall in India. The result revealed that the proposed ANN was
able to predict the seasonal rainfall for the next 5 years in advance
[10]. Similarly, the ANN was formulated to forecast hourly
rainfall in Thailand with 1-3 hours in advance. Although ANN
was tested for up to 6 hours lead period, the result of the
simulation was acceptable for only up to 3 hours ahead [11].

Time-delay neural network and an autoregression integrated
moving average model were implemented to forecast heavy
monthly rainfall with a 1-month lead period for a flood-prone
area in Malaysia. The finding revealed that time-delay neural
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Figure 1 Ping river basin and rainfall stations location used in the study

network was capable of forecasting rainfall accurately than an
autoregression integrated moving average [12]. The ANN,
ANFIS and least square support vector machine were proposed
to predict precipitation in Turkey. The study revealed that ANN
performed better than the other models [13]. A recurrent neural
network and long short-term memory were implemented to
forecast monthly rainfall using long-sequential data in India.
Both models had the ability to forecast the rainfall, however, long
short-term memory outperformed the recurrent neural network in
terms of accuracy [14]. The ANN with backpropagation, radial
basis function and kriging method were proposed to predict
monthly precipitation in China. The outcomes revealed that
radial basis function performed better than the other models [15].

The ANN with feed-forward back propagation, cascade-
forward back propagation neural network, distributed time-delay
neural network and nonlinear autoregressive exogenous network
were proposed for forecasting daily rainfall with a one-day
advance in India. The findings of the study revealed that
nonlinear autoregressive exogenous network outperformed the
remaining models [16]. The SVM and ANN were implemented
to predict monthly precipitationin Iran. The results revealed that
SVM outperformed the ANN with higher capability of
forecasting [17]. The ANN being composed of a wavelet analysis
technique was proposed to forecast monthly rainfall in India. The
study revealed that ANN with the wavelet analysis model
performed better than simple artificial neural network and linear
autoregressive model [18].

A hybrid support vector regression model, being composed
of support vector regression and firefly algorithm, was
implemented to forecast monthly rainfall with 1-month ahead in
northwest Iran. The developed hybrid model outperformed basic

support vector regression model [19]. A novel hybrid intelligent
model, consisting of the ANFIS and firefly optimization
algorithm, was proposed to forecast monthly rainfall with one-
month lead time in Malaysia. Compared with performance
criteria, the hybrid model outperformed the standard ANFIS for
rainfall forecasting [20]. The SVM coupling with wavelet
analysis was proposed to forecast monthly rainfall with 1, 3 and
6-month lead period in China. Evaluation of results showed that
the proposed model was superior to that of simple ANN and
SVM for the different lead period due to wavelet transform effect
[21].

Recently, the capability of deep neural network (DNN)
model was tested for forecasting monthly rainfall over a Khlong
Yai river basin in the eastern region of Thailand. The result
revealed that DNN was able to forecast monthly rainfall with
acceptable accuracy for 3 months leading time of forecast [22].

In this study, it is aimed to investigate further development
and performance of DNN model in the forecasting of monthly
rainfall for one year ahead over the Ping river basin with
sufficient availability of time series for analysis.

2. Data collection and study area

Based on the advantage of DNN in learning of behavior of
historical data, river basin with long time series of rainfall data,
Ping river basin, was selected as a case study. Ping river basin,
covering a drainage area of about 35,000 square kilometers, is
situated in the northern part of Thailand. Amongst 30 rainfall
stations, distributed over the river basin, only 6 rainfall stations
as presented in Figure 1, were selected in this study due to their
reliability and consistency of data. Monthly rainfall data from
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Table 1 Statistics of monthly and annual rainfall during training period (1975-2008) and validation period (2009-2018) of six rainfall

stations used in the study

. . Annual
. Location Monthly Rainfall (mm) rainfall(mm)
Stations Phase No. of

Latitude Longitude Min. Mean Max. S.D Range déta Mean S.D
; Trainin 0 86 420 84 420 408 1034 201

A. Omkoi 17°47°24" N 98°21'36"N o9
(327008) Validation 0 90 296 78 296 120 1081 174
Trainin 0 94 846 107 846 408 1136 365

A. Samoeng 18°50' 24" N 98°4348"E o9
(327009) Validation 0 99 332 89 332 120 1188 152
Doi Bo Kaeo Seed Training 0 89 479 91 479 408 1075 213

Multiplication, A. Hot  18°8'60"N  98° 23' 24"E o

(327027) Validation 0 99 450 97 450 120 1184 216
Trainin 0 98 455 96 455 408 1150 222

Northern TMD 18°47'24"N 98°58 12"E ining
(327501) Validation 0 95 471 96 471 120 1140 201
; Trainin 0 82 339 80 339 408 985 164

Ban Ko, A. LI 17°38'60"N 98°46'12'E o9
(329006) Validation 0 59 287 64 287 120 713 177
Doi Chiang Dao Training 0 122 827 123 827 408 1469 358

Watershed Research ~ 19° 15'36" N 98° 58' 12" E o

Validation 0 116 451 115 451 120 1394 242

(327026)

Note. Min., Max., no., and S.D stand for minimum, maximum, number, and standard deviation, respectively.

Source: Thai Meteorological Department (2019)

these six rainfall stations during 1975-2018 were collected from
the Thai Meteorological Department. Time series of monthly
rainfall data was divided into two parts. The first part from 1975
to 2008 (around 77%) were used for analysis in training phase,
while the second one beginning from 2009 to 2018 (around 23%)
were used for the model validation process. Preliminary analysis
of rainfall characteristics over the river basin is presented in
Table 1.

3. Identification of large-scale atmospheric variables (LAV)
influencing rainfall over ping river basin

Several kinds of research had been conducted to investigate
the influence of large-scale atmospheric variables (LAV) on
seasonal rainfall over different river basins in Thailand. The
relationships between several LAV and seasonal rainfall over the
Nan river basin, situated in the north of Thailand, was analyzed
[23]. Followed by another study of relationships between a
variety of LAV and seasonal rainfall over Chi and Mun river
basins, which is located in the north-east of Thailand, was
conducted [24, 25]. Relationships between various LAV and
seasonal rainfall over the Tapee river basin, situated in the
southern part of Thailand, was also investigated [26]. Such
previous studies revealed that relationships between LAV and
seasonal rainfall varied from basin to basin and season to season.
However, the most common LAYV, which influenced seasonal
rainfall for all river basins, were Sea Level Pressure (SLP), Sea
Air Temperature (SAT), Surface Zonal Wind (u), and Surface
Meridian Wind (v) [23-26]. Generally, the LAV time series can
be retrieved from the Earth System Research Laboratory (ESRL).
There are varieties of LAV, each LAV is composed of many
atmospheric layers with different altitude from the earth. Each
value of LAV represents mean value over a grid cell of 2.5°
latitude x 2.5° longitude. The ERSL forecasts and provides
monthly LAV time series, covering the area between longitude
60°E to 160° E and latitude 20° N to 20° S.

In this study, the selection of LAV, to be input to the DNN
model, was based on the results of the analysis of the correlation
between seasonal rainfall over the Ping river basin and LAV.
Such analysis was conducted in another study. It was assumed in
a study that when the correlation coefficient between seasonal
rainfall and LAV was greater than 0.5, then such LAV was

identified to be LAV influencing rainfall over the river basin
[22]. Table 2 summarizes results from the analysis showing all
LAV that are selected to be input to the DNN model in this study.

4. Formulation of Deep Neural Network (DNN) model for
rainfall forecast

A soft computing technology such as artificial neural
network, which inspired by the function and structure of the
human brain, is a popular computational tool. The ANN
constitutes of neurons, which are simple processing elements
interconnected between the layers in the neural network. The
information obtained in the form of input signals from other
nodes or external stimuli in each node. Through an activation
function, the information is processed locally and the transferred
output signal is produced to other nodes or external outputs in the
nodes. Then, the external information is fed in the input layer.
Finally, the output is obtained in the output layer. Between the
input and output layer, one or more intermediate layers are
connected in the form of hidden layers. The layers are fully
connected through the nodes that act as a processing unit [27].
The ANN has been implemented over the past three decades in
hydrological time series data forecasting. As rainfall is nonlinear
in nature, one of the major points of ANN popularity is due to its
capacity to identify the relationship between input and output
without considering physical characteristics. When the data set
contains measurement errors with noise, the ANN can extract
valuable information with satisfactorily result [28]. The major
difference between the ANN and deep DNN is the number of
hidden layers in the neural network architecture. The ANN
contains a single hidden layer, whereas the DNN contains
multiple hidden layers. The DNN consists of a stack of multiple
perceptrons as shown in Figure 2. The hidden layers, consisting
more than two layers, had the capability of solving the complex
problems [29]. One of the tedious and complicated tasks is to fix
the number of hidden neurons. There is no universal and identical
rule for finding the optimal number of neurons in the hidden
layers. Trial and error method are conducted to determine the
optimal number of neurons [30-32]. For the implementation of
the DNN model in the current study, different numbers of
neurons in different hidden layers were simulated during the
training phase resulting in different models with different
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Table 2 Large-scale atmospheric variables used in the study
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Variable . Height Based on atmospheric Latitude Longitude
abbreviation Variable Name ’ pressure (milli barr; From To From To
AT1 Air temperature 200 -20°S -30°S 210°E 220°E
AT2 Air temperature Surface -5°S -15°S 210°E 220°E
AT3 Air temperature 1000 -20°S -25°S 90° E 100° E
GH1 Geopotential Height 925 5°N -5°8S 230°E 250°E
GH2 Geopotential Height 925 -20° S -25°S 150° E 165° E
GH3 Geopotential Height 850 -25° S -35° S 75°E 85° E
MW1 Meridional Wind 200 0°Ss -5°S 120°E 130°E
MW?2 Meridional Wind 150 25°N -30°S 80°E 85°E
MW3 Meridional Wind 10 25°N 20°N 120°E 130°E
01 Omega 400 0°E -5°S 115°E 125°E
P1 Pressure Surface 20°N 25°N 130°E 140° E
P2 Pressure Surface -15° S -25°S 160° E 170°E
P3 Pressure Surface -25°S -35°S 75°E 85°E
PW1 Precipitable Water 850 0°E -10° S 115°E 125°E
RH1 Relative Humidity 850 -5°S -10° S 110°E 25°E
RH2 Relative Humidity 850 -15° S -25°S 125°E 130°E
SLP1 Sea level pressure Surface 15°N 20°N 130°E 140°E
SLP2 Sea level pressure Surface -15°S -25°S 160° E 170°E
SLP3 Sea level pressure Surface -25°S -35°S 75°E 85° E
SST1 Sea surface temperature Surface 5°N 10°N 120°E 130°E
SST2 Sea surface temperature Surface -15°S -20°S 55° E 66° E
ZW1 Zonal wind 150 0°E 10°S 130°E 145°E
ZW?2 Zonal wind 925 -10° S -15° S 160°E 170°E
ZW3 Zonal wind 850 -25° S -30°S 95°E 100° E
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Figure 2 Deep learning neural network architecture [22]

numbers of neurons in five hidden layers. The time series data
was divided in to two parts. Data from 1975 to 2008 for training
phase (around 77%), while validation phase starting from 2009
to 2018 (around 23%). Google TensorFlow was used for deep
neural network framework. The configuration of deep neural
network has been performed with Language: Python 3.6, CPU:
Intel core i7-7700 @ 3.60 GHz, RAM: DDR4 @ 16 GB, GPU:
NVIDIA GeForce GT 730, and Library: Google TensorFlow
1.14.0.

4.1 Feed-Forward propagation

Input layer is feed from external data and output layer feeds
data to external destination. At first, multiplication of each input
node with random weight takes place. In the input layer, the input
is received in each node with some random multiple weight.
Through the activation function in each node, the summation of

Back-propagation of error

input and weight with bias takes place with the output. Likewise,
for the other nodes in remaining layers, the same procedure
occurs until in the output layer. The output is obtained in the
hidden node as represented in the Eq. 1. The activation function,
sigmoid function, is applied in each node as presented in Eq. 2.
Error in the output node is obtained as shown in Eq. 3.

N
h.= c(z.]—c 3 w..X..tb. 1)
T ) A il T A
o=—" @
l+e'zj

~Liory 3
E 2(OP) ®)
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where o is an sigmoid activation function, z; is network input
node of sigmoid activation function on hidden node j, b;
represents bias on hidden node j, x;; indicates input of i value on
hidden node j, w;; denotes weight of i value on hidden node j, h;

represents output on hidden node j, O is observed output, and P
is target output.

4.2 Backward propagation

The back-propagation algorithm dated back to 1960s but it
gained popularity in 1986 [33]. In the back-propagation, the
weights of the connections are adjusted to minimize the error
between observed and target output. The back-propagation
technique follows the gradient of network error to adjust weight
in backward from output to input using the chain rule of
differential calculus. The mathematical representation of
backward propagation is shown in the following equations.
Equation 4 shows the change of weight whereas Eq. 5 represents
the updated weight in a network.

3, =2 =(0P)h= (0-9)2,(1-2,)2, @

+dw.. (%)

Where SWU represents change of weight i value at hidden node j,
h]f is a derivative of activation function at hidden node j, z]-’ is
called derivative of network at node j, Whew, Presents new
weight of i value at hidden node j, and Wold;; is old weight of i

value at hidden node j.

In this study, the DNN model was implemented for each
rainfall station using monthly rainfall data from 1975 to 2008 for
the training process of the model. All 24 LAV, preliminary
screened as mentioned in the previous section (Table 2), were
used as input to the DNN model for all rainfall stations.

Once the DNN model was already trained for all rainfall
stations from 1975 to 2008, the DNN model was used to forecast
monthly rainfall for each station from 2009 to 2018 varying the
leading time of forecast for 1, 3, 6 and 12-months to evaluate the
performance of the model.

5. Model evaluation criteria

There are several model evaluation techniques to explore
performance of model such as root mean square error (RMSE)
[3], mean absolute error (MAE) [6], Nash-sutcliffe efficiency
(NSE) [7], performance parameter (PP) [10], efficiency index
(EIl) [11], mean absolute percentage error (MAPE) [2], and
correlation coefficient (r) [10] between measured data and
computed value from model. Selection of model evaluation
method depends on objective of study since each method has its
own manipulation to explore errors or accuracy of forecast for
specific purpose.

In this study two methods of model evaluation were selected.
Firstly, stochastic efficiency (SE) of forecast was adopted to
investigate how many times the forecasted rainfall falling within
the observed value plus and minus standard deviation for the
whole experimental events [22]. Secondly, correlation
coefficient (r) was used to explore how well the forecasted
rainfall associate with the observed rainfall [10].

5.1 Stochastic efficiency (SE)

Stochastic efficiency (SE) is an index that describes the
accuracy of forecasted monthly rainfall within the standard
deviation of observed rainfall for the particular month in terms of
percentage. Higher the percentage of the forecast, the higher will
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be the accuracy of the model and vice versa. The zero percentage
shows the poor capability of a forecasting model, while 100%
denotes the maximum accuracy of the forecast. To calculate the
stochastic efficiency, the following condition needs to be
satisfied as presented in Eq. 6. Similarly, the stochastic efficiency
is obtained as per Eq. 7.

ROM;,; —c; < RPM;; < ROM;; + o, (6)

[ R
o P .
Stochastic efficiency (SE) = ﬁ*loo% ()

Where RPM;;; is forecasted monthly rainfalli (i=1....12) in year
j ( = 2009-2018), ROM;; is observed monthly rainfall i (i =
1....12) in year j (j = 2009-2018), o; is standard deviation of
monthly rainfall in month i (i = 1...12) during the years 2009-
2018, P is a number of forecasted monthly rainfalls being in
between mean observed monthly rainfall plus and minus standard
deviation of monthly rainfall and N is the total number of rainfall
observations for the validation period 2009-2018 i.e. 12 * 10 =
120 in this case.

5.2 Correlation coefficient (r)

Correlation coefficient is often used in numerous researches
for model evaluation in hydrology applications to investigate the
strength of relationship between two variables, which are the
computed output by the model and the observed data. Its value
ranges from -1 to +1. Perfect positive relationshipis indicated by
+1, while perfect negative relationship is indicated by -1 and zero
means there is no relationship. In this study, linear relationship
between the forecasted monthly rainfall and the observed
monthly rainfall was aimed to be measured. Therefore, the
correlation coefficient was selected, which can be calculated by
the following formula shown in Eq. 8.

Correlation coefficient (r) = L

®

Where P, is predicted rainfall of month i (i= 1....12) in the year
2009 to 2018, 0; is observed rainfall of month i (i=1....12) in
the year 2009 to 2018, N is total number of forecasted monthly
rainfalls during 2009 to 2018, i.e., 12 * 10 = 120.

6. Performance of basic DNN model

Table 3 presents the performance of the DNN model in
forecasting monthly rainfall over the Ping river basin during the
period of validation (2009-2018). Simulations of the DNN model
were conducted for all six rainfall stations, varying the leading
time of forecast from 1, 3, 6 to 12 months. Figure 3 presents the
plot of stochastic efficiency values for all stations for all leading
time of forecast. It clearly shows that the performance of forecast
in terms of stochastic efficiency decreases when the leading time
of forecast increases for all cases (see Figure 3). The best
performance of forecast is obtained at a one-month leading time
of forecast at. A. Samoeng station with value of stochastic
efficiency equal to 79.2% and correlation coefficient equal to
0.80. For long term forecast, i.e., one-year ahead, the best
performance was also found at A. Samoeng station with value of
stochastic efficiency equal to 71.7% and correlation coefficient
equal to 0.82 (see Table 3). The lowest performance of model
was found at A. Omkaoi station with value of stochastic efficiency
for one-month lead period equal to 68.3% and correlation
coefficient equal to 0.72,and for 12-months leading time with
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Table 3 Performance of deep neural network in forecasting of monthly rainfall up to one year ahead over Ping river basin during

validation period (2009-2018)

Engineering and Applied Science Research 2021;48(2)

Lead period

Stations 1-month 3-months 6-months 12-months

S.E r S.E r S.E r S.E r
A. Samoeng 79.2 0.80 73.3 0.81 72.5 0.78 71.7 0.82
A. Omkoi 68.3 0.72 65.8 0.67 60.8 0.66 58.3 0.59
Doi Bo Kaeo Seed Multiplication, A. Hot 70.0 0.68 68.3 0.65 67.5 0.68 63.3 0.68
Northern TMD 75.8 0.72 73.3 0.69 70.0 0.69 69.2 0.67
Ban Ko, A. Li 74.2 0.67 71.7 0.74 67.5 0.73 65.0 0.74
Doi Chiang Dao Watershed Research 69.2 0.80 67.5 0.81 65.0 0.79 63.3 0.79

value of stochastic efficiency equal to 58.3% and correlation
coefficient equal to 0.59. The second highest performance of
model was found at Northern TMD station, followed by Ban Ko
A. Li station, then Doi Bo Kaeo Seed Multiplication A. Hot
station and Doi Chiang Dao Watershed Research station with
stochastic efficiency values equal to 69.2%, 65.0%, 63.3% and
63.3% respectively for one-year ahead forecast (see Table 3).

An attempt to explain the behavior of DNN model by using
characteristics of rainfall was conducted. Based on characteristic
of monthly rainfall, presented in terms of statistical parameters
during training and validation period of all six rainfall stations as
shown in Table 1, it has been remarked that A. Samoeng station,
whose stochastic efficiency is highest, has higher standard
deviation of monthly rainfall (S.D=107) than A. Omkoi station,
whose stochastic efficiency is lower (S.D=84). It has been also
noted that A. Samoeng station, whose stochastic efficiency is
highest, has higher range of monthly rainfall (0-846 mm) than A.
Omkoi station with a lower range of monthly rainfall (0-420
mm). However, for others four rainfall stations, Northern TMD,
Ban Ko A. Li, Doi Bo Kaeo Seed Multiplication A. Hot and Doi
Chiang Dao Watershed Research station, their values of S.D are
not ranked systematically which are 96, 80, 89 and 123
respectively. The range of monthly rainfall stations of these
rainfall stations varies from station to station which are (0-455
mm), (0-339 mm), (0-479 mm) and (0-827 mm) for Northern
TMD, Ban Ko A. Li, Doi Bo Kaeo Seed Multiplication A. Hot
and Doi Chiang Dao Watershed Research stations respectively.
The basic statistical properties of monthly rainfall are not
corresponding to ranking of performance of model; therefore, it
cannot be used to explain behavior of model performance
represented by stochastic efficiency in this particular case.

Nevertheless, based on the values of stochastic efficiency,
ranging from zero to 100%, all of the stations provide stochastic
efficiency more than 50% for all cases. It implies that forecasted
monthly rainfall are acceptable correct (forecasted value falling
in between observed value plus and minus standard deviation)
with more than 50% of correct forecasted events.

7. Improvement of accuracy of forecast using input selection
approach

Input variables selection methods are categorized in three
types i.e. wrapper, embedded and filter approach. In any data-
driven statistical model, the selection of optimal input variables
is fundamental and crucial steps. Machine learning model, such
as the ANN model, is often developed without considering the
effect of input variables on model performance [34]. Selecting
the appropriate relevant and elimination of irrelevant feature are
central issues in machine learning [35]. Through the input
selection approach, only relevant input variables are taken
into consideration [34, 35]. The neural network-based model
performs more accurately once the optimal set of input variables
isidentified [34]. More comprehensive literature context on input
variables selection techniques can be further studied for details
[34-36]. Input variables selection approach using the neural
network was already implemented in hydrology for streamflow
forecasting [37] and rainfall forecasting [38]. Data driven models

using input selection methods improved the performance
significantly [37, 38]. To select the optimal input variables before
formulating the final DNN model for rainfall forecasting, the
input selection technique, filter approach, was used in this study
because filter approach excludes irrelevant attributes and
independent to algorithm. Moreover, it evaluates every
individual feature on the basis of high correlation with the output
[34, 35].

The effort of improvement of accuracy of the forecast was
conducted in this study. More predictive variables, to be an input
of the DNN model, were selected by ranking performance of
forecast of each individual variable one by one for each station.
Performance of forecast was measured by stochastic efficiency
and correlation coefficient. As described earlierin performance
evaluation criteria section, values of stochastic efficiency ranges
from 0% to 100%, therefore, it was considered that variable
having stochastic efficiency (SE) of forecast greater than 50%
was more predictive variable than variables having stochastic
efficiency less than 50%. Therefore, such assumption was used
as the criteria for selecting the variables having SE values greater
than 50% to be input to the DNN model [22]. In this particular
case, it was assumed that LAV with SE value from 55% and
higher was good enough to influence monthly rainfall, as an
output of the DNN model.

Table 4 presents the ranking of the stochastic efficiency of
each input as the input to the DNN model in forecasting monthly
rainfall for one month ahead during the validation period (2009-
2018). Based on selection criteria of input, with SE greater than
55%, 14 LAV were selected as input to DNN model, which are
Air temperature (AT2, AT3), Sea Surface Temperature (SST1,
SST2), Zonal wind (ZW1, ZW2, ZW3), Meridian Wind (MW,
MW?2), Relative Humidity (RH1, RH2), Precipitable Water
(PW1), Geopotential Height (GH2) and Omega (O1). It was also
remarked that monthly rainfall at the station itself (IRF) with a
lagging time of one month was also included in this performance
analysis. The results of the analysis, as presented in Table 4,
showed that there existed a relationship between previous rainfall
and present rainfall for all of the rainfall stations, therefore,
monthly rainfall at its own station with different lagging time,
depending on leading time of the forecast, were included as input
to DNN model. Analysis of the best combination of selected
LAV input to the DNN model was conducted at each rainfall
station.

For each combination of selected LAV as well as previous
monthly rainfall, simulation of the DNN model, during the
validation period (2009-2018), was conducted in order to
determine the best architecture of DNN, providing the best
performance of forecast. Table 5 illustrated the best architecture
of the DNN model for each combination of LAV input.

A comparison of the performance of different DNN models,
as shown in Table 5, at each station was done by using stochastic
efficiency (SE) of the forecast and correlation coefficient (r) as
criteria. Table 6 summarized the performance of different DNN
models in forecasting monthly rainfall with a one-month leading
time of forecast for all stations. It has been revealed that best
performance exhibited by Model 13 at A. Samoeng station with
value of stochastic efficiency equal to 85% and correlation
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Table 4 Performance of each LAV in forecasting of monthly rainfall for one month ahead over Ping river basin during validation

period (2009-2018)

Doi Chiang Dao

Doi Bo Kaeo Seed

Rank A. Samoeng A. Omkoi Watershed Multiplication, A.  Northern TMD Ban Ko, A. Li
Research Hot
LAV SE r LAV SE r LAV SE LAV SE r LAV SE r LAV SE r
1 AT3 842 082 MW2 725 066 IRF 717 077 IRF 75.0 0.69 SST2 76.7 0.74 IRF 75.8 0.75
2 ZW2 833 0.80 SST2 717 0.70 zZW2 70.8 0.84 MW2 750 0.71 MW1 758 0.77 ZW2 74.2 0.75
3 MWl 783 0.79 zZw2 717 0.71 AT3 683 078 zZW2 742 0.76 AT3 742 075 MW1l 70.8 0.67
4 MW2 783 0.75 AT3 70.8 0.72 MWLl 675 0.77 MW1 717 071 MW2 742 0.71 AT3 70.0 0.73
5 IRF 775 0.72 GH2 70.8 0.68 MW2 675 0.73 SST2 69.2 0.70 zZW2 73.3 0.74 MW2 70.0 0.67
6 SST2 75.8 0.80 MW1 70.0 0.64 SST2 66.7 080 AT3 675 0.65 IRF 71.7 0.68 SST2 66.7 0.76
7 RH2 742 0.75 RH2 675 0.67 RH2 625 0.75 GH2 675 059 Pwl 708 0.70 AT2 65.8 0.60
8 PW1 725 0.77 IRF 658 068 SST1 625 0.71 RH2 675 062 GH2 69.2 0.69 GH2 64.2 0.62
9 RH1 725 0.73 SST1 65.0 0.61 GH2 608 0.64 PWl1 658 0.66 RH1 658 070 RH2 633 0.67
10 SST1 725 0.75 Pw1l 617 069 RH1 59.2 0.74 RH1 658 0.64 SST1 65.8 0.65 ZW3 61.7 043
11 AT2 708 0.74 RH1 583 066 PW1l 575 075 AT2 625 063 ZW3 658 0.63 RH1 60.8 0.64
12 GH2 708 0.74 AT2 575 057 ZW1 56.7 055 SST1 60.0 0.62 RH2 64.2 0.70 SST1 60.0 0.58
13 ZW3 625 0.49 ZW1 56.7 042 AT2 558 0.65 ZW3 56.7 051 AT2 575 0.62 PW1l 558 0.63
14 ZW1 575 0.46
15 01 558 0.52
Table 5 Architecture of DNN model with different combination of LAV input
No. of Architecture of DNN
Model Input combination - (number of neurons in
variables -
each hidden layer)
1 AT3 1 [12,4,4,4,4,4,1]
2 AT3, ZW2 2 [24,8,8,8,8,8,1]
3 AT3, ZW2, MW1 3 [36, 12,12, 12,12,12,1]
4 AT3, ZW2, MW1, MW2 4 [48, 16, 16, 16, 16, 16, 1]
5 AT3, ZW2, MW1, MW2, IRF 5 [60, 20, 20, 20, 20, 20, 1]
6 AT3, ZW2, MW1, MW2, IRF, SST2 6 [72, 24, 24, 24, 24, 24, 1]
7 AT3, ZW2, MW1, MW2, IRF, SST2, RH2 7 [84, 28, 28, 28, 28, 28, 1]
8 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1 8 [96, 32, 32, 32, 32,32, 1]
9 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1 9 [108, 36, 36, 36, 36, 62, 1]
10 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1, SST1 10 [120, 40, 40, 40, 40, 40, 1]
11 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1, SST1, AT2 11 [132, 44,44, 44, 44, 44, 1]
12 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1, SST1, AT2, GH2 12 [144, 48, 48, 48, 48, 48, 1]
13 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1, SST1, AT2, GH2, ZW3 13 [156, 52,52, 52, 52, 52, 1]
14 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1, SST1, AT2, GH2, ZW3, ZW1 14 [168, 56, 56, 56, 56, 56, 1]
[

15 AT3, ZW2, MW1, MW2, IRF, SST2, RH2, PW1, RH1, SST1, AT2, GH2, ZW3, ZW1, O1 15

180, 60, 60, 60, 60, 60, 1]

Remark: IRF is monthly rainfall station at corresponding station with lagging time

coefficient equal to 0.83, while the lowest performance recorded
by Model 11 at Doi Chiang Dao Watershed research station with
value of stochastic efficiency equal to 74.2% and correlation
coefficient equal to 0.81 (see Table 6). It was also revealed that
the best DNN model varied from station to station with a different
combination of LAV.

The best DNN model, with a different combination of LAV,
at each station was then used to forecast monthly rainfall with a
different leading time of the forecast, i.e., 1, 3, 6 and 12-months.
Stochastic efficiency of forecast at each station for all cases was
manipulated and compared with the result obtained previously
from the DNN model without the input section technique as
presented in Figure 3.

It has been revealed that the input selection technique can
improve the accuracy of the forecast in all rainfall stations (see
Figure 3). Based on the value of stochastic efficiency as
performance of forecast criteria (see Table 3 and Table 7), DNN
model with input selection technique performs better than DNN
model without input selection technique with higher value of
stochastic efficiency for all leading time of forecast. For each
rainfall stations, performance of forecast of DNN model

technique decreases when leading time of forecast increase as
shown in Figure 3.

For one-year leading time of forecast, where performance of
forecast is lowest for all stations, similar results were obtained.
Performance of forecast for one-year ahead was highest at A.
Samoeng station with value of stochastic efficiency equal to
77.5% and correlation coefficient equal to 0.82. The lowest was
obtained at Doi Chiang Dao Watershed Research and Doi Bo
Kaeo Seed Multiplication A. Hot station with value of stochastic
efficiency equal to 69.2% (see Table 7).

Based on the value of stochastic efficiency as model
performance index, varying from zero to 100 percent of accuracy
of forecast, stochastic efficiency greater than 50% means more
than 50% of event are acceptable with the forecasted value falling
in between observed value plus and minus standard deviation.
Therefore, criteria used in this study is that when value of
stochastic efficiency of model greater than 50%, the performance
of model is acceptable.

For all rainfall stations, performance of model of all leading
time is acceptable (see Figure 3 and Table 7) with values of
stochastic efficiency greater than 50%. However, performance of
model in forecasting varies from stationto station. The highest
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Table 6 Stochastic efficiency of monthly rainfall forecast for 1-month leading time of forecast provided by different DNN models

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
A. Samoeng SE 833 850 80.0 80.0 742 76.7 80.8 80.0 80.0 80.8 77.5 80.8 850 83.3 83.3
r 083 081 08l 074 077 0.78 0.77 0.76 0.78 0.79 079 0.81 0.83 0.81 0.82
A. Omkoi SE 700 717 742 750 750 742 733 73.3 742 733 70.8 742 733
r 065 067 0.68 069 073 0.72 0.73 0.71 0.68 0.7 0.68 0.71 0.69
Doi Bo Kaeo Seed
Multiplication, A Hot  SE 725 675 658 683 692 650 7L7 7L7 717 725 733 725 750
r 062 058 0.62 066 0.66 067 0.73 074 073 0.74 0.75 0.74 0.72
Northern TMD SE 767 792 792 725 80.0 725 775 79.1 783 76.7 80.0 775 758
r 075 076 0.75 074 076 0.7 0.74 075 0.75 0.73 075 0.74 0.74
Ban Ko, A. Li SE 742 75 717 69.2 69.2 69.2 69.2 79.2 78.3 77.5 79.2 76.7 76.7
r 073 076 0.72 0.66 071 0.60 0.72 0.75 0.74 0.78 0.77 0.74 0.78
Doi Chiang Dao SE 683 700 67.2 742 700 725 725 742 73.3 742 742 717 70.8
Watershed Research
r 078 077 0.74 0.76 0.75 0.76 0.75 0.78 0.78 0.80 0.81 0.79 0.8

Table 7 Stochastic efficiency of monthly rainfall for 1 month, 3 months, 6 months, and one-year leading time of forecast during
validation period (2009-2018)

Lead period
Stations Model 1-month 3-months 6-months 12-months
S.E r S.E r S.E r S.E r
A. Samoeng 13 85 0.83 84.2 0.81 825 083 775 0.82
A. Omkoi 5 75 0.73 73.3 0.72 725 069 717 0.70
Doi Bo Kaeo Seed Multiplication, A. Hot 13 75 0.72 72,5 0.76 70.0 075 69.2 0.77
Northern TMD 5 80 0.76 76.7 0.73 733 073 725 0.76
Ban Ko, A. Li 11 79.2 0.77 78.3 0.8 758 076 725 0.75
Doi Chiang Dao Watershed Research 11 74.2 0.81 71.7 0.81 70.0 081 692 0.81
A. Omkoi A. Samoeng Ban. Ko, A. Li
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Figure 3 Performance of DNN model with and without input selection technique for different leading time of forecast
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Figure 4 Correlation coefficient comparison of observed and forecasted rainfall for 1-month lead period for validation period 2009-

2018

performance is at A. Samoeng station (with stochastic efficiency
equal to 85% for one-month lead period and stochastic efficiency
equal to 77.5% for 12-months leading time) as shown in Figure
3. The second-best performance recorded at Ban Ko A. Li and
Northern TMD, then A. Omkoi, followed by Doi Bo Kaeo Seed
Multiplication A. Hot and Doi Chiang Dao Watershed Research
station for 12-months leading time in the descending order of
stochastic efficiency. The lowest performance of forecast was
found at Doi Chiang Dao Watershed Research station with value
of stochastic efficiency equal to 74.2% for one-month leading
time and stochastic efficiency equal to 69.2% for 12-months
leading time.

It has been revealed that association between observed and
forecasted monthly rainfall was improved when DNN model
coupling with input selection technique for all stations (see
Figure 3, Table 3, Table 7) for all lead periods of forecast. For
example, Table 3 and Table 7 revealed that correlation
coefficients between observed and forecasted monthly rainfall
for 12-months lead period of basic DNN models have values
from 0.59 to 0.82, which increased between 0.70 to 0.82 when
DNN model coupling with input selection technique was used for
simulation.

Figure 4 presents scatter plots as well as correlation
coefficient between observed and forecasted monthly rainfall for
one-month lead period. It reveals that DNN model coupling with
input selection technique provides better association between
observed and monthly rainfall for all stations with increasing in
values of correlation coefficients. Figure 5 presents example

plots of time series of observed and forecasted monthly rainfall
for one-month lead period for three stations. It has been noticed
that low performance occurred with extremely high rainfall.

8. Discussion

Based on model evaluation parameters in this study, which
are stochastic efficiency and correlation coefficient, the results
show that the proposed input selection technique with Deep
Neural Network can improve model performance in all stations
for all different leading time of forecast. This is because only
more predictive variables are selected to be input to the model.
However, the optimum number of input variables to the DNN
model cannot be observed systematically in this study for all
stations. Table 5, presenting how the number of input variables
affect the accuracy of forecast, reveals that there is no association
between number of input variables with stochastic efficiency, nor
correlation coefficient at each station. The optimum number of
input variables varies from station to station, resulting in different
DNN model for different stations (see Table 5). However, there
exist the same optimal number of input variables at A. Omkoi
and Northern TMD stations with five input variables, Ban Ko A.
Li, Doi Chiang Dao Watershed Research stations with 11 input
variables, and A. Samoeng and Doi Bo Kaeo Seed Multiplication
A. Hot stations with 13 inputs variables.

Considering rainfall characteristics in the study area,
presented by basic statistical properties of monthly and annual
rainfall at each stationsin Table 1, itshows that mean monthly
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Figure 5 Comparison between observed and forecasted rainfall for 1-month lead period during validation period 2009-2018

rainfall are not much different for both in training period and
validation period varying from 86 mm to 122 mm except for Ban
Ko A. Li where mean monthly rainfall is lowest with value of 59
mm in validation period and 82 mm in training period. However,
for extreme values of monthly rainfall, there exists high
differences at A. Samoeng station with maximum monthly
rainfall equal to 846 mm and Doi Chiang Dao Watershed
Research station with maximum monthly rainfall equal to 827
mm. The other stations have similar maximum monthly rainfall
of value ranging from420 mm to 479 mm (except at Ban Ko A.
Li station where maximum monthly rainfall equal to 339 mm).
This implies high variation in extreme value in the study area.

Nevertheless, standard deviations of monthly rainfall are not
much different for all stations. For interannual variation of
rainfall at each station, there is variation, represented by standard
deviation of annual rainfall, from 201 mm to 365 mm. The
difference of model performance at each station cannot be
described by these basic statistical properties of rainfall in this
case study.

Typically, the DNN model, as Artificial Intelligence (Al)
approach model, is dependent on the range (minimum and

maximum) of the training data set, and in case that the validation
data set differs in the range of training data, the performance of
model decreases. In this study, the problem of out-of-range does
not occur due to the sufficient long time series in training data
covering the extreme value in validation period as shown in Table
1, where maximum monthly rainfall in validation period is lower
than that of training period of all stations.

However, Figure 5, showing comparison between observed
and forecasted monthly rainfall for one-month leading time of
forecast for three rainfall stations as examples, reveals that DNN
model always underestimate the extreme values for all stations.
Similar remark was found in Figure 4, showing scattered plot
between observed and forecasted monthly rainfall for one-month
leading time for all stations. It has been observed from Figure 5
that forecasted monthly rainfall are often underestimated where
its value exceeds its mean plus standard deviation. The model
tries to minimize overall error of forecast by forecasting not far
from mean plus standard deviation. The model, proposed in this
study, is not appropriate for flood forecasting. However,
comparison of scatter plots between results obtained in case of
basic DNN model and DNN model with input selection technique
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for all station, presented in Figure 4, reveals that the proposed
technique can improve the estimation of extreme rainfall with the
values closer to observed one than case of basic DNN model.

9. Conclusions

Investigating the capability of the machine learning approach
in the forecasting of monthly rainfall for the long-term by using
Deep Learning Neural Network as a computational tool was
conducted in the study. Ping river basin, situated in the northern
part of Thailand, with the availability of reliable and consistent
monthly rainfall time series for 6 rainfall stations, was selected
as a case study. Influential 24 large-scale atmospheric variables,
retrieved from their high correlation with seasonal rainfall over
the river basin, were used as input to the DNN model. Acceptable
accuracy of long-term forecast for one-year ahead was obtained
with the value of stochastic efficiency of forecast varied from
58% at A. Omkoi station with correlation coefficient equal to
0.59 to 72% at A. Samoeng station with correlation coefficient
equal to 0.82. Further improvement of accuracy of the forecast
was performed by using the input selection technique to screen
only the most predictive large-scale atmospheric variables to be
input to the DNN model. Results of simulation of DNN model
coupling with the input selection technique showed that
improvement of accuracy of the forecast was achieved for one-
year leading time of forecast with stochastic efficiency of
forecast ranging from 69% at Doi Chiang Dao Watershed
Research station with correlation coefficient equal to 0.81 to 78%
at A. Samoeng station with correlation coefficient equal to 0.82.
Moreover, the best performance was obtained for one-month
leading time of forecast with stochastic efficiency of forecast
ranging from 74% at Doi Chiang Dao Watershed Research
station with correlation coefficient equal to 0.81 to 85% at A.
Samoeng station with correlation coefficient equal to 0.83.

However, variation in both predictive LAV as input to DNN
model and model architecture for each rainfall station reflects
characteristics of the black-box model, which cannot be used to
describe the physical meaning and mechanism of natural
processes. Nevertheless, the DNN model coupling with the input
section technique, developed in this study, can be an alternative
approach for water resources management and planning. Further
study for improvement of accuracy of the long-term forecast as
well as the application of a model for water resources planning
and drought warning system will be conducted to make the model
more useful for sustainable development.
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