J\"‘ Irrigation Sciences and Engineering (JISE) Vol. 43, No. 2, Summer 2020, Original Paper, p. 1-18

Shahid Chamran
Universily of Ahvaz

EXTENDED ABSTRACT

Evaluating the Performance of Time-Series, Neural Network and
Neuro-Fuzzy Models in Prediction of Meteorological Drought
(Case study: Semnan Synoptic Station)

M. Sadeghian!, H. Karami? and S. F. Mousavi®”

1- MSc., Faculty of Civil Engineering, Semnan University, Semnan, Iran.

2- Assistant Professor, Faculty of Civil Engineering, Semnan University, Semnan, Iran.

3~ Corresponding Author, Professor, Faculty of Civil Engineering, Semnan University, Semnan,
Iran (fmousavi@semnan.ac.ir).

Received:25 April 2016 Revised: 2 October 2017 Accepted: 9 October 2017

Keywords: Prediction of drought, Time-series model, Artificial neural network (ANN), Adaptive neuro-
fuzzy inference system (ANFIS), Semnan city.
DOI: 10.22055/jise.2017.17729.1283.

Introduction

Drought phenomenon is one of the natural and creeping disasters, which occurs in almost every
climate and its properties vary spatially. A considerable number of scientific research has been
done on drought in Iran and throughout the world. These studies have examined various aspects of
drought. Through such research and knowledge effective and efficient solutions could be found to
deal with good management of drought. Since Iran is located in an arid region of the world,
nowhere in the country is immune from this phenomenon. This research has attempted to present
appropriate models to predict drought for the city of Semnan, Iran.

Methodology

We used time series, artificial neural networks (ANNSs), and adaptive neuro-fuzzy inference
system (ANFIS) to predict drought for the city of Semnan. To show drought quantitatively, the SPI
index was chosen, which was published in 1993 by McKee et al. (1993). For these modeling
processes, meteorological parameters of average monthly rainfall (P), average monthly
temperature (T), average monthly minimum temperature (Tmin), average monthly maximum
temperature (Tmax), average monthly relative humidity (RH), average monthly minimum relative
humidity (RHmin), average monthly maximum relative humidity (RHmax) and SPI drought index
were used during the 1966-2013 period. The antecedent values of these parameters were also taken
for modeling and were considered output in time t+1 for intelligent models of SPI. Prediction of
drought was conducted in a six-month time scale. About 80% of the data was used in the training
phase and 20% in the test phase. After reviewing past published research, modeling of time series
by seasonal ARIMA model was performed. This model is an important practice and valid to
simulate and predict climatic parameters. Another method is artificial neural network, which is one
of the most dynamic fields of research in the contemporary era. In this study, two types of
multilayer perceptron neural network (MLP) and radial basis function (RBF) neural network were
applied. To perform modeling by ANFIS, Sugeno Fuzzy Systems and Gaussian and bell-shape
membership functions were used, too. Besides, we considered subtractive clustering method for
production rules and hybrid learning algorithm for training and educational courses (Epoch).

Results and Discussion

We reviewed all methods in modeling by different combinations of each input parameter. The
results showed that the time series model had better performance with respect to other methods.
ANFIS and ANN models ranked next. Finally, ARIMA(1,0,0)(1,0,1)s model was selected as the
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best model and RMSE, MAE, R and Akaike criterion of 0.442, 0.341, 0.889 and -562.83,
respectively, at training stage, and RMSE, MAE and R of 0.521, 0.385 and 0.846, respectively, at
testing stage were obtained. Among the input parameters, the SPI drought index and its previous
values had better performance.

By employing this model, the SPI values were predicted for the next 12 steps. Comparison of
neural networks showed that feed-forward neural networks with back propagation algorithm
(MLP) had more suitable performance than the radial basis function (RBF). MLP model with five
parameters, SPI drought index of the present month and previous 4 time lags, 10 neurons in the
hidden layer with sigmoid function had good performance in both training and testing phases. Also,
as was expected from the reviewed research, adaptive neural fuzzy inference system (ANFIS) had
more suitable performance with respect to neural network model. It was consistent with other
research such as Bacanli et al. (2008), Komasi et al. (2012) and Shirmohammadi et al. (2013).
Finally, modeling by ANFIS with five parameters, SPI drought index of this month and amounts
of the previous 4 time lags and bell-shape membership functions were selected because they
showed better performance in both training and testing compared to other models.

Conclusion

Based on the results, SPI and its previous values had better performance and precipitation had
weaker performance. Among all the models, the ARIMA(1,0,0)(1,0,1)s model was selected as the
best model by fitting the SPI values with least RMSE (0.442 at training stage and 0.521 at test
stage), and best R? at training stage (0.899) and at test stage (0.846). By using this model, the SPI
values for the next 12 stages were predicted. The ANFIS model with RMSE=0.513, MAE=0.377
and correlation coefficient (R) of 0.861 at training stage and RMSE=0.518, MAE=0.41 and R=
0.841 at test stage, ranked first and ANN model with RMSE=0.534, MAE=0.393 and R= 0.85 at
training stage and RMSE=0.532, MAE=0.402 and R=0.837 at test stage ranked next.
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Fig. 1- Location of meteorological stations in Semnan province (Anonymous, 2014)
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Table 1- Classification of Standardized Precipitation Index evaluation
( Mishra and Desai, 2006)

Drought situation Index SPI
Very severe drought >-2
Severe drought -1.99--15
Middle drought 1.49 - -1-
Weak drought 0.99-0-
normal .
Weak Wet 0-0.99
Middle Wet 1-1.49
Severe Wet 15-1.99
Very severe Wet <2
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Table 2- Evaluation the results of the annual dry forecast with the SARIMA time series model

Train Test
Saefi':nuca; RMSE  MAE R AIC RMSE MAE R
ARIMA (1,0,0)(1,0,0)s 0304 0442 0341 0889 -547.56 0551 0.396 0.839
ARIMA (1,0,0)(1,1,0)s 0557 0659 035 0761 -26649 0746 0566 0.715
ARIMA (1,0,0)(1,0,1)s 0292 0442 0341 0889 -562.83 0521 0385 0.846
ARIMA (1,0,0)(1,0,2)s 0293 0442 0341 0889 -560.89 0541 0714 0.845
ARIMA (1,02)(1,0,1)s 0291 0441 0339 0889 -561.15 0539 0384 0.846
ARIMA (2,0,0)(1,0,1)s 0292 0441 0338 0889 -562.13 054 0.385 0.846
ARIMA (2,0,0)(1,0,2)s 0292 0441 0338 0889 -560.14 054 0385 0.846
ARIMA (2,0,002,0,2)s 0292 043 0325 0895 -558.71 054 0386 0.846
ARIMA (2,0,3)(1,0,3)s 0289 0411 0314 0904  -560.4 0538 0385 0.847
ARIMA (3,0,0)(1,0,1)s 0291 044 0337 089  -561.22 0539 0384 0.847
ARIMA (4,0,0)(1,0,1)s 0291 0431 0332 0894 -559.21 054 0384 0.846
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Table 3- Coefficients and standard errors

Type degree Coefficient P-values
AR 1 0.5887 0
SAR 1 0.1707 0.004
SMA 1 0.5581 0
constant - 0.00166 0.002

236 €A 6 Ljung-Box (g03T o3bT P ydlic —¢ Jous
Table 4- P values of Ljung-Box test statistics up to 48 delays

Ljung-Box Test

Delay 12 24 36 48
P-value 0.244 0.367 0.558 0.277
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Table 5- Evaluation of the results of annual dry forecasting with FFBP

Train Test
RMSE MAE Corr. RMSE MAE  Corr.
Tansig  Purelin 13 0535 0406 0.848 0.53 0.421 0.833
logsig Purelin 10 0.534 0.393 0.85 0.532 0.402 0.837
Tansig  Purelin 2 0.782 0.611 0.632 1072 0.805 0.304
logsig Purelin 0.777 0.605 0.637 1056 0.837 0.136
Tansig  Purelin 10 0.953 0.757 0.337 0.95 0.725 0.257
logsig Purelin 21 0954 0759 0.326 0934 0.715 0.259
Tansig  Purelin 6 0.97 0.754 0.277 0944 0.716 0.235
logsig Purelin 8 0.953 0.748 0.33 0925 0.723 0.378
SPI(t,t-1,t-2), Tansig  Purelin 5 0.567 0427 0827 0541 0.43 0.827
T(tt-1,t-2) logsig Purelin 9 0,571 0426 0.83 0.532 0.427 0.836
Tansig  Purelin 15 0559 0421 0.833 0.55 0.436  0.829
logsig  Purelin 14 0559 0415 0.832 0558 0455 0.814
: — =-observed predicted test
2
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Fig 9- (a) and (b) Comparison chart of observed and predicted values of SPI(t+1) with MLP model

with five inputs and the logarithmic function of sigmoid and 10 neurons in the hidden layer
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Table 6- Evaluation of the results of drought prediction with neural network of radial function

Train Test
RII\E/IS MAE Corr. RII\E/IS MAE Corr.
SPI(t,t-1,t-2,t-3,t-4) RBF 80 0.552 0.411 0.837 0.477 0.383 0.866
P(t,t-1) RBF 10 0.767 0596 0.649 1065 0.846 0.178
Tmax(t,t-1,t-2,t-3) RBF 100 0.972 0.764 0.267 0.95 0.709 0.138
RH(t,t-1,t-2,t-3) RBF 70 0.927 0.735 0.394 0978 0.786 0.139
SPI(t,t-1,t-2,t-3),
RHmin(t,t'l,t'z,t'3)
SPI(t,t-1), P(t,t-1),
Tmax(t-l)
a = -observed predicted test
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Fig 10- (a) and (b) Comparison chart of observed and predicted values SPI(t+1) with RBF model with
eight inputs and Spread constants 150
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Table 7- Evaluation of the results predicted drought with Adaptive Neuro-Fuzzy Inference System

train test
membership Output
Input variables functi membership | rules | RMSE | MAE | Corr. | RMSE | MAE | Corr.
unction -
function
gaussmf Linear 6 0.533 | 0.391 | 0.849 | 0.522 | 0.412 | 0.838
gbellmf Linear 6 0.513 | 0.377 | 0.861 | 0.518 | 0.41 | 0.841
gaussmf Linear 2 0.769 | 0.597 | 0.647 | 1.082 | 0.863 | 0.155
gbellmf Linear 2 0.768 | 0.597 | 0.648 | 1.084 | 0.871 | 0.166
gaussmf Linear 6 0.924 | 0.742 | 04 0.918 | 0.707 | 0.325
gbellmf Linear 7 0.896 | 0.713 | 0.458 | 0.951 | 0.752 | 0.274
gaussmf Linear 7 0.908 | 0.703 | 0.436 | 0.912 | 0.708 | 0.429
gbellmf Linear 9 0.879 | 0.679 | 0.489 | 0.925 | 0.708 | 0.379
SPI(t,t-1,t-2,t-3), gaussmf Linear 4 052 |0.389 ]| 0.856 | 0.511 | 0.418 | 0.85
RHmin(t,t-1,t-2,t-3) gbellmf Linear 4 0.51 | 0.381 | 0.863 | 0.513 | 0.415 | 0.846
gaussmf Linear 2 0.562 | 0.412 | 0.83 | 0.531 | 0.418 | 0.833
gbellmf Linear 2 0.561 | 0.412 | 0.831 | 0.537 | 0.423 | 0.829
4 .
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Fig 11- (a) and (b) Comparison chart of observed and predicted values of SPI(t+1) with ANFIS
model with five inputs and a function of bell membership and 6 rules
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Fig 12- (a) The best model by method ARIMA. (b) The best model by method ANN. (c) The best model
by method ANFIS.

Comparison chart of observed and predicted values of 6SPI index with top models of different methods
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