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Introduction

Drought is one of the most destructive phenomena in the world, especially in Iran. The timely
prediction of drought and its severity can make it easier to take the necessary measures to combat this
phenomenon. Different methods have been proposed to predict droughts; however, what matters is
which method can make the predictions more accurate. Many researchers have compared the
CANFIS model with other models such as neural networks and linear regression Malik and Kumar
(2020b); Malik et al(2020a); Malik et al (2019), but it has not been tested against the M5 tree model.
In this study, CANFIS, M5, MLPNN and MLR models have been used to predict drought in
Kermanshah synoptic station, to enhance the accuracy of drought prediction by using a variety of
modeling methods in addition to the influential variables of the SPI index.

Methodology

This study examined the performance of the CANFIS fuzzy-neural model against other models,
such as MLPNN, MLR, and M5 decision tree model, in predicting the SPI drought index in
timescales of 12, 9, 6, 3, 1, and 24 months, for 70 months. The SPI index was developed by McKee
and his colleagues at Colorado State University in 1993 (McKee et al., 1993). A lack of rainfall can
be calculated based on the probability of occurrence over a range of times from one month to 48
months utilizing this index. The optimal input was selected by using autocorrelation and partial
autocorrelation analyses. In order to determine the relationship between the PACE charts and
significant time delays for each index, MINITAB software was utilized to extract the PACE charts
and calculate the significant time delays. In the context of different scenarios, the relationship
between these variables is assessed using the CANFIS, MLR, MLPNN, and M5 tree models,
ensuring that 70% of the data were used for training, 15% were checked for validation, and 15%
were used for testing. CANFIS, MLR, MLPNN, and M5 tree models were evaluated by root mean
square error (MSE), root mean square error (RMSE), standard deviation (MAD), coefficient of
determination (R2), and visual interpretation using scatter diagrams. In order to implement the
CANFIS and MLPNN fuzzy neural models, the NeuroSolution software was used, and in order to
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model the M5 and MLR decision tree algorithms, the Weka software prepared by researchers at
Wikato University was used.

Results and discussion

Kermanshah station receives an annual rainfall of 429.6 mm. The rainfall at Kermanshah
meteorological station has been lower than the average level for three consecutive periods. The first
period is from 1951 to 1956, the second period is from 1958 to 1961, and the third period is from
1988 to 2015. The highest amount of decrease in 2021 was recorded at Kermanshah station with
about 299 mm compared to the average and the highest amount of increase was recorded in 1969
with about 355 mm compared to the average. The SPI index with a period of 1 month has a lower
coefficient of determination in all models than other indices. This can be explained by the relatively
poor performance of the models during this period. In general, the SPI index has less fluctuations
when its time scale increases; on the other hand, droughts with longer periods may show greater
severity. As an example, the value of this index will be greater at the end of a six-month period of
low rainfall compared with the same time and on a three-month basis since in the six-month scale,
the effect of the entire period of low rainfall is considered, while in the three-month scale, only the
effect of the two penultimate months is considered. Based on the scatter diagram, it can be seen that
the performance of the models in the time step of one, three and six months was not suitable in the
limit values; however, from the time step of nine months onwards, the conditions have improved in
all the models and accurately simulate the behavior of the model.

Conclusion

M5 decision trees with coefficients of determination equal to 0.93 and mean square errors equal to
0.248 performed better than other models. Furthermore, the mean square error of the CANFIS, MLR,
and MLPNN models was 0.307, 0.399, and 0.312, respectively, indicating that the CANFIS neural-
fuzzy network model performed better in predicting the drought index as compared with MLPNN
and MLR. Based on statistical calculations and network evaluation indices, it was found that the
choice of time step has a significant impact on the results of the modeling process. In all models, the
correlation between observed drought and calculated drought was more acceptable when time steps
were of 9 months or more. According to the results, the M5 tree model was recognized as the best
model among the four investigated models based on all evaluation criteria. Additionally, the M5 tree
model demonstrated a relatively high level of predictive capability by providing practical and
understandable linear relationships that are easy to interpret. According to CANFIS network, which
is based on fuzzy sets, the drought of Kermanshah climatic region was successfully predicted with
relatively high reliability.
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Table 1- Classification of drought based on the SPI index

SPI category

SPI

Extremely wet
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Moderately wet
Mildly wet
Normal
Mild drought

Moderate drought
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Extreme drought

SPI>+2.00
1.50<SPI<1.99
1.00<SPI<1.49
0.50<SPI<0.99
-0.49<SPI<0.49
-0.99<SPI<0.00

-1.49<SPI<-1.00
-1.99<SPI<-1.5
SPI<-2.00
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Fig. 5- The statistical calculation of the partial autocorrelation function PACF for SPI-1, SPI-3, SPI-
6, SPI-9, SPI1-12, and SPI-24.
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Table 2- Input and output variables in drought prediction models.

Num | Output Input variables
1 SPI-1 SPI-1(t-1),SPI-1(t-11),SPI-1(t-12)
2 SPI-3 SPI-1(t-1),SPI-1(t-3),SPI-1(t-12)
3 SPI-6 SPI-1(t-1),SPI-1(t-6),SPI-1(t-7)
4 SPI1-9 SPI-1(t-1),SPI-1(t-10),SP1-1(t-12)
5 | SPI-12 SPI-1(t-1),SPI-1(t-2),SPI-1(t-12)
6 SPI-24 SPI-1(t-1),SPI-1(t-2),SPI-1(t-12)

CANFIS Juao bSPI k) el ol y R? g RMSE, MSE, MAD WY Jous
Table 3- RMSE, MSE, MAD and R? values for multi-scalar SP1 by CANFIS model.

Drought  Model Train validate Test
index  structure  MAD MSE RMSE R?> MAD MSE RMSE R?! MAD MSE RMSE R?
SPI1 Gauss-3 0.63 074 086 038 065 075 088 037 066 0.76 0.89 0.36
SPI3 Gauss-3 053 055 074 059 057 056 076 058 0.56 0.56 0.76 0.58
SP16 Gauss-2 051 047 068 071 056 078 069 071 057 0.79 0.69 0.71
SPI19 Gauss-2 042 036 060 078 043 037 065 077 044 0.38 0.66 0.76
SPI12 Gauss-2  0.37 0.28 0.53 091 0.38 0.29 0.58 090 0.39 0.30 0.58 0.90
SPI124 Gauss-2  0.37 0.24 0.49 0.93 0.39 0.29 0.49 092 0.39 0.30 0.50 0.91
MLPNN Juo bSPI k) sl 52 R? sRMSE, MSE, MAD mti—¢ Jsi
Table 4- RMSE, MSE, MAD and R? values for multi-scalar SP1 by MLPNN model.
_ - Train validate Test
% x 3 > S gS 2
se % €S 2 w 8 . 2 w & o 2 w 8
(ol 1S g £-5 e s s g a4 S s E a4 S 2 E @
SPI1  Momentum 1 10 0.651 0.751 0.866 0.37 0.687 0.768 0.921 0.35 0.689 0.772 0.926 0.35
SPI3  Momentum 1 13 0552 0585 0.765 057 0.557 0.592 0.812 0.53 0.564 0.594 0.824 0.53
SPI6  Momentum 1 9 0517 0479 0692 071 0524 0483 0.801 0.70 0.532 0494 0.811 0.69
SPI9 Momentum 1 7 0422 0354 0595 079 0435 0.369 0.621 0.76 0.446 0.401 0.634 0.75
SPI12 Momentum 1 10 0.387 0.303 0551 0.86 0392 0.326 0.603 085 0.395 0.338 0.614 0.85
SPI24  Momentum 1 11 037 0.274 0.497 0.88 0389 0.301 0.512 0.87 0.394 0.312 0.521 0.87
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Table 5- RMSE, MSE, MAD and R? values for multi-scalar SP1 by MLR model.

Drought Train Validate Test
index MAD MSE RMSE R? MAD MSE RMSE R?> MAD MSE RMSE R?
SPI1 0.757 0.85 0922 035 0.823 0940 108 0.34 0.813 0.96 1.019 0.34
SPI3 1.053 1.547 1.244 0.60 1.069 1.632 1.365 059 1126 1.621 1.372 0.58
SPI6 0.782 0.922 0.96 0.77 0.798 1.09 1.08 0.75 0.832 1.110 1.091 0.74
SPI9 0.420 0.322 0.568 0.83 0.436 0.435 0.615 0.81 0.446 0.624 0.621 0.80
SPI112 0.402 0.273 0.522 0.89 0424 0.289 0.584 0.89 0.436 0.592 0.598 0.88
SP124 0.480 0362 0.602 092 0501 0.396 0614 091 0512 0.399 0.625 0.90
IM num: 1
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Fig. 6- Diagram of the M5 model tree with nine linear regression models at the leaves.
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Table 6- RMSE, MSE, MAD and R2 values for multi-scalar SP1 by M5 model tree.
Numbe Train Validate Test
Diao(;’tht r[JIoefs MAD  MSE RMSE R! MAD MSE RMSE R’ MAD MSE RMSE R’
SPI1 2 0.664 0769 0877 044 0721 0828 0926 042 0732 0831 0931 041
SPI3 2 0.568 0556 0746 059 0621 0563 0.813 057 0635 0569 0.823 056
SPI6 1 0.475 0409 0639 079 0524 0515 0689 077 0541 0519 0673 0.76
SP19 1 0.406 0303 055 087 0489 0420 0639 085 0491 0426 0642 084
SPI12 1 0.357 0244 0494 092 0372 0315 0521 091 0381 0319 0534 0091
SPI24 1 0.322 0181 0425 094 0390 0241 0536 093 0225 0248 0539 093
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Fig. 7- Scatter plots of predicted and calculated SPI-1, SPI-3, SPI-6, SPI-9, SP1-12, and SPI-24 values
by CANFIS, MLPNN, MLR and M5 model tree.
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