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Abstract

Drought prediction constitutes a prerequisite foundation for effectively respond-
ing to drought risks. Based on daily precipitation and temperature data from
seven stations in the Sanjiang Plain during 1960-2016, this study employs
ARIMA and ANN models to analyze, model, and predict Standardized Precip-
itation Evapotranspiration Index (SPEI) series at different time scales. Model
effectiveness was evaluated using correlation coefficient R, Nash-Sutcliffe Effi-
ciency coefficient NSE, Kendall rank correlation coefficient, Mean Squared Error
MSE, and Kolmogorov-Smirnov (K-S) test. Subsequently, 12-step ahead predic-
tions were conducted using both ARIMA and ANN models, and the predicted
values were compared with actual observations. The results indicate that: (1)
the predictive capability of both ARIMA and ANN models for SPEI gradually
improves with increasing time scale; (2) the prediction accuracy of both mod-
els for 3- and 6-month scale SPEI is relatively low, while that for 9-, 12-, and
24-month SPEI exceeds 70%; (3) for the three time scales of SPEI-9, SPEI-12,
and SPEI-24, the prediction accuracy of the ANN model surpasses that of the
ARIMA model.

Full Text
Abstract

Drought is one of the major natural disasters, whose occurrence is linked to
a sustained lack of precipitation. Drought forecasting provides vital evidence
and support for preventing losses from drought disasters, and therefore it is
of great significance. In this study, a series of the Standardized Precipitation
Evapotranspiration Index (SPEI) at different time scales were calculated based
on daily precipitation and temperature data from seven meteorological stations
in Sanjiang Plain, northeast China from 1960 to 2016 and were used to fore-
cast drought using ARIMA and ANN models. In the stage of training and
testing, the fitting degrees of the models were evaluated and validated, and
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the optimal ARIMA and ANN models were chosen with the help of six fitting
evaluation methods: the correlation coefficient (R), Nash-Sutcliffe efficiency co-
efficient (NSE), Kendall rank correlation coefficient, mean square error (MSE),
and Kolmogorov-Smirnov (K-S) test. Then, 12 values for the 12 months in 2016
were predicted by the optimal models and were compared with the correspond-
ing observations. The results are shown as follows: (1) The prediction ability
of ARIMA and ANN models based on SPEI was both increased with the in-
crease of time scale in Sanjiang Plain. (2) The two models had poor prediction
accuracy for SPEI-3 and SPEI-6. For the SPEI value of 9, 12, and 24 months,
all models worked well with accuracy more than 70%. (3) For the SPEI value
of 9, 12, and 24 months, the prediction accuracy of the ANN model is better
than that of the ARIMA model. In particular, the prediction accuracy for one-
month forecast of SPEI-12 and 24 at all stations was more than 80%. All these
showed that the prediction model of ANN has strong maneuverability and can
effectively predict drought at a large time scale in Sanjiang Plain. The drought
prediction at small time scale (3 and 6 months) needs to be improved in future
studies.
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1. Introduction

Drought is a major natural disaster that causes significant losses to agricultural
production and socioeconomic systems. Accurate drought forecasting provides
crucial support for disaster prevention and mitigation efforts. The Standardized
Precipitation Evapotranspiration Index (SPEI) combines the sensitivity of the
Palmer Drought Severity Index to temperature with the multi-scale characteris-
tics of the Standardized Precipitation Index (SPI), making it widely applicable
for drought monitoring and forecasting.

2. Methodology
2.1 Study Area and Data

The study area is the Sanjiang Plain in northeast China. Daily precipitation
and temperature data from seven meteorological stations spanning 1960-2016
were used to calculate SPEI values at multiple time scales (3, 6, 9, 12, and
24 months). The data were divided into a training period (1960-2005) and a
testing period (2006-2015) for model development, with 2016 data reserved for
validation.

2.2 ARIMA Model

The Autoregressive Integrated Moving Average (ARIMA) model is a stochas-
tic time series forecasting method. The general ARIMA (p,d,q) model can be
expressed as:
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¢p(B)VYY, = 0,(B)e,

where ¢,(B) and 0,(B) are the autoregressive and moving average operators
respectively, V¢ represents differencing of order d, and e, is white noise. Model
parameters were selected using the Akaike Information Criterion (AIC), and
stationarity was achieved through appropriate differencing.

2.3 Artificial Neural Network Model

A Nonlinear Autoregressive (NAR) neural network was employed, which has
proven effective for time series forecasting. The NAR model structure is given

by:

y(t) = fly(t —=1),y(t —2),...,y(t — d))

where d represents the delay order and f(-) is a nonlinear function approximated
by the network. The Levenberg-Marquardt algorithm was used for training:

X1 =X, — (JTT +ul)1JTe

where J is the Jacobian matrix, I is the identity matrix, and u is a learning
parameter.

2.4 Evaluation Metrics
Six statistical measures were employed to evaluate model performance:

1. Correlation Coefficient (R): Measures linear correlation between ob-
served and predicted values

Nash-Sutcliffe Efficiency (NSE): Evaluates model predictive power
Kendall’ s Tau ( ): A non-parametric rank correlation coefficient
Mean Square Error (MSE): Quantifies prediction error magnitude
Kolmogorov-Smirnov Test (K-S): Assesses distributional similarity

ANl ol

3. Results and Discussion
3.1 Model Training and Testing

Both ARIMA and ANN models showed improved predictive capability with
increasing SPEI time scales. For short time scales (SPEI-3 and SPEI-6), predic-
tion accuracy was relatively poor. However, for SPEI-9, SPEI-12, and SPEI-24,
all models achieved accuracy exceeding 70%. The ANN model consistently out-
performed the ARIMA model, particularly for longer time scales.

The average evaluation metrics across all seven stations demonstrated that the
ANN model achieved superior performance with R values above 0.92, NSE above
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0.85, and MSE below 0.15 for SPEI-12 and SPEI-24. The K-S test results
confirmed that the ANN model better captured the statistical distribution of
drought indices.

3.2 Drought Forecasting

One-month ahead forecasts for 2016 showed that the ANN model provided ro-
bust predictions for SPEI-12 and SPEI-24, with accuracy exceeding 80% at
all stations. The model’ s superior performance at larger time scales can be
attributed to the stronger temporal persistence and more stable patterns in ac-
cumulated precipitation and evapotranspiration data. In contrast, short-term
drought forecasting (3-6 months) remains challenging due to higher variability
and noise in the data.

4. Conclusions

The study demonstrates that both ARIMA and ANN models are capable of
drought forecasting using SPEI data in the Sanjiang Plain, with prediction
accuracy improving at longer time scales. The ANN model exhibits stronger
predictive performance, particularly for SPEI-12 and SPEI-24, achieving over
80% accuracy for one-month forecasts. However, forecasting accuracy for short
time scales (3-6 months) requires further improvement. Future research should
focus on integrating additional climate variables and exploring hybrid modeling
approaches to enhance short-term drought prediction capabilities.
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