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Abstract: Droughts have a substantial impact on water supplies, agriculture, and ecosystems world-
wide. Agricultural sustainability and production in the Mekong Delta of Vietnam are being jeopar-
dized by droughts caused by climate change. Conventional forecasting methods frequently struggle
to comprehend the intricate dynamics of meteorological occurrences connected to drought, necessi-
tating the use of sophisticated prediction techniques. This study assesses the effectiveness of various
statistical models (ARIMA), machine learning, and deep learning models (Gradient Boosting, XG-
Boost, RNN, and LSTM) in forecasting the SPEI over different time periods (1, 3, 6, and 12 months)
across six prediction intervals. The models were developed and evaluated using data from 11 meteo-
rological stations spanning from 1985 to 2022. These models incorporated various climatic variables,
including precipitation, temperature, humidity, potential evapotranspiration (PET), Southern Oscil-
lation Index (SOI) Anomaly, and sea surface temperature in the NINO4 region (SST_NINO4). The
results demonstrate that XGBoost and LSTM models exhibit outstanding performance, showcasing
lower error metrics and higher R? values compared to Gradient Boosting and RNN. The performance
of the model fluctuated depending on the forecast step, with error metrics often increasing with
longer prediction horizons. The use of climatic indices improved the accuracy of the model. These
findings are consistent with earlier research on drought episodes in the Mekong Delta and support
studies from other areas that show the effectiveness of advanced modeling tools for predicting
droughts. The work emphasizes the capacity of machine learning and deep learning models to
enhance the precision of drought forecasting, which is vital for efficient water resource management
and agricultural planning in places prone to drought.

Keywords: drought forecasting; standardized precipitation evapotranspiration index; machine
learning algorithms; deep learning algorithms; Mekong delta; water resource management; Vietnam

1. Introduction

Droughts are natural hazards that can occur in all climatic zones and have long-
term economic and environmental impacts [1]. They can be defined in different ways,
such as meteorological, hydrological, and agricultural droughts, depending on the time
horizon and variables used [2]. Climate change has made drought one of the greatest
natural hazards in Europe, affecting large areas and populations [3]. In the United States,
precipitation deficits have been the primary drivers of past major drought events, with
temperature as a secondary driver [4]. Droughts in South Africa have led to employment
losses in the agricultural sector, affecting income generation [5]. Droughts adversely affect
various environmental components, including soil processes, vegetation growth, wildlife,
water quality, and aquatic ecosystems. They also limit access to water resources and can
have an international impact.
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Accurately predicting drought is essential for reducing the negative effects of drought
in the Mekong Delta, Vietnam, which impact agriculture, water management, and com-
munity resilience. It facilitates strategic agricultural planning, optimizes water resource
allocation, and improves early warning systems to prepare for difficulties associated with
drought. Accurate predictions are essential for adjusting to climate change through guiding
sustainable practices and policy development. This holistic method for predicting drought
enhances agricultural output in the area, guarantees sustainable water resources, and
strengthens resistance to climate-related challenges. Thus, accurate drought forecasting is
the cornerstone of proactive and effective risk management. It empowers stakeholders to
make informed decisions, implement timely interventions, and build resilience in the face
of a changing climate, ultimately contributing to the sustainable development of regions
vulnerable to drought in the Mekong Delta.

This study focuses on using Artificial Intelligence (Al) to anticipate the drought index
in the Mekong Delta, with the goal of addressing and achieving critical objectives. Its
primary goal is to overcome the limitations of traditional drought forecasting systems,
which frequently fail to adequately describe the Mekong Delta’s complex and fluctuating
meteorological circumstances. The aim of this study is to dramatically increase the precision
and dependability of drought forecasts using Artificial Intelligence. Furthermore, Al's
better forecasting power is meant to assist in the delivery of timely warnings and the
implementation of preventative actions. This proactive strategy enables communities,
governments, and other stakeholders to appropriately prepare for and minimize the effects
of impending water scarcity and related difficulties.

Current methods for forecasting drought involve a combination of statistical, proba-
bilistic, and data-driven approaches. A study by [6] analyzed the spatiotemporal variability
of meteorological droughts in the Mekong Delta area of Vietnam using the Standardized
Precipitation Index (SPI) and found that the frequency of drought scales decreased while
their spatial distribution tended to increase, with the main scales including moderate and
severe droughts. The most extreme drought during the study period occurred in 1990-1992,
with 11 out of 13 provinces experiencing extreme drought with a peak SPI value of —2.63
and a duration of 29 months. The study concluded that climate change was the major factor
affecting drought in the study area rather than the El Nifio phenomenon. The Mekong
Delta has a long history of drought, with the 2015-2016 event being particularly severe, and
The Mekong Delta suffered the worst historic drought and salinity intrusion occurrence on
record [7]. This region has also experienced a shift in the spatial distribution of meteorolog-
ical droughts, with a decrease in frequency and an increase in severity [8]. The impact of
these droughts on agriculture, particularly on rice production, is significant [9]. Nguyen Thi
Ngoc et al. evaluated meteorological droughts using the Standardized Precipitation Index
(SPI) based on data from the Tropical Rainfall Measuring Mission (TRMM) [10]. Nguyen
and Li analyzed the correlation between sea surface temperature anomalies (SSTA) and
meteorological droughts in the Vietham Mekong Delta [11]. These studies demonstrate the
use of various methods and data sources for drought forecasting in the Mekong Delta. [12]
investigated the spatiotemporal trends, intensity, duration, and frequency of meteorological
droughts in the Vietnamese Mekong Delta (VMD) using the Standardized Precipitation
Evaporation Index (SPEI) at multiple timescales (3, 6, and 12 months). The findings suggest
that the intensity, duration, and frequency of drought events increased from 1985 to 2018,
with extreme drought events from October 2013 to September 2016 being the most severe
and prolonged during the study period.

Various research has demonstrated good results when applying the ARIMA model to
anticipate the drought index, notably the Standardized Precipitation Evapotranspiration
Index (SPEI). The ARIMA model has proven to be effective in analyzing and predicting
drought conditions when applied to SPEI time-series data at various temporal scales,
including 1-month, 3-month, and 6-month intervals. As a result, it improved the under-
standing of climatic patterns and assisted in decision-making and resource management.
ARIMA models, employing historical SPEI data, demonstrated higher accuracy in the
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Amman-Zarqa Basin compared to TBATS models. Performance measures indicated strong
predicting capabilities [13]. In addition, the hybrid wavelet-ARIMA (W-ARIMA) model
has been suggested as a means to enhance drought forecasting. This model combines
wavelet transform with ARIMA and has demonstrated superior performance compared
to the conventional ARIMA model, as evidenced by statistical metrics such as Root Mean
Square Error, Mean Absolute Error, and the Mean Absolute Percentage Error [14]. The
experiments demonstrate the strength and flexibility of ARIMA and its hybrid models in
predicting drought indices such as SPEI. This offers useful insights for strategic planning
and managing water resources.

Current approaches to drought forecasting in the Mekong Delta have limitations. The
lack of observation stations reduces the reliability of the monitoring results, making it
difficult to accurately identify droughts [10]. Additionally, current weather and climate
conditions have negatively affected the accuracy and reliability of traditional prediction
indicators used by small-scale farmers in the region [15]. These indicators, which are based
on traditional environmental cues, may not be as effective in predicting drought events
under the current conditions of climate uncertainty and variability [16]. These limitations
highlight the need to enhance traditional prediction methods and develop new approaches
that can better account for the changing environmental and climatic conditions in the
Mekong Delta [17].

Drought index forecasting faces challenges in accurately predicting drought events
due to deficiencies in capturing the complex interactions between meteorological and
hydrological variables [18,19]. These deficiencies can lead to intensified drought char-
acteristics in certain climatic regions, impacting the precision of drought forecasts. To
address these issues, a novel approach utilizing the Informer model has been proposed,
which outperforms traditional methods like machine learning and deep learning models by
better capturing information over time and enhancing long-term prediction accuracy. The
models adapt to different timescales effectively, significantly improving the precision of
SPEI prediction and aligning forecasted trends with actual observations. By incorporating
diverse climatological variables and advanced forecasting techniques, the proposal aims to
overcome the limitations of existing SPEI forecasting methods and provide more reliable
drought predictions.

Artificial Intelligence (Al) techniques have been increasingly used for drought fore-
casting. These models have been applied to improve current weather forecasts and as
alternatives to conventional predictions of extreme events [20]. In the Mekong Delta of
Vietnam, where drought has become more severe owing to climate change, ML-based
models have been used to assess future drought hazards [21]. Luong Bang Nguyen and ]J.
Lee demonstrated the effectiveness of this technology for predicting drought indices and
rainfall, respectively [22,23]. The use of climate indices as input variables in these models
further enhances their accuracy. A. Jalalkamali et al. compared the performance of various
Artificial Intelligence models in drought forecasting, and the ARIMAX model showed
the highest precision [24]. A. Kikon and P. C. Deka provided a comprehensive review
of the role of Artificial Intelligence in drought assessment, monitoring, and forecasting,
highlighting its significance in these areas [25].

Deep learning models have shown significant potential in forecasting drought indices,
such as the Standardized Precipitation Evapotranspiration Index (SPEI), which is crucial for
regions like the Mekong Delta in Vietnam [21,26-28]. These models, including Deep Neural
Networks (DNNs), Multi-Layer Perceptron (MLP), and Convolutional Neural Networks
(CNN:s), can effectively handle complex datasets and extract relevant features for accurate
predictions, aiding in mitigating drought impacts like crop failure and water shortages. By
integrating deep learning methods like Long Short-Term Memory (LSTM) into forecasting
systems, the accuracy and lead time of drought predictions can be improved, enabling
policymakers to develop proactive risk management strategies and drought mitigation
plans tailored to the long-term impacts of climate change in coastal regions like the Mekong
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Delta. These studies collectively underscore the potential of Artificial Intelligence in
improving drought forecasting in the Mekong Delta.

Deep learning models, particularly Long Short-Term Memory (LSTM), have been
successfully applied in forecasting drought indices like the Standardized Precipitation
Evaporation Index (SPEI) to predict drought occurrences with high accuracy [29,30]. These
models utilize meteorological data, including precipitation and temperature, to make
timely and precise predictions of drought conditions, which are crucial for mitigating the
negative impacts on agriculture, water resources, and ecosystems [30,31]. LSTM models
have shown superior performance in predicting drought at different time scales, such as
1 month and 3 months, outperforming other hybrid models like EMD-ELM. Additionally,
LSTM models have been used to simulate vegetation dynamics and predict vegetation
activities and stresses based on meteorological data, showcasing their versatility in various
environmental forecasting applications [32].

The Standardized Precipitation Evapotranspiration Index (SPEI) is a popular index
for evaluating drought conditions. It has been used in various studies to analyze drought
patterns and severity [18,33-35]. The SPEI combines meteorological and hydrological
variables, such as precipitation, evapotranspiration, and groundwater levels, to provide a
comprehensive assessment of drought [36]. It has been found to accurately characterize
severe drought events in different climatic regions. Additionally, the SPEI has been used to
monitor drought conditions during critical phenological phases of crops, such as maize
cultivation, and to assess the temporal and spatial variability of droughts. The SPEI
is a drought index used to assess water balance and drought conditions. It calculates
a standardized value based on a continuous probability distribution fitted to a water
balance time series. Different probability distributions, such as generalized logistic (GLO),
generalized extreme value (GEV), Pearson Type III (PE3), and normal (NOR) distributions,
have been considered for SPEI analysis in various regions. Studies have recommended
using PE3 or GEV distributions for SPEI analysis in Canada [37], whereas a new multiscale
SPEI dataset has been provided for reference and future time horizons in Italy [38]. Regional
drought analysis using SPEI has been performed in the Gediz Basin, Turkey, with different
distributions found to be the best fit for different reference periods [35]. In China, the SPEI
has been used to accurately monitor drought events, with spatiotemporal distribution and
trends analyzed in various climatic sub-regions [39]. In Malaysia, the SPEI has been used
to determine drought indices for the Pahang River Basin with the aim of mitigating the
impact on water supply and economic development [40].

SPEI has several advantages: It is useful for assessing both drought and wetter-than-
normal conditions and provides a comprehensive understanding of moisture variability [38].
SPEI is a reliable tool for drought prediction because it is simpler, faster, and requires
fewer data points than dynamic models [30]. It can accurately determine the spatial and
temporal dimensions of drought events, making it valuable for drought monitoring and
risk assessments. The SPEI is particularly effective in predicting droughts, with higher
overall accuracy and fewer mistakes compared to other indices, such as the Standardized
Precipitation Index (SPI). Additionally, the SPEI can be used to estimate the impact of
drought events on water availability, agriculture, and ecosystems, aiding in the mitigation
of economic losses and damage to the quality of life [41]. The versatility of the SPEI allows
for the development of ensemble PDFs, making it suitable for assessing drought projections
throughout the 21st century. SPEl is a reliable drought index that can be used for accurate
drought assessment and forecasting.

Artificial Intelligence plays a transformational role in drought forecasting, provid-
ing novel solutions to the constraints of traditional methodologies. Drought forecasting
becomes increasingly accurate, flexible, and responsive as Al is used, ultimately aiding
effective water resource management and increasing resilience in drought-prone areas.
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2. Materials and Methods
2.1. Study Area

The Mekong Delta is a region in southwestern Vietham where the Mekong River
approaches and empties into the sea. It covers over 40,500 km? and is an important source
of agriculture and aquaculture in the region. The area is also vulnerable to adverse impacts
of climate change, including saltwater intrusion, coastal erosion, flooding, and drought,
and efforts are being made to ensure greater productivity and climate resilience (Figure 1).
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Figure 1. The geographical location and metrological stations in the Mekong Delta.

Drought is a prevalent concern in the Mekong Delta because of climate change impacts [42].
The intensity, duration, and frequency of meteorological droughts in the delta have been
studied using various indices [43]. The Vietnamese Mekong Delta (VMD) has experienced
droughts that affect agriculture and aquaculture [44]. These findings contribute to a
better understanding of drought patterns and their impact on agricultural output in the
Mekong Delta, providing valuable insights for policymakers and practitioners in water
resource management.

From 1985 to 2022, the Mekong Delta in Vietnam had different levels of drought
occurrences. Studies reveal that the area experienced several instances of drought, varying
in intensity, throughout the years. The Mekong Delta in Vietnam had severe drought
occurrences in 1988, 1998, 2010, 2016, and 2020, resulting in substantial economic losses
as a consequence of crop devastation and detrimental impacts on the ecosystem and the
livelihoods of farmers [12,45].
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2.2. Data Sources

Drought forecasting relies on various data sources to accurately monitor and predict
drought conditions. These data sources provide information on the meteorological, hydro-
logical, and environmental variables that are critical for understanding and forecasting
drought events.

For this study, we analyzed data from 11 meteorological stations (1985-2022): Chau
Doc, Moc Hoa, Cao Lanh, Can Tho, My Tho, Ba Tri, Cang Long, Soc Trang, Bac Lieu, Ca
Mau, and Rach Gia (Figure 1 and Table 1). Rainfall and temperature datasets from these
meteorological stations were collected from the Southern Regional Hydrometeorological
Center (Viethnam Meteorological and Hydrological Administration). Long-term rainfall
records help identify trends and anomalies in precipitation patterns. Temperature data
are essential for calculating potential evapotranspiration, which is a crucial component of
drought assessment.

Table 1. Descriptive statistics of meteorological stations in the Mekong Delta.

Annual Mean Annual Mean

Geographical Locations

Station Name Rainfall (mm) Temperature (°C)
Latitude Longitude
Chau Doc 10°42'12.7" N 105°07'58.7"" E 1360 27.0
Cao Lanh 10°28'16.6"” N 105°38'42.1" E 1356 27.0
Moc Hoa 10°45'12.6” N 105°56'00.5" E 1564 27.3
Can Tho 10°01’33.9” N 105°46'07.8" E 1544 26.6
My Tho 10°21'03.3” N 106°23'53.9"” E 1349 26.7
Cang Long 9°59/33.7" N 106°12'11.3" E 1672 26.8
Ba Tri 10°02'30.6” N 106°35'37.3" E 1473 26.8
Soc Trang 9°36'05.2" N 105°58'24.9" E 1859 26.8
Bac Lieu 9°17'43.5" N 105°42/50.1" E 1712 26.8
Ca Mau 9°10'28.5" N 105°10'41.5" E 2366 26.7
Rach Gia 10°00'44.5" N 105°04'37.7" E 2057 27.6

The yearly precipitation in the Mekong Delta typically exceeds 1350-2366 mm. The
Ca Mau-Rach Gia region experiences the highest levels of rainfall, with measurements
ranging from 2000 to 2366 mm or more. Approximately 30% of the weather stations
record a rainfall of 1300 mm or more. In contrast, areas such as My Tho receive a lower
amount of precipitation, with levels ranging from approximately 1300 mm. The rainfall
distribution exhibits temporal and spatial irregularities. This matter is intricately connected
to the equilibrium and utilization of water resources to support the objective of sustainable
development of water resources in the Mekong Delta. Figure 2 clearly illustrates that the
rainfall was predominantly concentrated between June and October.

In addition to monthly rainfall and temperature information, we incorporated four
climatic variables, including soil moisture, humidity, Southern Oscillation Index (SOI), and
Equatorial Pacific sea surface temperatures (S5Ts), to develop machine learning models.
Soil moisture and humidity data were acquired via The Enhanced POWER Data Access
Viewer (NASA'’s Prediction of Worldwide Energy Resources (POWER)) website at https:
/ /power.larc.nasa.gov/data-access-viewer/ (5 May 2023). SOI and SST data were obtained
from the National Oceanic and Atmospheric Administration (NOAA) website at https:
/ /www.ncei.noaa.gov/access/monitoring/enso (5 May 2023). The data sources were
constantly maintained, and no post-processing was performed.
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Figure 2. The average monthly precipitation and CWBL for eleven meteorological stations in the
Mekong Delta from 1985 to 2022.

2.3. Methodology
2.3.1. Data Pre-Processing

Data pre-processing is an essential step to guarantee the integrity and dependability
of the data utilized in modeling [46]. This entails the following;:

1.  Data cleaning:

- Handling missing values: Methods include replacing missing values with the mean,
using regression to estimate missing values, or removing incomplete cases. The mean
is commonly employed to replace missing values in numerical data when the data
distribution is symmetrical and devoid of outliers. This approach is straightforward
and maintains the average of the data. This method uses multiple imputation to
generate several datasets with imputed values, which are subsequently merged to
provide the final outcome. It takes into consideration the lack of certainty in the
estimated values and is beneficial when there are more intricate connections between
variables.

- Correcting inconsistencies and outliers: This involves identifying and resolving errors
or outliers using data profiling and statistical methods. Outliers are identified as data
points that fall far from the “cloud” of other points in a dataset and can significantly
affect the results of a regression analysis. This study employs Huber regression
to address outliers, as it is a robust technique that mitigates the impact of outliers
by utilizing a combination of squared and absolute residuals. It exhibits greater
robustness to outliers compared to ordinary least squares (OLS) regression.

2. Normalize data:

Ensures all variables are on the same scale, typically between 0 and 1, to improve
algorithm accuracy. The formula used is as follows:
Xo — Xinin
Xmax — Xumin

Xnporm =

@
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where X norm is the normalized value, and Xy, Xinin, and Xmax are the real value, minimum
value, and maximum value of the same variable, respectively.

3. Split data: In machine learning, the data will be divided into two sets: a training
set and a testing set. The training set will consist of 80% of the data, equivalent to
4012 records. The remaining 20% of the data, consisting of 1003 records, will be used
to evaluate the model. In deep learning, the data are divided into three partitions:
training, validation, and testing. The training set consists of 70% of the data, while the
validation and testing sets each contain 15% of the data.

2.3.2. Method for Calculating Drought Index

In this study, the Hargreaves—Samani (HS) method was used to estimate reference
evapotranspiration (ETo) because this method has been used to estimate reference evap-
otranspiration (ETo) in various regions. Studies have shown that the HS equation can
accurately estimate ETo values when compared with the FAO Penman—-Monteith (PM)
method, which is considered the most accurate method for ETo estimation [47,48]. The HS
equation performs well under different climatic conditions and environments, including
regions with high altitudes [49]. In some cases, the HS equation outperforms the FAO56-PM
method, particularly when meteorological data are limited or unavailable [50]. In general,
the HS method has been demonstrated to be a viable option for calculating ETo, especially
in areas where the availability of data is limited, such as the Mekong Delta.

The Hargreaves—-Samani (HS) approach calculates the reference evapotranspiration
(ETo) based solely on the highest and minimum temperatures [51,52], as shown in the
following equation:

ETo = CoRa(Tmax — Tyin)"> (T +17.8) )

where

- R, : extraterrestrial radiation (mm day’l) ;
- Cp : conversion parameter (=0.0023);
- Twax, Tin and T: the maximum, minimum and average temperature (°C).

Water balance, which refers to the excess or shortage of water, was computed accordingly.
D; = P; — Eq; )

D; values were then aggregated at different time scales. The log-logistic distribution
F(x) was applied to transform the original D series into standardized units at different time
scales. Finally, the F(x) distribution was used to calculate the SPEI [53].

The SPEI package for R [54] was used to compute the SPEI drought index. This tool
serves as a valuable resource for the in-depth examination of drought conditions, both for
research purposes and practical applications. Drought levels were classified according to
the SPEI values, as indicated in Table 2.

Table 2. Characterization of drought using values of the standardized precipitation evapotranspira-
tion index (SPEI).

SPEI Drought Category
SPEI > 2 Extremely wet
15 <SPEI<1 Severely wet
1 <SPEI<1.5 Moderately wet
—1<SPEI<1 Near normal
—1.5 <SPEI< —1 Moderately dry
—2 <SPEI< -1.5 Severely dry

SPEI < —2 Extremely dry
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2.3.3. Bayes Method (BMA)

The Bayes technique, also known as Bayesian Model Averaging (BMA), employs
Bayesian statistics to address the tasks of model selection and averaging. The incorporation
of the Bayes factor (BF) and the Bayesian Information Criterion (BIC) in this approach
allows for the consideration of the trade-off between model complexity and predictive
performance. These components aid in the assessment and choice of models that strike a
balance between simplicity and complexity, hence enhancing the ability to generalize to
new data [55,56].

Bayesian Model Averaging (BMA) effectively addresses the problem of duplication
in multivariable linear regression by objectively identifying the variables that make a
meaningful contribution to the model. By excluding factors that do not have a significant
effect, the model’s accuracy and interpretability are enhanced. The methodology utilizes
probabilistic frameworks to calculate the average of many models, taking into account the
uncertainty related to the parameters of each model [46].

If we have two models M; and M; and assume that one of them is true, the posterior
probability of M1 is as follows:

P(y|M1)P(M;)

Pi(Mly) = P(y|M1)P(M;) + P(y|Mz)P(My)

(4)

In fact, we can also compare the two models M; and M, through real evidence:

P(Mi|y) _ P(y|M,)  P(Mi) (5)
P(My|y) — P(y|My) = P(My)

This ratio is called the Bayes factor (BF). In the above interpretation, BF gives us
information that the data are toward M; or M,. With the BMA, each study does not have
only one model, but there can be many models that can also explain vy.

Various elements, such as climate and meteorology, influence the outcomes of cal-
culating the drought index, known as the Standardized Precipitation Evapotranspiration
Index (SPEI). This study employed the Bayesian method to discover influential elements
that significantly impact the Standardized Precipitation Evapotranspiration Index (SPEI)
in the Mekong Delta, in order to establish the typical parameters for machine learning
models. The application of the Bayesian method (BMA) in statistical analysis enables the
identification of influential elements that significantly impact the SPEI value. Consequently,
these factors may be determined as the primary parameters affecting the SPEI and can then
be utilized as input parameters for the SPEIL

2.3.4. ARIMA Model

The ARIMA (AutoRegressive Integrated Moving Average) model functions by detect-
ing patterns in past data and extrapolating these trends into the future. The ARIMA model
is used to forecast the SPEI, a drought index that captures the effects of both precipitation
and temperature on water demand. The ARIMA(p,d,q) model combines autoregressive
AR(p), differencing I(d), and moving average MA(gq) components. The autoregressive AR(p)
component of the model entails using past values of the variable to predict its current value.
The integrated I(d) component involves transforming the data to make them stationary. The
moving average MA(g) component models the error term as a composite of error terms that
occurred at the same time and in the past. p, d, and q are the parameters corresponding to
the three models [19]. Mathematically, it can be represented or described as follows:

C)=go+Y i @iCoiter+Y i Vier—i (6)

where C(t) represents the reconstructed component time series formed after the SE al-
gorithm; ¢; represents the current period random error disturbance; ¢; and <; represent
the model parameters; p denotes the quantity of autoregressive terms; and g denotes the
amount of terms in the moving average.
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2.3.5. Artificial Intelligence Model Selection

The accuracy of the models utilized is crucial for forecasting the SPEIL Scientists have
investigated many Artificial Intelligence (AI) methods, such as machine learning models
and deep learning models, to make precise predictions of the SPEL According to the results
of the literature review, the machine learning methods widely employed for SPEI prediction
include machine learning models (Gradient Boosting, Extreme Gradient Boosting) and
deep learning models (RNN and LSTM).

Gradient Boosting algorithms such as XGBoost and Gradient Boosting can be effec-
tively used to predict the Standardized Precipitation Evapotranspiration Index. These
algorithms are powerful machine-learning methods that can handle complex relationships
between input variables and the SPEI [57]. By utilizing the principles of Gradient Boosting,
these algorithms can iteratively refine the predictions and incorporate the strengths of mul-
tiple weak models into a strong predictive model. Moreover, research studies have shown
that the XGBoost and LightGBM outperform traditional machine learning algorithms, such
as decision trees, neural networks, and random forests, in terms of prediction accuracy for
the SPEI [58]. Additionally, the incorporation of specific characteristics of each variable
through weighting distance based on sensitivity coefficients was found to further improve
the performance of these algorithms in predicting the SPEI. Furthermore, these Gradient
Boosting algorithms have shown promising results in forecasting different seasons and
multi-month-ahead reference evapotranspiration. In summary, Gradient Boosting algo-
rithms, specifically XGBoost and Gradient Boosting, were highly effective in predicting
the SPEL

1.  Gradient Boosting algorithms

Gradient Boosting algorithms are a collection of strategies that improve the perfor-
mance of weaker models (learners) by progressively combining them to decrease bias and
variation in supervised learning situations [59]. Gradient Boosting leverages the advantages
of several models to construct a resilient predictive model that outperforms any individual
poor learner [46].

The Gradient Boosting algorithm is an iterative method for optimizing a predictive
model by minimizing a loss function [60]. This section details the step-by-step process of
applying Gradient Boosting, including the relevant mathematical Formulas (7)—(11):

Fy(x) = argminchN L(y;, c) 7)

where L is the loss function, y; is the target values, and N is the number of data points.
For m =1 to M (number of boosting rounds):

_ [9L(yi, Bn-1(x:)

Tim = 3F, 1 (x1) fori=1,...n (8)

where rjp, represents the residual for the i-th data point at the m-th iteration.
Fit a base learner h,,(x) to the residuals:

. N
I (x) = argmingy ;" (rim — h(x7))? )
Update the model with the new learner:
Fyu(x) = Fp—1(x) + vy (x) (10)

where v is the learning rate, controlling the contribution of each learner.
After M iterations, the final model is as follows:

Fn(x) = Fo(x) + Yo 0t () 11)
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Below is a thorough analysis of the functioning of Gradient Boosting:

- Model initialization: The procedure commences by constructing an initial model
utilizing the training data. The model generates predictions based on the training data,
and subsequently calculates the residual errors, which represent the discrepancies
between the actual values and the anticipated values.

- Sequential model addition: A novel model is trained to forecast the discrepancies be-
tween the preceding model’s predictions and the actual values. The newly introduced
model is incorporated into the ensemble, and the collective predictions of all existing
models are utilized to revise the residuals.

- Weight adjustment and reweighting: The data points” weights are modified to pri-
oritize the previously misclassified or poorly forecasted points. This procedure is
iterated, wherein each subsequent model rectifies the inaccuracies of the collective
ensemble of preceding models.

- Iterative process: Models are incrementally included until the training data are accu-
rately predicted or a predetermined maximum number of models is attained. Every
iteration has the objective of minimizing the total prediction error by dealing with the
leftover residuals.

2. Extreme Gradient Boosting (XGBoost):

XGBoost is a machine learning technique that uses a Gradient Boosting framework to
improve the accuracy of predictions. The algorithm lends greater importance to incorrectly
classified data pieces, prioritizing their accurate prediction in subsequent iterations [61].
XGBoost enhances existing Gradient Boosting algorithms by integrating regularization
approaches to reduce overfitting and employing advanced optimization techniques to
improve computational performance [46].

The purpose of the model is simplification through the optimizations of the training
loss (I) and regulations (Q2). f; is the function of the K—tree. The objective function (J) in
round t is given by Equation (12).

1O =" 1y 90 + Y5 Qf) (12)

Here is a concise summary of its functionality:

- Model generation: An initial decision tree is constructed using the initial data. The
calculation involves determining the discrepancy between the projected values and
the actual observations, which is referred to as residuals.

- Subsequent models: Additional trees are constructed to forecast the discrepancies
from the preceding model. These algorithms prioritize the analysis of data points that
were previously misclassified or inaccurately anticipated.

- Optimization involves the ongoing addition of new trees, where each tree aims to
rectify the mistakes made by the preceding trees. The designated loss function, such as
mean squared error, is optimized by utilizing the residuals obtained from each stage.

- Iteration and combination: This iterative process is carried out several times. The
ultimate model is an amalgamation of all the separate trees, with each tree making a
contribution to the overall prediction.

3. Recurrent Neural Networks (RNNNs)

RNNs are characterized by their ability to maintain a memory of previous inputs
through internal states, which makes them suitable for tasks involving sequences. Unlike
traditional feedforward neural networks, RNNs have connections that form directed cycles,
allowing information to persist.

Given an input sequence x¢, the hidden states h; at time step t are updated as shown
in the following equations:

hy = O'(tht + uhht_1 + bh) (13)
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where
® X is the input at time step ¢;
e ;4 is the hidden state from the previous time step;
e  Wj and Uj, are weight matrices;
e Dy, is the bias vector;
e o is an activation function, typically tanh ReLU.
The output y; at time step ¢ is given by
ye = o(Wyh; +by) (14)

where Wy, is the weight matrix and by is the bias vector for the output layer.
4. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) networks are a specific type of Recurrent Neural
Network that excel at learning order dependence in sequence prediction tasks. The output
from the previous step is utilized as the input for the following step in a Recurrent Neural
Network (RNN). It tackled the problem of long-term reliance in Recurrent Neural Networks
(RNNs), where the RNN struggles to predict words that are stored in its long-term memory
but can make more precise predictions using the most recent data. As the gap length
increases, RNN’s performance becomes less efficient. By default, the LSTM has the ability
to retain information for an extended period. It is utilized for the processing, prediction,
and classification of time-series data [62].

The LSTM is made up of four neural networks and numerous memory blocks known
as cells in a chain structure. A conventional LSTM unit consists of a cell, an input gate,
an output gate, and a forget gate. The flow of information into and out of the cell is
controlled by three gates, and the cell remembers values over arbitrary time intervals.
The LSTM algorithm is well adapted to categorize, analyze, and predict time series of
uncertain duration.

The cells store information, whereas the gates manipulate memory. There are three
entrances:

- Input gate: It determines which of the input values should be used to change the
memory. The sigmoid function determines whether to allow 0 or 1 values through.
The tanh function assigns weight to the data provided, determining their importance
on a scale of —1 to 1 (Equations (15) and (16)).

it = O'(Wi[ht — 1,Xd +bj) (15)
Ct = tanh(WC [ht —1, Xt] + bC) (16)

where Wj is a weight of input gate, b; is the bias value on the input gate, C; is the cell state,
bc is the bias value on cell state, and o is the sigmoid function. The sigmoid function is
defined by Equation (17)

eX X
oW = e

- Forget gate: It finds the details that should be removed from the block. It is decided by
a sigmoid function. For each number in the cell state Ct—1, it looks at the preceding

state (ht—1) and the content input (Xt) and produces a number between 0 (omit this)
and 1 (keep this), as shown in Equation (18).

(17)

fi= c(wf[ht —1,x] +bf) (18)

where f; is a forget gate, o is the sigmoid function, x; is the input value in t order, Wy is the
weight of forget gate, by is the bias value on the forget gate, and h is the output value in t
order. The output of the t model is obtained from the output of the previous model or t — 1
model t — 1.
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- Output gate: The block’s input and memory are used to determine the output. The
sigmoid function determines whether to allow 0 or 1 values through. The tanh function
determines which values are allowed to pass through 0, 1. Furthermore, the tanh
function assigns weight to the values provided, determining their relevance on a scale
of —1 to 1 and multiplying it with the sigmoid output. (Equations (19)—(20)).

Ot = O'(Wo [ht — 1, Xt] + bo) (19)
he = ostanh(Cy) (20)

where W, is a weight of output gate, b, is the bias value on cell state, C; is the cell state,
and o; is the output gate.

The Recurrent Neural Network uses Long Short-Term Memory blocks to provide
context for how the software accepts inputs and creates outputs. Because the program uses
a structure based on short-term memory processes to build longer-term memory, the unit is
dubbed a Long Short-Term Memory block.

Incorporating Bidirectional LSTM and LSTM with an Attention Layer in the study
of SPEI forecasting can be advantageous as they provide advanced skills in capturing
temporal relationships and focusing on key areas of the input sequence.

- A Bidirectional LSTM utilizes a Recurrent Neural Network architecture that processes
data in both the forward and backward directions. This enables the model to ac-
quire knowledge from preceding and subsequent states, enhancing its efficacy in
comprehending temporal dynamics.

- The attention mechanism enables the model to choose and concentrate on particular
segments of the input sequence that are more pertinent to the prediction task. This can
enhance the model’s capacity to acquire significant temporal patterns and interconnec-
tions. Incorporate an Attention Layer above the LSTM layer. This entails calculating
attention scores for each time step and subsequently adjusting the LSTM outputs
based on these values.

2.3.6. Model Evaluation Method

The evaluation of the accuracy of models forecasting the Standardized Precipitation
Evapotranspiration Index (SPEI) in the Mekong Delta is based on the following indicators:
Mean Absolute Error (MAE), the Mean Square Error (MSE), Root Mean Square Errors
(RMSEs), the coefficient of determination (R?), and the Mean Absolute Percentage Er-
ror (MAPE) [46]. The criteria for evaluating (calibrating) the models are presented in
Equations (21)—(25):

MAE = %Z?zlm - M;| (21)
MSE = %ZL](E — M;)? (22)
RMSE = ¢ %EN: (P — M;)? (23)
R*?=1- (?gg) (24)
MAPE = 1§; M&ip | % 100 (25)

3. Results
3.1. SPEI Calculation
Figure 3 shows the SPEI calculation results for 11 meteorological stations in the

Mekong Delta region during various time periods (1, 3, 6, and 12 months). The Mekong
Delta region has experienced droughts from 1985 to 1990 and from 2010 to 2016.
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- Stations with an SPEI < —2 (extremely dry) include Can Tho. These stations received
less rainfall than the other stations; hence, the SPEI was low.

- Stations with an SPEI > 2 (extremely wet) included Ba Tri, Bac Lieu, Ca Mau, My
Tho, and Soc Trang (1989). These coastal stations receive more rainfall than the other
stations; hence, the SPEI is high.

Chart of SPEI1 for 11 Meteostations in the Mekong Delta Chart of SPEI3 for 11 Meteostations in the Mekong Delta
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(c) Chart of SPEI-6 (6 month) (d) Chart of SPEI-12 (12 month)
Figure 3. Chart of SPEI of 11 meteorological stations in the Mekong Delta (1985-2022).

3.2. Feature Selection Results by BMA

Feature selection is a technique that involves minimizing the number of input vari-
ables in a model by retaining only the pertinent data and eliminating irrelevant or noisy
information. Based on the findings of the correlation study; it is evident that the correlation
coefficients between the SPEI1, SPEI3, SPEI6, SPEI9, and SPEI12 indices were quite high,
ranging from 0.57 to 0.96. The correlation coefficient values for the pairs of variables were
as follows: 0.79 for SPEI1 and SPEI3, 0.88 for SPEI3 and SPEI6, 0.93 for SPEI6 and SPEI9,
and 0.96 for SPEI9 and SPEI12. Thus, this study exclusively chose the indicators SPEI1,
SPEI3, SPEI6, and SPEI12 to construct the models. The correlation coefficient between the
SPEI and meteorological parameters exhibited a relatively low range, varying from 0.09 to
0.48. Hence, the task of selecting ideal parameters for calculating the SPEI using machine
learning models is a challenge, necessitating the use of a method for identifying crucial
factors (Figure 4).

The nonlinear association between SPEI and climatic parameters is evident. This
study utilized the Bayesian Model Averaging method (BMA) to choose the most suitable
parameters. The statistical analysis results obtained using the BMA are presented in Figure 5.
The BMA technique identified the five best models by selecting the essential parameters:
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- The model for SPEI-1: seven parameters were selected: Rainfall, Avg_Tmax, Avg_Tmin,
Avg_Hum, PET, SOI_Anomaly, and SST_NINO4 (posterior probability was 100%).

- The model for SPEI-3: four parameters were selected: Rainfall, Avg_Tmin, Avg_Hum,
and SST_NINO4 (posterior probability was 92.5%).

- The model for SPEI-6: four parameters were selected: Rainfall, Avg_Tmin, Avg_Hum,
and SST_NINO4 (posterior probability was 100%).
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Note: The diagonal shows distribution histograms for each variable (blue). Off-diagonal elements display
scatterplots (black and red dots) and correlation coefficients. Red dots indicate specific data points of interest.

Figure 4. Correlation chart of drought index and meteorological parameters.
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Model # Model #
(a) Models SPEI-1 selected by BMA (b) Models SPEI-3 selected by BMA

Figure 5. Cont.
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Rainfall Rainfall
Avg_Tmax Avg_Tmax
Avg_Tmin Avg_Tmin
Avg_Hum Avg_Hum
PET PET
CWBL CWBL
SOI_Anomaly SOI_Anomaly
SST_NINO4 SST_NINO4
1 1 2
Model # Model #
(c) Models SPEI-6 selected by BMA (d) Models SPEI-12 selected by BMA

Note: Red bars indicate variables included with positive effects, blue bars show variables with negative effects,
and the light yellow bar represents a variable with an effect close to zero.

Figure 5. Models selected by BMA (Bayesian Model Averaging).

The model for SPEI-12:5 parameters were selected as Rainfall, Avg_Tmin, Avg_Hum,
SOI_Anomaly, SST_NINO4 (posterior probability was 88.4%).

3.3. Results of Evaluating Machine Learning Models

This study established four models for the SPEI-1, SPEI-3, SPEI-6, and SPEI-12 indices
using the BMA to predict only the SPEIL The models were developed based on various
time periods and included ARIMA, Gradient Boosting (GB), Extreme Gradient Boosting
(XGBoost), Recurrent Neural Networks (RNNs), and Long Short-Term Memory (LSTM).
Table 3 displays the outcomes of the hyperparameter-tweaking process.

Table 3. Table of results of hyperparameter tuning.

No. Model Name Hyperparameter Tuning

ARIMA(3,1,1) (1,0,1) [13]
p=3d=1q=1

1 ARIMA P-1.D=0;Q=1
s=12
Distribution = “Gaussian”.
cv.folds = 10:

2 Gradient Boosting (GB) shrinkage parameter = 0.01.

Each terminal node should have at least 10 observations: n.minobsinnode = 10.
n.trees = 1000.

The number of trees (nround = 1000);

The shrinkage parameter A (eta in the params): 0.01;

The number of splits in each tree: max.depth = 5.

eXtreme Gradient Boosting
(XGBoost)

- learning_rate = 0.001
Recurrent Neural Networks - epochs = 1000
(RNNs) - activation = ‘relu’

- optimizer = ‘adam’

- learning_rate = 0.001

- epochs = 1000

- batch_size =32

- validation_split = 0.2

- verbose =1

- activation = ‘relu’

- optimizer = ‘adam’

- loss = ‘mean_squared_error’

5 Long Short-Term Memory (LSTM)
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The table provides information about hyperparameter tuning for five different models.
Every model possesses distinct hyperparameters that have been established or adjusted.
The ARIMA model includes parameters for autoregressive (p), differencing (d), and moving
average (q) components, as well as seasonal components. The machine learning models
such as Gradient Boosting and XGBoost possess parameters associated with the quantity of
trees, learning rate (shrinkage), and tree depth. The neural network models, specifically the
Recurrent Neural Network (RNN) and Long Short-Term Memory (LSTM), are characterized
by several adjustable parameters, including the learning rate, number of epochs, batch size,
and activation functions.

The SPEl is calculated at different timescales (1, 3, 6, and 12 months) to capture short-
term and long-term drought conditions (for six prediction steps). The forecast results for
SPEI-1, SPEI-3, SPEI-6, and SPEI-12 are presented in Figures 6-10 along with a comparison
chart illustrating the discrepancy between the predicted and computed SPEI values for the
test data.

The performance of each model was assessed using four evaluation metrics: the Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
coefficient of determination (R?), and Mean Absolute Percentage Error (MAPE). These
metrics are commonly used in regression analysis to quantify the accuracy, precision, and
goodness-of-fit of the predictive models. Table 4 shows the results of the evaluation of the
machine learning models (based on the four criteria) to predict the SPEI (for six prediction
steps) in the study area (Table 4).
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Figure 6. Comparison chart displaying the forecasted and actual SPEI values of the ARIMA model,
with a prediction horizon of 6 steps.
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Figure 7. Comparison chart displaying the forecasted and actual SPEI values of the Gradient Boosting

model, with a prediction horizon of 6 steps.
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Table 4. Statistical table of evaluation results of models to predict the SPEI (6 prediction steps).

Evaluation Criteria

Models Input Parameters Output MAE MSE RMSE R2 MAPE

Rainfall, Avg_Tmax, Avg_Tmin,
Avg Hum, PET, SOI_Anomaly, SPEI-1 0.34-0.40  0.22-0.28 0.46-0.50 0.73-0.75 23.9-28.6
SST_NINO4
Rainfall, Avg_Tmin, Avg_Hum,

ARIMA SST_NINO4 SPEI-3 0.36-0.48  0.24-0.39 0.48-0.64 0.72-0.75 24.1-28.0
Rainfall, Avg_Tmin, Avg Hum,
SST NINOA4 SPEI-6 0.30-0.40  0.14-0.23 0.38-0.51 0.81-0.84 15.6-20.1
Rainfall, Avg_Tmin, Avg Hum,
SOI_Anomaly, SST_NINO4 SPEI-12 0.22-0.50  0.08-0.40 0.28-0.62 0.74-0.91 9.00-25.4
Rainfall, Avg_Tmax, Avg_Tmin,
Avg Hum, PET, SOI_Anomaly, SPEI-1 0.28-0.33  0.14-0.17 0.39-0.43 0.82-0.84 14.4-17.4
SST_NINO4

Gradient ~ Rainfall Avg Tmin, Avg Hum,  qpp 5 0.19-026  0.07-0.11  026-035  0.88-091  630-10.3

Boosting SST—leIlNO4
Rainfall, Avg_Tmin, Avg_Hum,
SST NINOA4 SPEI-6 0.13-0.22  0.04-0.09 0.19-0.29 0.88-0.92 3.53-8.13
Rainfall, Avg_Tmin, Avg Hum,
SOI_Anomaly, SST_NINO4 SPEI-12 0.08-0.17  0.03-0.06 0.18-0.26 0.91-0.93 3.28-6.21
Rainfall, Avg_Tmax, Avg_Tmin,
Avg_Hum, PET, SOI_Anomaly, = SPEI-1 0.28-0.32  0.13-0.16 0.36-0.40 0.84-0.87 13.2-16.3
SST_NINO4
Rainfall, Avg_Tmin, Avg_Hum,

XGBoost SST_NINO4 SPEI-3 0.19-0.25  0.06-0.10 0.25-0.32 0.90-0.93 6.20-10.0
Rainfall, Avg_Tmin, Avg Hum,
SST NINOA4 SPEI-6 0.13-0.22  0.03-0.08 0.18-0.28 0.92-0.96 3.40-7.70
Rainfall, Avg_Tmin, Avg Hum,
SOI_Anomaly, SST_NINO4 SPEI-12 0.08-0.16  0.03-0.06 0.17-0.24 0.94-0.97 3.00-5.70
Rainfall, Avg_Tmax, Avg_Tmin,
Avg_Hum, PET, SOI_Anomaly, = SPEI-1 0.24-0.27 0.10-0.12 0.31-0.35 0.87-0.89 10.7-13.0
SST_NINO4
Rainfall, Avg_Tmin, Avg_Hum,

RNN SST_NINO4 SPEI-3 0.26-0.33  0.12-0.18 0.34-0.42 0.81-0.87 12.7-19.3
Rainfall, Avg_Tmin, Avg Hum,
SST NINOA4 SPEI-6 0.24-0.30  0.09-0.15 0.30-0.38 0.83-0.89 10.2-16.4
Rainfall, Avg_Tmin, Avg Hum,
SOI_Anomaly, SST_NINO4 SPEI-12 0.14-0.19  0.04-0.07 0.21-0.26 0.92-0.95 4.80-7.60
Rainfall, Avg_Tmax, Avg_Tmin,
Avg_Hum, PET, SOI_Anomaly, = SPEI-1 0.18-0.19  0.05-0.06 0.23-0.25 0.93-0.94 5.80-6.70
SST_NINO4
Rainfall, Avg_Tmin, Avg_Hum,

LSTM SST_NINO4 SPEI-3 0.16-0.19  0.05-0.06 0.22-0.25 0.93-0.95 5.30-6.70
Rainfall, Avg_Tmin, Avg Hum,
SST NINOA4 SPEI-6 0.17-0.20  0.06-0.07 0.24-0.27 0.92-0.94 6.40-8.00
Rainfall, Avg_Tmin, Avg_Hum, = gpp; 1, 016-0.19  0.05-006  022-026  093-095  530-7.10

SOI_Anomaly, SST_NINO4

This table outlines the performance of the machine learning (Gradient Boosting and
XGBoost models) and deep learning (RNN and LSTM) trained to predict the Standard-
ized Precipitation Evapotranspiration Index (SPEI) over different time scales: 1, 3, 6, and
12 months (for six prediction steps). The input parameters for each model vary slightly but
generally include measures of rainfall, temperature (maximum and minimum averages),
humidity, potential evapotranspiration (PET), Southern Oscillation Index (SOI) Anomaly,
and sea surface temperature in the NINO4 region (SST_NINO4).
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As the prediction step grows from 1 to 6, there is a consistent decline in model
performance across all metrics. The Mean Absolute Error (MAE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE)
generally exhibit an upward trend, whereas the R2 Score shows a decline. The ARIMA
model exhibits the most prominent manifestation of this tendency, while the machine
learning models, including XGBoost and Gradient Boosting, display a less severe impact.
In the XGBoost model for SPEI3, the MAE increases from 0.18 at Step 1 to 0.24 at Step 6.
Simultaneously, the R2 Score declines from 0.938 to 0.91. This trend indicates that as the
forecast horizon increases, all models face greater difficulty in making precise forecasts.
This behavior is commonly observed in time series forecasting.

When comparing model performance, there is a noticeable pattern of improvement
as the SPEI scale grows from 1 month to 12 months. This is clearly apparent in all mea-
surements and frameworks. In the Gradient Boosting model, at Step 1, the MAE falls from
0.32 for SPEI1 to 0.085 for SPEI12. At the same time, the R2 Score increases from 0.84 to
0.94. The reason for this improvement is probably because longer-term drought indices,
such as SPEI6 and SPEI12, are less influenced by short-term fluctuations and so exhibit
greater predictability. The MAPE values exhibit a significant decline as the SPEI scale
grows, suggesting that the percentage mistakes are considerably reduced for predictions
made over longer periods.

Model comparison: XGBoost and LSTM consistently demonstrate superior perfor-
mance compared to the other models across all criteria. They attain the minimum MAE,
MSE, RMSE, and MAPE values, as well as the maximum R-squared (R2) scores. Gradi-
ent Boosting and RNN models demonstrate moderate performance; however, ARIMA
consistently exhibits inferior performance. As an illustration, in the case of SPEI12 at
Step 1, XGBoost obtains a Mean Absolute Error (MAE) of 0.084 and an R2 Score of 0.97,
whereas ARIMA has an MAE of 0.22 and an R2 Score of 0.91. These findings indicate that
tree-based machine learning and deep learning models are better at capturing the intricate
relationships in SPEI data, regardless of the SPEI scales and steps.

The interaction between Step, SPEI, and Model: the effect of increasing steps is more
noticeable for shorter SPEI scales and less sophisticated models. ARIMA'’s performance
deteriorates more rapidly over time for SPEI1 compared to SPEI12. In contrast, XGBoost
and LSTM exhibit consistent performance across the iterations, particularly for longer
SPEI scales. This interaction implies that more advanced models are more effective at
maintaining accurate predictions over extended forecast periods, especially for long-term
drought indices (Figure 11).

The extensive analysis of metrics across Steps, SPEI scales, and Models presents
compelling evidence for the higher effectiveness of machine learning techniques, namely
tree-based methods, in forecasting SPEI. Furthermore, it emphasizes the growing reliability
of longer-term drought indices and the widespread difficulty of maintaining accurate
predictions over long forecast periods.

Through thorough comparisons, it becomes clear that LSTM routinely surpasses
other models, particularly when it comes to making predictions for longer-term SPEI The
architecture of this model, specifically built for processing time series data, successfully
captures temporal relationships, leading to reduced error metrics and improved R2 scores.
Gradient Boosting exhibits strong performance, although it is marginally less precise than
LSTM when making predictions over longer time intervals. XGBoost, although it performs
well compared to other methods, often shows greater error metrics, suggesting that further
optimization may be necessary. Recurrent Neural Network (RNN) models, while beneficial,
typically exhibit elevated levels of errors, indicating that they may not be well-suited for
this specific forecasting task. Overall, LSTM and Gradient Boosting models demonstrate
notable efficacy, particularly for extended SPEI durations and prediction steps. These
insights are essential for choosing the suitable model for drought forecasting applications,
guaranteeing precise and dependable predictions over various time scales.
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Figure 11. Model performance comparison chart.

4. Discussion

This study evaluates the performance of various models (ARIMA, Gradient Boosting,
XGBoost, RNN, and LSTM) across different prediction steps and SPEI durations using
multiple error metrics: MAE, MSE, RMSE, R2 Score, and MAPE. Each metric provides
unique insights into model accuracy and robustness, highlighting strengths and weaknesses
in different contexts.
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The performance of the models varies for each step, with the MAE and RMSE often
being larger in the beginning steps and improving as the prediction horizons increase. The
observed pattern indicates that models may demonstrate improved adaptation to data
patterns as the forecast timeframe increases. For example, LSTM regularly demonstrates
low MAE and RMSE values at each step, suggesting its effectiveness in capturing temporal
relationships. Gradient Boosting exhibits strong performance; however, it is slightly inferior
to LSTM, especially during the first steps.

Observations revealed a distinct pattern of enhanced model performance as the SPEI
scale increased, encompassing all models and indicators. The enhancement was most
noticeable while transitioning from SPEI1 and SPEI3 to SPEI6 and SPEI12. The observed
trend indicates that it is easier to forecast long-term drought conditions compared to
short-term variations. Multiple variables can potentially influence this phenomenon:

- Long-term indices are less influenced by short-term weather fluctuations, rendering
them more stable and predictable.

- The process of collecting data over extended periods can reduce the impact of ran-
dom variations and oscillations, enabling models to accurately identify and analyze
underlying patterns.

- Prolonged drought conditions may have a stronger correlation with large-scale climatic
trends, which often change at a slower and more predictable rate.

- These findings have significant ramifications for the prediction and control of droughts.
They indicate that precisely anticipating short-term drought conditions is still difficult,
but there is a higher level of confidence in predicting longer-term drought outlooks.

Out of all the models, LSTM regularly performs better than the others, particularly
when it comes to making predictions for longer time periods and SPEI durations. It
demonstrates superior performance by achieving lower MAE, MSE, and RMSE values.
Additionally, it exhibits higher R-squared (R2) scores, indicating its ability to accurately
capture intricate patterns in time series data. Gradient Boosting exhibits impressive perfor-
mance, especially in regard to its R2 score and MAPE, which demonstrates its resilience in
generating precise predictions. XGBoost, although it is competitive, typically shows greater
error metrics, indicating the necessity for more tuning. RNN models, while beneficial,
generally exhibit elevated levels of errors, suggesting that they may not be as efficient for
this particular task in comparison to LSTM and Gradient Boosting. The subpar performance
of ARIMA underscores the constraints of linear statistical models in comprehending the
intricacies of drought index dynamics.

This study emphasizes the need to choose suitable models and indicators that align
with the unique forecasting needs. LSTM and Gradient Boosting models exhibit excep-
tional efficacy in long-term SPEI forecasts, rendering them well-suited for use in drought
forecasting and climate studies. These findings emphasize the importance of employing
comprehensive assessment metrics to measure many facets of model performance, thus
guaranteeing strong and dependable predictions. This holds paramount importance in
the realm of establishing timely cautionary measures and alleviating the repercussions
of drought situations. The discoveries further indicate that the integration of supplemen-
tary meteorological and oceanographic indicators, such as the SOI Anomaly and SST
NINO4, has the potential to bolster the prognostic capacities of the models, particularly
for extended-term forecasts (SPEI-12). This underscores the significance of judiciously
selecting input parameters that effectively encapsulate the fundamental climatic factors
influencing drought occurrences.

The occurrence of droughts in the Mekong Delta is affected by a range of climatic
factors, including fluctuations in precipitation, shifts in temperature, and the influence of
large-scale atmospheric patterns like the Southern Oscillation Index (SOI). Prior research has
emphasized the intricate characteristics of drought occurrences in the area, demonstrating
substantial differences in space and time [63]. Our findings are consistent with these
observations since the machine learning models accurately captured the complex dynamics
of these climate variables. Moreover, the findings of this study align with prior research
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findings about severe droughts in 2010 and 2019 (where —2 < SPEI < —1.5), as well as
extreme droughts in 1987-1988, 1998, and 2015-2016 (where SPEI < —2) in the Mekong
Delta in Vietnam [46,64,65].

The conventional approaches to drought prediction in the area have mainly depended
on statistical models, which frequently fail to effectively forecast droughts due to their lim-
ited capacity to handle nonlinear associations among climatic variables. On the other hand,
machine learning models, like XGBoost, have shown a greater ability to represent these
complex interactions, resulting in more precise predictions. These results are consistent
with findings from comparable studies conducted in other areas of the world, where the
use of advanced modeling approaches has demonstrated enhanced accuracy in predicting
droughts [19,66-71]. The table below provides a summary of the comparison between the
results of this investigation and previous studies (Table 5).

Table 5. Table comparing the results of the study to the existing literature.

Related Work Methods Data Prediction Metrics Results
Frequency Steps
Informer model outperformed
Application of ARIMA and LSTM.
Informer Model Based ?ﬁﬁﬁ)’:ﬁ;ﬁﬂ’ monthl :1;1:21, 6,9,12 MAE, RMSE NSE = 0.968-0.986
on SPEI for Drought models y 24-month and NSE Informer model enhanced
Forecasting [19] precision of SPEI prediction on
different timescales
ﬁ}f’g’r o O i L SV The ARIMA-LSTM model has
model based on the ARIMA-SVR, monthly 1,2,6,12and NSE the highest prediction accuracy
24-month at the 6-, 12-, and
SPEI for drought LS-SVR, and 24-month scales
forecasting [28] ARIMA-LSTM
Prediction of the
standardized
precipitation index
based on the Long
Short-Term Memory LSTM and LSTM model yielded the best
and empirical mode EMD-ELM hybrid = monthly é:r?{oarﬁi gﬁfi@dAE results for SPI-1 and SPI-3
decomposition- model month time scales.
extreme learning
machine models: The
Case of Sakarya,
Ttirkiye [29]
A transparenc The stacking model
fusion-lfase q y XCBoost. RE outperforms other models with
methodology for LightGBM land ) an average R2 value of 0.845.
; monthly R Extreme precipitation, soil
meteorological Ensemble 12-month .
drought stacking model moisture, runoff, and precedent
rediction [67] SPEI explain over 80% of the
P prediction variance.
The bias-corrected random
o forest (BRF) model outperforms
?;g?iﬁg;gggmg XGBoost and SVM in estimating
. . the Standard Precipitation
Evaluation Based on Remote Sensing, Evapotranspiration
Machine Learning BRF, XGBoost and ~ monthly 3-month RMSE and R? In dfx (SPEII)D
Fusion of Multi-Source ~ SVM )

Remote Sensing
Drought Factors [68]

The BRF model effectively
monitors drought conditions in
areas without ground
observation data.
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Table 5. Cont.

Related Work Methods Data Prediction Metrics Results
Frequency Steps
The spatial extent of drought
Estimation of SPEI increased significantly. Mild
Meteorologl.cal RE, XGBoost, 3 and NSE, MSE, drought zf,}}owec.l a
Drought Using CNN and LSTM monthly 6-month MAE, MBE non-significant increase.
Machine Learning and R? The XGB and RF versions are
Algorithms [69] considered to be
highly effective.
- The XGBoost model showed
Quantitative . .
outstanding performance in
Assessment of redicting drought impacts
Drought Impacts 1,3,6,9 and F2, Recall and p & & p
. XGBoost, SHAP monthly in Texas.
Using XGBoost based 12-month Accuracy .
The Shapley additive
on the Drought Impact . .
Reporter [70] explanation technique revealed
p the rules guiding the prediction.
Drought Forecasting
in Alibori Department XGBoost showed better
in Benin using the performance in drought
Standardized RF and XGBoost monthly 1,3,69and  RMSE, MSEZ’ prediction models. XGBOOST
N 12-month MAE and R -
Precipitation Index had coefficients of
and Machine Learning determination 0.89, 0.83, 0.99.
Approaches [71]
Big data based
architecture for
ig?;lglﬁts;(’l\r/fcflgﬁ . ARIMA, onthl 1,3,6,9and RMSE,MAE  LSTM outperformed other
& § ’ PROPHET, LSTM y 12-month and R? models in drought forecasting
and Prophet: Case
study of the Jiangsu
Province, China [72]
Drought prediction
based on SPTand SPEL gy, LSTM outperforms ARIMA in
with varying . 1,6 and RMSE, MAE
. . Holt-Winters and ~ monthly 5 long-term drought
timescales using LSTM 12-month and R .
LSTM prediction accuracy.

recurrent neural
network [73]

This table provides a comprehensive comparison between the current study and the
existing literature on drought prediction models. The results indicate that the LSTM and
XGBoost models are consistently effective across various studies and regions, showcasing
their robustness in predicting drought indices such as SPEI. Our study aligns with this
trend, demonstrating high accuracy in forecasting drought conditions in the Mekong Delta
with R? values ranging from 0.90 to 0.96.

The exceptional efficacy of LSTM and XGBoost models in all timeframes highlights
their resilience in capturing the intricate interaction of climatic factors that affect drought
conditions. The improved predictive capacity is of great importance for the Mekong Delta
region. Accurate forecasts of drought can provide valuable information for appropriate
actions, leading to a reduction in agricultural losses and the mitigation of negative social
effects. Moreover, these models can be incorporated into current climate monitoring
systems to offer uninterrupted, instantaneous predictions of drought.

This study has produced encouraging outcomes; however, it is imperative to acknowl-
edge the existence of several constraints. The use of historical climate data suggests that
the models might not fully encompass unprecedented climatic variations stemming from
global warming. Future investigations ought to explore the inclusion of real-time data and
the integration of supplementary environmental factors such as soil moisture and land-use
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changes to enhance the accuracy of the model. Moreover, broadening the geographical
scope beyond the Mekong Delta region could validate the applicability of the models to
other areas facing similar climate-related challenges. Subsequent research should scruti-
nize the integration of more advanced feature selection techniques to further enhance the
model’s performance. Additionally, it would be valuable to investigate hybrid models that
exploit the benefits of both machine learning and deep learning methodologies to boost
the precision of SPEI forecasts. The implementation of these models in various geographic
regions and the assessment of their adaptability to diverse environmental conditions could
yield more profound insights into their robustness and importance.

5. Conclusions

The study evaluated ARIMA, Gradient Boosting, XGBoost, RNN, and LSTM models,
among other predictive models for Mekong Delta drought forecasting. Using error mea-
sures, including MAE, MSE, RMSE, R2 Score, and MAPE, the models were evaluated over
several prediction steps and SPEIs. Research evidence demonstrates that LSTM models
frequently outperform other models, particularly for longer prediction intervals and SPEI
durations. LSTM showed better R2 scores and reduced MAE, MSE, and RMSE values; there-
fore, this suggests its ability to capture intricate temporal patterns in drought time series
data. Particularly for longer-term SPEIs, XGBoost also displayed excellent performance.

The models consistently demonstrated enhanced performance as the SPEI scale pro-
gressively raised from 1 month to 12 months, as observed across all models and indicators.
This implies that long-term drought conditions are more predictable than short-term fluctu-
ations. Nevertheless, the accuracy of the forecasts decreased for all models as the prediction
steps grew from one to six, with ARIMA exhibiting the most significant deterioration. By
incorporating climatic indices such as SOI Anomaly and SST NINO4, the model’s perfor-
mance was improved, especially for projections that extend over longer periods of time.
This emphasizes the significance of including major climate factors in drought forecasting
models for the Mekong Delta region.

These findings are consistent with earlier research on severe drought episodes in
the Mekong Delta and are in line with similar studies conducted in other places, which
have shown the effectiveness of advanced modeling tools for predicting droughts. The
exceptional efficacy of LSTM and XGBoost models in comprehending intricate correlations
among meteorological variables establishes a strong basis for making well-informed deci-
sions in the management of water resources, agriculture, and the preservation of ecosystems
in regions susceptible to drought.

Although this study presents encouraging findings, its limitations stem from the use
of past climate data and the possible inability to accurately represent extraordinary climate
fluctuations caused by global warming. Subsequent investigations should examine the
integration of up-to-the-minute data, supplementary environmental variables, and more
sophisticated methods for selecting features in order to further improve the performance
of the model. Furthermore, conducting tests on these models in other geographical re-
gions could yield more profound insights into their resilience and suitability in varied
environmental settings.

To summarize, this study showcases the considerable capacity of Artificial Intelligence,
specifically LSTM and XGBoost models, to improve drought forecasting capacities for the
Mekong Delta. These advanced modeling tools enhance the precision, dependability, and
effectiveness of drought predictions, thereby facilitating preemptive measures to alleviate
the negative effects of droughts on communities, economies, and ecosystems in the region.
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