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Abstract: Droughts have a substantial effect on water resources, agriculture, and ecosystems on a
worldwide scale. In the Mekong Delta of Vietnam, droughts exacerbated by climate change are
significantly endangering the region's agricultural sustainability and output. Conventional
forecasting techniques frequently do not capture the intricate dynamics of meteorological
phenomena associated to drought effectively, prompting the exploration of more advanced
methodologies. This work utilises artificial intelligence, particularly machine learning methods like
Gradient Boosting and Extreme Gradient Boosting (XGBoost), to enhance drought pre-diction in the
Mekong Delta. The study utilises data from 11 meteorological stations spanning from 1990 to 2022
to create and evaluate Machine Learning models based on several climatic factors. We utilise
Gradient Boosting and XGBoost algorithms to estimate the Standardised Precipitation-
Evapotranspiration Index (SPEI) and evaluate their effectiveness in comparison to con-ventional
forecasting techniques. The results show that Machine Learning, particularly XGBoost, surpasses
traditional approaches in predicting SPEI accuracy at various time scales. XGBoost demonstrates
skill in understanding the complex relationships between climatic factors, with R? values falling
between 0.90 and 0.94 for 1-month forecasts. The progress highlights the potential of Machine
Learning in improving drought management and adaptation tactics, proposing the incorporation of
Machine Learning forecasting models into decision-making processes to enhance drought resistance
in susceptible areas.

Keywords: drought forecasting; machine 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 conterminous 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 international impact.

Drought forecasting is important for several reasons, as follows. First, it allows early action to
be taken to mitigate the impacts of drought events. This can include measures, such as early livestock
destocking and water management strategies [6]. Second, accurate drought prediction can help in the
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management of groundwater sources, agriculture, and ecosystems, thereby reducing the social and
economic harm caused by drought [7]. Additionally, forecasting future drought conditions is crucial
for preventing agricultural and hydrological resource damage in models that can be used to predict
drought severity classes [8]. Furthermore, impact-based drought forecasting can provide critical
information for disaster preparedness and adaptation, and increase community resilience [9]. Lastly,
forecasting droughts on a seasonal timescale can provide useful insights into the increase in the
frequency and intensity of extreme events and their location [10].

Accurate prediction of drought is essential for reducing the negative effects of drought in the
Mekong Delta, Vietnam, impacting agriculture, water management, and community resilience. It
facilitates strategic agricultural planning, optimises water resource allocation, and improves early
warning systems to prepare for difficulties associated to 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 applying artificial intelligence (Al) to forecast the drought index in the
Mekong Delta, aiming to address and achieve key objectives. Primarily, it seeks to surpass the
constraints of conventional drought forecasting techniques, which frequently fail to accurately
represent the intricate and changing climatic conditions unique to the Mekong Delta. Through the
utilization of Al, the study aims to significantly improve the precision and dependability of drought
forecasts. Furthermore, the enhanced forecasting capability provided by Al is intended to facilitate
the issuance of timely warnings and the initiation of preemptive actions. This proactive approach
empowers communities, governmental bodies, and other pertinent stakeholders to adequately
prepare for and mitigate the repercussions of imminent water scarcities and related challenges.

Current methods for forecasting drought involve a combination of statistical, probabilistic, and
data-driven approaches. The historical perspective of drought in the Mekong Delta reveals a complex
interplay of climatic, hydrological, and anthropogenic factors that have shaped the region's
vulnerability to water scarcity. Understanding the historical context provides insights into the
recurring challenges faced by the Mekong Delta and sets the stage for innovative approaches, such
as the application of artificial intelligence, to address contemporary drought issues. A study by [11]
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 [12]. This region has also
experienced a shift in the spatial distribution of meteorological droughts, with a decrease in
frequency and an increase in severity [13]. The impact of these droughts on agriculture, particularly
on rice production, is significant [14]. The construction of mega-dams in the Mekong River has further
exacerbated this situation, leading to reduced water levels and increased dry season droughts [15].
Nguyen Thi Ngoc et al. evaluated meteorological droughts using the standardized precipitation
index (SPI) based on data from the Tropical Rainfall Measuring Mission (TRMM) [16]. Tran et al. used
the Normalized Difference Water Index (NDWI) derived from Landsat satellite images to analyze
drought severity and spatiotemporal dynamics. Tran et al. (EDSI) by integrating remote sensing data
and spatiotemporal regression methods to assess the severity of agricultural drought severity [17].
Pal and Juddoo conducted a comprehensive drought risk assessment that considered climate change
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impacts in the coastal provinces of the Mekong Delta [18]. Nguyen and Li analyzed the correlation
between sea surface temperature anomalies (SSTA) and meteorological droughts in the Vietnam
Mekong Delta [19]. These studies demonstrate the use of various methods and data sources for
drought forecasting in the Mekong Delta. Quang et al. 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. El Nifio was found to strongly influence
extreme drought events in VMD, and adaptation measures are crucial for coping with drought
disasters, particularly in the agricultural and aquaculture sectors [20].

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 [16]. 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 [21]. 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 [22]. Furthermore, the reduced number of elderly people in the community has led to a
decline in the diversity and complexity of the interpretation of these indicators [23]. 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 [24].

Artificial Intelligence (AI) techniques, particularly Machine Learning (ML), have been
increasingly used for drought forecasting. These models have been applied to improve current
weather forecasts and as alternatives to conventional predictions of extreme events [25]. 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 [17]. Additionally, spatiotemporal
regression methods and time-series biophysical data derived from remote sensing were integrated to
develop a new drought index called the enhanced drought severity index (EDSI). These approaches
have demonstrated the potential of Al and ML in drought forecasting and risk assessment in the
Mekong Delta region.

Artificial intelligence, particularly in the form of artificial neural networks, has shown promise
for drought forecasting. Luong Bang Nguyen and ]J. Lee demonstrated the effectiveness of this
technology for predicting drought indices and rainfall, respectively [26,27]. 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 [28]. 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 [29]. These studies collectively underscore the potential of artificial
intelligence in improving drought forecasting in the Mekong Delta.

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 [30-33]. The SPEI combines meteorological and hydrological variables, such as precipitation,
evapotranspiration, and groundwater levels, to provide a comprehensive assessment of drought [34].
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 [35], whereas a new multiscale SPEI dataset has been
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provided for reference and future time horizons in Italy [36]. 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 [32]. In China, the SPEI has been used to accurately monitor drought
events, with spatiotemporal distribution and trends analyzed in various climatic sub-regions [37]. 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 [38].

The Standardized Precipitation Evapotranspiration Index (SPEI) has several advantages. It is
useful for assessing both drought and wetter-than-normal conditions, and provides a comprehensive
understanding of moisture variability [36]. SPEI is a reliable tool for drought prediction because it is
simpler, faster, and requires fewer data points than dynamic models [39]. 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) [40]. 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. The Standardized
Precipitation Evapotranspiration Index (SPEI) is a reliable drought index that can be used for accurate
drought assessment and forecasting.

The role of artificial intelligence in drought forecasting is transformative and offers innovative
solutions to overcome the limitations of traditional approaches. By harnessing the power of Al,
drought forecasting becomes more accurate, adaptive, and responsive, ultimately supporting
effective water resource management and enhancing resilience in drought-vulnerable regions.

2. Materials and Methods

2.1. Study Area

The Mekong Delta is a region in southwestern Vietnam 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 Mekong Delta is known for its cultural diversity, with various ethnic
groups and religions coexisting 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).

The main seasons in the Mekong Delta are dry and rainy. The dry season typically occurs from
December to May, whereas the rainy season occurs from June to November [42]. The dry season is
critical for rice production, as more than 80% of rice is planted during this time when water flow is
at its lowest [43]. However, the wet season supplies the majority of the water needed for rice
production and other agricultural activities in the delta [44]. The seasons in the Mekong Delta are
affected by climate change, which leads to alterations in rainfall patterns and water availability [45].
These changes in weather patterns have implications for the crop yield and water quality in the region.

Drought is a prevalent concern in the Mekong Delta because of climate change impacts [18]. The
intensity, duration, and frequency of meteorological droughts in the delta have been studied using
various indices[46]. The Vietnamese Mekong Delta (VMD) has experienced droughts that affect
agriculture and aquaculture [47]. The Standardized Precipitation Index (SPI) has been used to
identify drought events and their impact on rice yields in the VMD [48]. VMD, particularly Ca Mau
Province, experiences both dry and wet conditions, with prolonged drought events extending into
the wet season [49]. 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.
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Figure 1. The geographical location and metrological stations in the Mekong Delta.

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, hydrological, and
environmental variables that are critical for understanding and forecasting drought events.

For this study, we analyzed data from 11 meteorological stations (1990 — 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 (Vietham 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
Temperature (°C)

Annual Mean

Geographical Locations Rainfall (mm)

Station Name

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°1028.5"N 105°10'41.5"E 2366 26.7
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Rach Gia 10°00'44.5"N 105°04'37.7"E 2057 27.6

The yearly precipitation in the Mekong Delta typically exceeds 1,350 - 2,366 mm. The Ca Mau -
Rach Gia region experiences the highest levels of rainfall, with measurements ranging from to 2000-
2,366 mm or more. Approximately 30% of the weather stations record a rainfall of 1,300 mm or more.
In contrast, areas such as My Tho receive a lower amount of precipitation, with levels ranging from
approximately 1,300 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 (SST), 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/. SOI and
SST data were obtained from the National Oceanic and Atmospheric Administration (NOAA)
website at https://www.ncei.noaa.gov/access/monitoring/enso. The data sources were constantly
maintained, and no post-processing was performed.

Il cwse -e~ Rainfall

Ba Tri Bac Lieu Ca Mau Can Tho

200
100

-100

Cang Long Cao Lanh Chau Doc Moc Hoa

CWBL/Rainfall (mm)

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
utilised in modelling [50]. This entails:
1. Data cleaning:
e  Handling missing values: Methods include replacing missing values with the mean, using
regression to estimate missing values, or removing incomplete cases.
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e  Correcting Inconsistencies and Outliers: This involves identifying and resolving errors or
outliers using data profiling, statistical methods, or domain-specific knowledge.
2. Normalize data:
Ensures all variables are on the same scale, typically between 0 and 1, to improve algorithm
accuracy. The formula used is:

XO - Xmin (1)

X =
norm

Ximax — Xmin

where X norm is the normalized value, and Xo, Xmin, and Xmax are the real value, minimum value, and

maximum value of the same variable, respectively.

3. Split data: The data will be partitioned into training and testing sets, with 80% of the data used
for training and 20% used for evaluating the model.

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 wused to estimate reference
evapotranspiration (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 [51,52]. The HS equation performs well
under different climatic conditions and environments, including regions with high altitudes [53]. In
some cases, the HS equation outperforms the FAO56-PM method, particularly when meteorological
data are limited or unavailable [54]. 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 [55], as shown in the following equation:

ETy = CoRa'(Trax — Trmin) > (T + 17.8) 2)

Where:
- R,: extraterrestrial solar radiation, in mm day-!
- Cy: conversion parameter (=0.0023)
- Tmax, Tmin and T: the maximum, minimum and average temperature (°C),
Water balance, which refers to the excess or shortage of water, was computed accordingly.

Di=Pi_E0i (3)

Di 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 [56].

The SPEI package for R [57], 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 standardised precipitation
evapotransporation index (SPEI).

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

-2<SPEI<-1.5 Severely dry
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SPEI < -2 Extremely dry

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 generalise to new data [58,59].

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 utilises probabilistic frameworks to
calculate the average of many models, taking into account the uncertainty related to the parameters
of each model [50].

If we have two models M1 and M2 and assume that one of them is true, the posterior probability

of M1 is:
P(M,)P(M,)
P;(M,|y) = 4
D) = PP + POIMPOL) @
In fact, we can also compare the two models Mi and Mz through real evidence:
P(M P(M P(M
( 1|7)_ (NMy) < (My) )

P(Ma]p) ~ P(AMy) ~ P(My)

This ratio is called the Bayes factor (BF). In the above interpretation, BF gives us information that
the data are toward M1 or M2. With the BMA method, each study does not have only one model, but
there can be many models that can also explain .

Various elements, such as climate and meteorology, influence the outcomes of calculating the
drought index, known as the standardized precipitation-evapotranspiration index (SPEI). The 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. Artificial Intelligence Model Selection

The accuracy of the models utilized is crucial for forecasting the SPEI. Scientists have
investigated many artificial intelligence (AI) methods, such as machine learning models, to make
precise predictions of the SPEI index. According to the results of the literature review, the machine
learning methods widely employed for SPEI prediction include Gradient Boosting, Extreme Gradient
Boosting (XGBoost).

Gradient boosting algorithms such as XGBoost and Gradient Boosting can be effectively 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
SPElindex [60]. By utilizing the principles of gradient boosting, these algorithms can iteratively refine
the predictions and incorporate the strengths of multiple 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 index [61]. 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 index.
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Furthermore, these gradient boosting algorithms have shown promising results in forecasting
different seasons and multimonth-ahead reference evapotranspiration. In summary, gradient
boosting algorithms, specifically XGBoost and Gradient Boosting, were highly effective in predicting
the SPEI index.

1. Gradient Boosting algorithms

Gradient boosting algorithms are a collection of strategies that improve the performance of
weaker models (learners) by progressively combining them to decrease bias and variation in
supervised learning situations [62]. Gradient boosting leverages the advantages of several models to
construct a resilient predictive model that outperforms any individual poor learner [50].

Given a training dataset D = {xi, yi}Ni, the goal of gradient boosting is to find an approximation,
F(, of the function F¥(x), which maps instances x to their output values y by minimizing the expected
value of a given loss function, L(y, F(x)). Gradient boosting builds an additive approximation of F*(x)
as a weighted sum of functions (6):

En(x) = Fpq(x) + thm(x) (6)

where p, is the weight of the mt function, hm(x). These functions are the models of the ensemble
(e.g., decision trees). The approximation is constructed iteratively.
Below is a thorough analysis of the functioning of gradient boosting:

e Model Initialization: The procedure commences by constructing an initial model utilising 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.

e  Sequential Model Addition: A novel model is trained to forecast the discrepancies between 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 utilised
to revise the residuals.

e  Weight Adjustment and Reweighting: The data points' weights are modified to prioritise 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.

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

2. Extreme Gradient Boosting (XGBoost):

XGBoost is a machine learning technique that use a gradient boosting framework to improve the
accuracy of predictions. The algorithm lends greater importance to incorrectly classified data pieces,
prioritising their accurate prediction in subsequent iterations [63]. XGBoost enhances existing
gradient boosting algorithms by integrating regularisation approaches to reduce overfitting and
employing advanced optimisation techniques to improve computational performance [50].

The purpose of the model is simplification through optimizations of the training loss (/) and
regulations (Q). fx is the function of the K—tree. The objective function (J) in round t is given by
Equation (7).

JO =3 1 9 + Tk Afe) @)
Here is a concise summary of its functionality:

e  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.

e  Subsequent Models: Additional trees are constructed to forecast the discrepancies from the
preceding model. These algorithms prioritise the analysis of data points that were previously
misclassified or inaccurately anticipated.
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e  Optimisation 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 optimised by utilising the residuals obtained from each stage.

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

2.3.5. Model Evaluation Method

The evaluation of the accuracy of models forecasting the Standardised Precipitation
Evapotranspiration Index (SPEI) in the Mekong Delta is based on the following indicators: Mean
absolute error (MAE); The mean square error (MSE); The root mean square errors (RMSE); and The
coefficient of determination (R2) [50]. The criteria for evaluating (calibrating) the models are
presented in Equations (8)—(11):

MAE = =¥ .|P; — M;]| (8)

MSE = =Y ,(P; — M;)? )

RMSE = / >N (P, — M,)? (10)
ESS

RZ=1- (ﬁ) (11)

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.

e  Stations with an SPEI < -2 (extremely dry) include Can Tho. These stations received less rainfall
than the other stations; hence, the SPEI index 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

index is high.
i) g ﬁ.lrffHM\'h'rrn'ﬁ"iMWWJ il Jﬁl fﬂﬁ'f ! v JJ il r,w“M u.n?” F‘JH il " ,;Mr rﬂﬁh{"."
_ Cang Lor : Cac Lanh I I I ) g Cang Long Cao Lanh
g gl rwwawr..#ﬂ” gl il g g HMM m,mww..mwﬁ il ﬁ'%rrmww i

wwwwwwwwwwwwwww

A i il g il

3
2

£§8888¢:28 88888228 8§8¢8¢8¢2¢2¢ 885552888 58855228 g3g8s:¢28

72258888 22288888 2228888¢% FPIRERREAER 22%88&888 22288&8:88

a) Chart of SPEI-1 (1 month) b) Chart of SPEI-3 (3 month)


https://doi.org/10.20944/preprints202405.1693.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 May 2024 d0i:10.20944/preprints202405.1693.v1

11

Chart of SPEI6 for 11 Meteostations in the Mekong Delta Chart of SPEI12 for 11 Meteostations in the Mekong Delta
Bac Liet Gan Tho BaTri Bac Lieu CanTho

; ||I|[ |,.F“I ’\'pll" '.‘lIJ)I |I'n'-I lJ l'fff’l'p'l'r['" ||I|]'l||llﬁlllll'fjlull[JlIf|[ll'lj"ll |lr|“'|"|ljll|l|l'|"|'|||||[||'ll'll

Cang Long Cao Lanh Chau Dot Moc Hoa Gang Long Cao Lanh Ghau Doc Moc Hoa

:‘Z I "|"" ol |‘le |“ﬂ|” pfm'pumﬂl ||[|F'|"IIIFJ"HH’|'W|“ ||]""l rf'.l'l,rrlﬂr‘.'[l'(lﬁ“ g

lllllﬂjlillmmhall llr,nlljlﬁf,,,“,nil |Il'ljll|rjl.ll,u,|'|ll.“u,l l'r..iil,ﬂl_wrill

SPEI6

|III"'|""-|°**I“-|r'II ||[‘""'“|-r-"ﬂ||"il Ill”"“h---m:"' |||“""'lrl'*1*1llf'||

My Tho Rach Gia Soc Trang 888883535 8 My Tho Rach Gia Soc Trang 8 & EEE8z:5: 8
NNNNNN N 2228&QRK

E ||||l|"m’l'I'J'T|'”J[J'IfI1'JJ“'“ I||""JI'I“JIJJF|'If|'|"Jrl‘“JI ||IITIII“J“"'I'IW'IFI'I"II'JI'. §|||||'“ Il II""ll"’l"'fl“’I I||"'.Il.’!l"'!’lﬁliI ||IIIllll "“"l"“'r"li".

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 (1990 - 2022).

3.2. Feature Selection Results by BMA

Feature selection is a technique that involves minimizing the number of input variables 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 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 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).
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Figure 4. Correlation chart of drought index and meteorological parameters.

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:

e  The model for SPEI-1: Seven parameters were selected as Rainfall, Avg Tmax, Avg Tmin,
Avg_Hum, PET, SOI_Anomaly, and SST_NINO4 (posterior probability was 100%).
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e  The model for SPEI-3: four parameters were selected: Rainfall, Avg_Tmin, Avg_Hum, and
SST_NINO4 (posterior probability was 92.5%).

e  The model for SPEI-6: Four parameters were selected: Rainfall, Avg Tmin, Avg_Hum, and
SST_NINO4 (posterior probability was 100%).

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

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 #
a) Models SPEI-1 selected by BMA b) Models SPEI-3 selected by BMA
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

Figure 5. Graph of the selection of important parameters by BMA.

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 method to predict only the SPEIL. The models were developed based on various time periods
and included Gradient Boosting (GB) and Extreme Gradient Boosting (XGBoost). Table 3 displays the
outcomes of the hyperparameter-tweaking process.

Table 3. Table of results of hyperparameter tuning.

No. Model name Hyperparameter tuning
- Distribution = “Gaussian”.
- cv.folds=10:

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);
2 eXtreme Gradient Boosting The shrinkage parameter A (eta in the params): 0.01;
(XGBoost) L
The number of splits in each tree: max.depth = 5.

1 Gradient Boosting (GB)

The SPEl is calculated at different timescales (1, 3, 6, and 12 months) to capture short-term and
long-term drought conditions. The forecast results for SPEI-1, SPEI-3, SPEI-6, and SPEI-12 are
presented in Figures 6-9 along with a comparison chart illustrating the discrepancy between the
predicted and computed SPEI values for the test data.
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SPEI-6 test data prediction

— Actual — Forecasting (Gradient Boosting)

SPEI-B

w

SPEI-6 test data prediction

— Actual — Forecasting (XGBoost)

500
D

750 1000

a) Gradient Boosting

b)

250 500
D

1000

eXtreme Gradient Boosting

Figure 8. Comparison chart between forecast and actual SPEI-6 for the test data.

SPEI-12 test data prediction

— Actual — Forecasting (Gradient Boosting)

SPEI-12

SPEI-12 test data prediction

— Actual — Forecasting (XGBoost)

‘||

500
D

1000

a) Gradient Boosting

b)

250 500 750
ID

eXtreme Gradient Boosting

1000


https://doi.org/10.20944/preprints202405.1693.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 May 2024

14
Figure 9. Comparison chart between forecast and actual SPEI-12 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), and coefficient of
determination (R2). 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 in the study area.

Table 4. Statistical table of evaluation results of models to predict the SPEI.

Evaluation criteria

Models Input parameters Output MAE MSE RMSE R?

Gradient Rainfall, Avg_Tmax, Avg_Tmin, Avg Hum,

Boosting  PET, SOI_Anomaly, SST_NINO4
Rainfall, Avg_Tmin, Avg Hum, SST NINO4 SPEI-3 038 026 051 0.83
Rainfall, Avg_Tmin, Avg_Hum, SST_NINO4 SPEI-6 036 024 049 0.86
Rainfall, Avg_Tmin, Avg_Hum, SOI_Anomaly,
SST_NINO4

XGBoost  Rainfall, Avg_Tmax, Avg_Tmin, Avg Hum,
PET, SOI_Anomaly, SST_NINO4
Rainfall, Avg_Tmin, Avg Hum, SST_NINO4 SPEI-3 033 021 045 0.89
Rainfall, Avg_Tmin, Avg_Hum, SST_NINO4 SPEI-6 032 019 041 090
Rainfall, Avg_Tmin, Avg_Hum, SOI_Anomaly,
SST_NINO4

SPEI-1 034 019 044 090

SPEI-12 036 023 048 0.87

SPEI-1 028 0.16 037 094

SPEI-12 030 0.17 041 0.92

This table outlines the performance of the Gradient Boosting and XGBoost models trained to
predict the Standardized Precipitation-Evapotranspiration Index (SPEI) over different time scales: 1,
3, 6, and 12 months. 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).

The SPEI-1 model utilizes a comprehensive range of inputs to forecast SPEI on a monthly scale.
The model's performance metrics included an MAE ranging from 0.28 to 0.34, MSE from 0.16 to 0.19,
RMSE from 0.37 to 0.44, and an R? from 0.90 0.94. These values demonstrate high accuracy and
indicate that XGBoost captures the intricate dynamics that influence monthly drought conditions.

The SPEI-3 model streamlined its inputs for the 3-month prediction by omitting the Avg_Tmax,
PET, and SOI anomalies. The model demonstrates MAE ranging from 0.33 to 0.38, MSE from 0.21 to
0.26, RMSE from 0.45 to 0.51, and R? value between 0.83 and 0.89. It provides robust predictive
capabilities, albeit significantly less precise than those of the 1-month model.

The SPEI-6 model, using identical inputs as the SPEI-3 model, produced a 6-month forecast with
an MAE ranging from 0.32 to 0.36, MSE from 0.19 to 0.23, RMSE from 0.41 to 0.49, and an R? between
0.87 and 0.90. This suggests that the model is highly efficient in predicting mid-term droughts.

The SPEI-12 model incorporates the SOI Anomaly, in addition to the variables utilized in the
SPEI-3 and SPEI-6 models for the 12-month forecast. The model achieves MAE ranging from 0.30 to
0.36, MSE ranging from 0.17 to 0.23, RMSE ranging from 0.41 to 0.48, and R? values ranging from 0.87
to 0.92. This indicates that including the SOI Anomaly leads to a substantial enhancement in the
precision of the model for long-term drought forecasts.

4. Discussion

Artificial intelligence (Al) techniques, particularly machine learning models such as Gradient
Boosting and Extreme Gradient Boosting (XGBoost), have demonstrated considerable promise in
improving the accuracy of drought prediction in the Mekong Delta. These models overcome the
constraints of conventional forecasting approaches by accurately reflecting the intricate dynamics of

d0i:10.20944/preprints202405.1693.v1
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meteorological variables that impact drought conditions. The study demonstrates that the XGBoost
model outperforms other models in predicting droughts at different time intervals. It emphasises the
model's capability to handle complex interactions between input variables, which is crucial for
accurately predicting the diverse character of droughts.

Al-based methods provide in-depth analysis of drought vulnerability and advancement,
assisting in the management of water resources, planning for agriculture, and conservation of
ecosystems. Precise and timely predictions allow stakeholders to proactively take actions to reduce
the negative effects of drought on vulnerable populations and their means of living. Nevertheless,
there are still obstacles to overcome, including as dealing with imbalanced datasets, integrating
various data sources, and improving the process of selecting models and modifying
hyperparameters. Furthermore, the fluctuation in space and time of droughts requires ongoing
enhancement and verification of models.

In order to tackle these difficulties, it is essential to improve the methods of gathering and
exchanging data, encourage collaboration between different fields of study, and make use of the
progress made in processing power and algorithms. Future study should investigate the integration
of Al models with satellite and remote sensing technologies to enhance the comprehension of drought
indicators and advance real-time monitoring capabilities. Creating hybrid models that combine
machine learning with conventional forecasting methods or other artificial intelligence approaches
could provide a strong and flexible framework for predicting droughts that is customised to the
specific requirements of the Mekong Delta and other places susceptible to drought.

The utilisation of Al for drought prediction is a crucial measure in comprehending and
alleviating the consequences of this devastating natural calamity. Despite ongoing obstacles, the
capacity of Al to fundamentally transform drought management tactics is unquestionable. As these
models are improved and extended, the goal of obtaining better resistance to drought in the Mekong
Delta and other areas becomes more and more achievable.

5. Conclusions

The amalgamation of artificial intelligence (AI) and machine learning (ML) has brought about a
significant transformation in drought prediction, especially in susceptible areas such as the Mekong
Delta. This study demonstrates the effectiveness of Gradient Boosting and Extreme Gradient Boosting
(XGBoost) models in predicting the Standardised Precipitation-Evapotranspiration Index (SPEI) with
R? values ranging from 0.83 to 0.94. These models surpass traditional techniques by precisely
reflecting the intricate interconnections of climate elements.

Al models utilise comprehensive climate data and advanced analytical tools to improve the
precision, dependability, and effectiveness of drought predictions. The XGBoost model excels in its
ability to effectively handle the complex interconnections among meteorological variables. This
progress establishes a strong basis for making well-informed decisions in the fields of water resource
management, agriculture, and ecosystem conservation. Artificial intelligence-powered drought
forecasts enable preventive and adaptable measures to reduce the negative effects on societies,
economies, and ecosystems worldwide.

The study emphasises the necessity for ongoing investment in Al research and the creation of
integrated models that merge satellite and remote sensing data. Future endeavours should prioritise
improving the comprehensibility of Al models to ensure that their findings are easily understood by
a wide range of individuals involved. Collaboration among scientists, policymakers, and
practitioners is essential for ensuring that research goals are in line with practical uses and for
implementing Al solutions on a large scale.

Ultimately, the integration of Al in drought prediction represents a notable advancement in
promoting environmental resilience and sustainability. As these technologies advance, it becomes
more possible to tackle the issues caused by drought. This helps to safeguard our world and its
residents from the escalating dangers of climate change.
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