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Abstract

Drought represents a critically hazardous natural disaster, and precise drought
forecasting is important for agriculture, environment, and human activities.
Machine learning models are effective tools for drought prediction because
they can analyze complex hierarchical and nonlinear relationships. The
potential of a backpropagation (BP) neural network to evaluate the stan-
dardized precipitation evapotranspiration index (SPEI) by utilizing remote
sensing datasets from Zhejiang Province, China is explored in this research.
Three-variable input were selected: precipitation, soil moisture, and the dif-
ference between precipitation and potential evapotranspiration. Three input
variable combinations were evaluated: single-variable input (Scheme I), two-
variable input (Scheme II), and three-variable input (Scheme III). Results
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show that, in Zhejiang Province, the BP model exhibits good performance,
with Nash—Sutcliffe efficiency values ranging from 0.84 to 0.99, correlation
coefficient values from 0.92 to 0.99, and root mean square error values
from 0.12 to 0.42. Notably, model performance improves significantly from
Scheme I to Scheme II. However, the transition from Scheme II to Scheme
Il yields only slight improvements at six stations, and the performance
of the BP model under Scheme II remains superior to that under Scheme
III. Furthermore, the findings suggest that adding more input variables is
unnecessary to enhance the prediction accuracy of SPEI3 (SPEI at three
months) using the BP model.

Keywords: Meteorological drought, BP model, SPEI, remote sensing,
Zhejiang province.

1 Introduction

Drought is recognized as a severe natural disaster that exerts profound effects
on ecology, economy, and society [1-3]. Many studies demonstrate that the
severity and frequency of droughts increase obviously, with further accel-
eration of climate change. Thus, this situation will increase the severity of
damage to the net primary productivity of terrestrial vegetation, and even
lead to the collapse of the ecosystem [4, 5]. Droughts can be classified into
various types according to their characteristics and underlying mechanisms
[6, 7]. Meteorological drought refers to a natural state of water scarcity.
Hydrological drought frequently arises as a consequence of an extended
period of meteorological drought. This condition is generally succeeded by
the development of agricultural drought, which subsequently culminates in
socioeconomic drought impacts [7, 8]. Besides the north China, drought
also has an increasing impact on South China in recent years. In 2010,
Yunnan Province experienced once-in-a-century extreme drought across the
entire province. This drought led to difficulty in drinking water among 7.42
million people and 4.59 million livestock. Moreover, 85% farmland lost its
harvest, which directly resulted in food shortages among several million
people [9, 10]. In the period of 1960-2006, Zhejiang Province suffered
seventeen large-scale droughts. The drought event of 1961 was the most
severe, which impacted an area of 861,0 km?. From the winter of 2010 to
the spring of 2011, Zhejiang Province suffered less precipitation and resulted
in water supply shortages in Hangzhou, Ningbo, Wenzhou, Jinhua, Taizhou,
and Lishui cities [11].
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Scholars have proposed various drought prediction models to evalu-
ate drought effectively. Among these models, physics-based models have
become increasingly complex as understanding deepens. This complexity
makes parameter calibration more challenging and limits the practical appli-
cation of these models. Conversely, data-driven methods are highly dependent
on the specific regions from which data are collected, and no single method
can be universally applied to all areas.

Given that data-driven methods offer the advantage of real-time updating,
which physics-based models lack, they can be efficiently utilized for drought
prediction in particular regions. This study focuses on Zhejiang Province in
China. Using observed data, the performance of a machine learning approach,
specifically the backpropagation (BP) neural network method, in forecasting
drought for the province is evaluated. It also explores the characteristics and
application limitations of this method. Thus, this study provides a practical
technical reference for drought prediction in Zhejiang Province.

2 State of the Art

To comprehend the process and influence of drought, appropriate drought
indicators need to be used for the detection of intensity, duration, temporal,
and spatial extents [6, 12, 13]. At present, frequently utilized drought indi-
cators consist of the standardized precipitation index (SPI), the standardized
precipitation evapotranspiration index (SPEI), and the palmer drought sever-
ity index (PDSI) [12]. SPI only considers precipitation while ignoring other
related and influencing factors of drought, such as evapotranspiration and
soil moisture. PDSI may experience lagging when judging extreme drought
conditions due to its limitations in assessing drought scales and autoregres-
sive characteristics [13]. SPEI considers precipitation and evapotranspiration
and can precisely evaluate various drought categories under different climatic
conditions [14]. However, meteorological data from observation stations are
inadequate in spatial scale. Thus, achieving accurate measurement of drought
indices in ungauged and poorly gauged regions on the basis of interpolated
meteorological data from other observation stations is difficult [15].

As remote sensing technology has advanced rapidly, diverse regional
or global datasets related to precipitation and evapotranspiration have been
developed, which can fill the inadequacy of observation data [16]. Many
studies have used remote sensing datasets to evaluate drought indices, which
result in accurate prediction of meteorological drought and agricultural
drought [17, 18]. Zhao et al. [17] adopted seven related factors from remote



182  Zuisen Li et al.

sensing datasets to assess the SPEI3 (SPEI at three months, meteorological
drought) via three machine learning methods in Shandong Province. The
results demonstrated that one of these methods can provide reliable drought
estimation. Zhao et al. [18] applied the Penman—Monteith method in SPEI6
(SPEI at six months, agricultural drought) calculation for the North China
Plain. They obtained input data from remote sensing datasets covering the
period from 1982 to 2016. Then, they used these data to evaluate SPEI6. The
outcomes exhibited that the modified SPEI6 with remote sensing data can
effectively capture drought evolution.

To assess drought more accurately, various methods have been tested
for drought prediction, such as physical hydrological and data-driven mod-
els [19]. Physical hydrological models can provide very detailed insights into
the processes and deep understandings of the process dynamics [20, 21].
However, the complexity of physical hydrological models and the high
demand of related data limit their application [22]. As a result, an increas-
ing focus has been placed on straightforward data-driven models, such as
machine learning models, which offer efficient alternatives for drought pre-
diction [23]. Poudel et al. [22] adopted three different machine learning
models (SVM, ANN, and RF) to enhance drought prediction (SPEI at 3,
6, and 12 months). The findings showed that the SVM and ANN mod-
els have better performance in long-term drought prediction than the RF
model. Three machine learning techniques (XGBoost, BRF, and SVM) were
employed by Zhao et al. [17] to forecast SPEI3 in Shandong Province. The
outcomes showed that the BRF (biased-corrected random forest) model could
effectively predict drought in Shandong Province, and it outperformed the
XGBoost and SVM models.

Therefore, machine learning models will be applied to evaluate SPEI3
based on remote sensing datasets in Zhejiang Province in this study. The
study aims to (1) identify the optimal combinations of input variables for
evaluating SPEI3 using the BP model across three distinct input combination
schemes; (2) examine the variations in the performance of the BP model
corresponding to these input combinations across three proposed schemes;
(3) identify the optimal input combinations from the entire set of possibilities.
The variables employed in this research are precipitation, soil moisture, and
the difference between precipitation and PET.

The paper is organized into five sections. The remaining sections are
arranged as follows. Section 3 provides an overview of the studied area,
describes the sources of research data, and explains the fundamental the-
ories underlying the research methods. Section 4 analyzes the calculation
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results, examines the impact of different parameter combinations on SPEI
estimation, evaluates the performance of the BP model under the optimal
combination, and discusses the advantages and limitations of the model in
forecasting drought in Zhejiang Province. Section 5 summarizes the research
and highlights the key conclusions of the study.

3 Materials and Methods
3.1 Study Area

Zhejiang Province is situated in the eastern part of China, within the longitude
range of 118°E-123°E and latitude range of 27°N-31°N. The province
has an approximate land area of 104,000 km?. The climate that prevails
in this province is the Asian subtropical monsoon type. This climate is
marked by pronounced seasonal fluctuations, which feature summer monsoon
dominance (May—September), winter monsoon phase (November—February),
spring plum rains (meiyu front influence), and autumn temperature oscilla-
tions (typhoon-aftermath warming). As shown in Figure 1, the altitude of the
province spans from —64 m to 1,918 m. The annual average temperature
is 15°C-18°C. The annual average precipitation in this area varies from
980 mm to 2,000 mm [24]. The province is particularly prone to hydrological
extremes due to pronounced precipitation variability, which manifests as tem-
poral disparity. Specifically, during the flood season spanning from April to
September, 70%—-80% of the annual precipitation accumulates. By contrast,
the dry season, which lasts from October to March, records less than 300
mm of precipitation. This situation leads to substantial soil moisture short-
ages [24]. Therefore, accurate drought prediction in this region is critically
important, which is favorable to water resource management, agricultural
planning, early warning systems, and ecological protection. The locations
of these stations are illustrated in Figure 1, and basic information of these
stations is listed in Table 1.

3.2 Data

3.2.1 In situ observation

The in situ observation meteorological data used in this research are sup-
plied by China Meteorological Data Network (http://data.cma.cn). These
data encompass daily air temperature, precipitation, actual evaporation, wind
speed, sunshine duration, relative humidity, and precipitation. A total of 12
meteorological stations are used for this research. The abovementioned data
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Table 1 Basic information of the 12 stations employed in this research
Stations Abbreviation  Elevation (m)  Latitude (°N)  Longitude (°E)

Hangzhou HZ 41.7 120.17 30.23
Pinghu PH 5.4 121.08 30.62
Cixi CcxX 45 121.27 30.2
Dinghai DH 35.7 122.1 30.03
Jinhua JH 62.6 119.65 29.12
Shengxian SX 104.3 120.82 29.6
Yinxian YX 48 121.57 29.87
Shipu SP 128.4 121.95 29.2
Quzhou Qz 82.4 118.9 29
Lishui LS 59.7 119.92 28.45
Hongjia HJ 4.6 121.42 28.62
Yuhuan YH 95.9 121.27 28.08

cover the time period of 1980-2018. However, we select SPEI3 in this study,
such that the final time step used is three months. Approximately 80% of the
data are allocated to the training phase (1980-2010), while 20% of the data
are designated for the testing phase (2011-2018).

3.2.2 MODIS

The Moderate-Resolution Imaging Spectroradiometer (MODIS), which is
installed on the Terra and Aqua satellites [25], is a medium-resolution
imaging spectrometer. By capturing electromagnetic energy over a wide
spectral range, MODIS delivers valuable data that can be utilized in research
pertaining to ecology, climatology, and hydrology [26]. The LAl-related
product (MOD15A2H) is used in this study, and its time period is from
2002 to 2018. The data are download free from NASA’s official website
(http://ladsweb.nascom.nasa.gov/data/search.html). The spatial resolution is
500 m, and the temporal resolution is 8 days.

3.2.3 CMFD

The background fields of China meteorological forcing dataset (CMFD) con-
sist of Princeton reanalysis data, Global Land Data Assimilation System data,
Tropical Rainfall Measuring Mission precipitation data, and Global Energy
and Water Exchanges Project — Surface Radiation Budget (GEWEX-SRB)
radiation data [27]. The CMFD dataset was created by integrating observation
data from the China Meteorological Administration into these background
fields. Among the components of the CMFD dataset are near-surface air
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Figure 1 Positions of Zhejiang Province and the 12 stations used in this research.

temperature, near-surface air pressure, downward shortwave radiation, down-
ward longwave radiation, specific humidity, wind speed, and precipitation
rate. The dataset has a temporal resolution of 3 hours and daily intervals,
along with a spatial resolution of 0.1° [28]. The time period of dataset is from
1979 to 2018. In this research, near-surface air temperature and precipitation
rate are utilized.

3.2.4 GLEAM

The Global Land Evaporation Amsterdam Model (GLEAM) consists of a
set of algorithms that are powered by satellite-based observations. These
algorithms separately calculate the different elements of evapotranspiration
(ET), such as snow sublimation, transpiration, bare soil evaporation, inter-
ception loss, and open-water evaporation [29, 30]. Otherwise, intermediate
outputs of GLEAM include several variables, such as potential ET (PET),
root-zone soil moisture, and surface soil moisture [31, 32]. Unlike previ-
ous GLEAM versions, GLEAM4 utilizes Penman’s equation to show the
impact of various meteorological elements on potential evaporation. For this
research, the monthly GLEAM _v4.2a dataset at a 0.1° resolution spanning
from 1980 to 2018 is utilized. This dataset can be downloaded without charge
from (https://www.gleam.eu) [30]. Three outputs (ET, PET, and surface soil
moisture) are adopted in this study.
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3.3 Methods

3.3.1 SPEI
Drought is not only affected by precipitation but also greatly influenced
by evapotranspiration. SPEI was developed by Vicente-Serrano et al. [33]
on the basis of the difference between precipitation and evapotranspiration.
Furthermore, three-parameter log-logistic probability distribution functions
are utilized in SPEI to reveal its changes. Subsequently, after normal nor-
malization, the cumulative frequency distribution of the difference between
standardized precipitation and evapotranspiration is ultimately utilized to
categorize drought levels.

The common temporal resolutions of SPEI are 1, 3, 6,12, and 24 months.
Three-month temporal resolution (SPEI3) is selected in this study and
calculated in the following way:

(1) PET is computed using the Penman—Monteith equation.

The method recommended by Vicente-Serrano et al. [33] for computing
PET is the Thornthwaite equation. Compared with the Penman—Monteith
equation, this approach demands less data. As stated by Pan et al. [34], the
Thornthwaite equation is less accurate than the Penman—Monteith equation.
Thus, the Penman—Monteith equation is utilized to calculate the PET, and the
details are provided by Allen et al. [35].

(2) The variance between monthly precipitation and PET is computed using
the following equation:
D; = P, — PET; (1

where P, is the monthly precipitation, and PET; represents the monthly PET.
Here, i stands for the month. The climate water balance accumulation over a
three-month period is established using the following equation:

r—1
D} => (P,_j— PET,_;) )
=0

where n stands for the number of calculations. Meanwhile, r is the temporal
resolution, which is 3 for the three-month SPEI in this study.

(3) The values of Di are normalized, and the corresponding SPEI for each
value is computed. Given that negative values may exist in Di sequence, log-
logistic probability distribution functions of three parameters are used in SPEIL
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Table 2  Criteria for grading drought in the SPEI3 classification

Grade Drought SPEI

1 No drought —0.5 < SPEI

2 Light drought —1.0 < SPEI < —0.5
3 Moderate drought —1.5 < SPEI < —1.0
4 Severe drought —20<SPEIL<—-15
5 Extreme drought SPEI < -2.0

and shown as follows:

/371
1+< o >] 3)
T -7

Equation (3) contains three parameters, namely, «, 3, and r, which are
acquired via fitting in accordance with the linear moment.

F(z) =

(4) The sequence to achieve the SPEI value is normalized as follows:

co+ AW + coW?

SPEI =W — -
14+ diW +daW2 + dsW3

“4)

The probability of weight moments in Equation (4) is W = (—21n P)%.
When P < 0.5, P = F(z); when P > 0.5, P =1 — F(z).

First, observed daily meteorological data at 12 stations are used to calcu-
late PET via the Penman—Monteith method, which yields the monthly PET.
Based on the monthly PET and observed monthly precipitation, we calculate
the observation-based SPEI3. Typically, the drought classification by SPEI is
categorized into five levels, as listed in Table 2 [33].

3.3.2 BP neural network

In this research, a commonly utilized machine learning algorithm — the BP
neural network — is adopted to simulate the SPEI3. Renowned for its capabil-
ity to approximate complex nonlinear functions, BP is a classic feedforward
neural network model composed of multiple layers [36]. Its typical structure
consists of three distinct layers: input, hidden, and output layers [37]. BP
operates through forward propagation of input signals, followed by backward
propagation of error gradients to adjust weights [38]. In this paper, three
hidden layers were used in the BP neural network, with eight, fifteen, and
nine neurons in the first, second, and third hidden layers, respectively.
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3.3.3 Accuracy assessment

Multiple statistical metrics, such as the Nash—Sutcliffe efficiency (NSE), root
mean square error (RMSE), and correlation coefficient (R), are employed
to comprehensively evaluate the performance of the BP model in SPEI3
estimation. These metrics can be computed using the following equations.

n . G.)2
NSE —1— Zi:l (O’L S_l)

S, (002 ®
— 1 - . 0).)2
RMSE = | ~ ;(SZ 0;) (6)
n . D2(0). — O)?
R 2_i=1(5i = 5)7(0i — O) 7

T8 Tn 0 0p

where n is the sample size of data, Oi and Si are the ith values of observed
SPEI3 and predicted SPEI3 via the BP model, respectively. O represents the
mean of the observed SPEI3 values, whereas S denotes the mean of the SPEI3
values predicted by the BP model. The optimal values of NSE, RMSE, and R
are 1.0, 0, and 1.0, respectively.

4 Results Analysis and Discussion

4.1 Combination of Inputs and Implementation of the Model

In theory, drought is usually affected by vegetation greenness, climate con-
ditions, and soil moisture. Thus, this study adopted eight related variables,
namely, precipitation (P), surface temperature (T), actual evapotranspiration
(ET), leaf area index (LAI), PET, soil moisture (SM), difference between
precipitation and actual ET (P-ET), and difference between precipitation and
PET (P-PET). Subsequently, four variables (P, SM, P-ET, and P-PET) were
initially selected based on their correlation coefficients (R > 0.5) with SPEI3,
as presented in Table 3. Considering the similar meaning of P-ET and P-PET,
P-PET is finally selected due to its little higher correlation coefficient than
P-ET. Therefore, three variables (P, SM, and P-PET) are ultimately employed
as input variables. Table 4 displays the seven input combinations utilized
in the BP model. The target of all combinations is a single response, that
is, SPEI3. Three schemes are established from these input combinations.
They are single-variable input (Scheme I), two-variable input (Scheme II),
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Table 3 Correlation coefficient (R) between input variables and SPEI3

Stations
Variables HZ PH CX DH JH SX YX SP QZ LS HJ YH
P 0.68 0.65 0.67 0.60 0.75 0.72 0.73 0.68 0.78 0.79 0.78 0.75
T 0.18 0.18 020 0.13 034 0.20 0.02 0.07 030 0.13 0.22 0.00
LAI 0.07 0.02 0.04 0.05 0.09 0.06 0.03 0.10 0.15 0.16 0.03 0.10
ET 0.16 0.14 0.19 0.12 023 0.14 0.01 0.08 0.14 0.01 028 0.21
PET 0.18 0.19 023 0.12 030 0.17 0.01 0.03 027 0.14 024 0.10
SM 0.60 0.55 049 046 0.64 0.62 0.60 0.67 058 0.65 0.63 0.62

P-ET 090 0.89 092 085 094 092 090 0.87 090 093 0.87 0.87
P-PET 091 091 094 085 095 094 090 0.89 090 094 0.88 0.88

Table 4 Combinations of inputs according to selected variables

Input Combination  Input Variables  Abbreviations

Scheme I P P
SM S
P-PET PE
Scheme 11 P, SM PS
P, P-PET PPE
SM, P-PET SPE
Scheme III P, SM, P-PET PSPE

and three-variable input (Scheme III). The exploration of the optimal input
combinations for each of these schemes is the objective in this research. By
contrasting these combinations, the optimal one for each station would be
subsequently acquired.

4.2 Impacts of Various Input Combinations on SPEI Estimation

4.2.1 Single-variable input

In this section, the initial input combination scheme (Scheme I) is employed
independently. This plan involves single-variable input (comprising P, S, and
PE). Specifically, three input combinations are used in this section. To explore
the uncertainty of the BP model, for each input combination, the model
is run repeatedly 100 times. For each run, the NSE is computed using the
BP-predicted SPEI3 and the observed SPEI3 during the test period, and its
distribution is displayed Figure 2. As depicted in Figure 2, notable variations
in model performance are observed across the different input combinations
within Scheme 1. PE has the optimal performance in Scheme I, P is the
second, and S performs the worst.
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Figure 2 Performance of the BP model based on Scheme I at 12 stations.

Table 5 Best input combinations in Scheme I and their performances at 12 stations
Stations Combination NSE RMSE R

HZ PE 0.85 0.37 0.94
PH PE 0.88 0.34 0.94
CX PE 0.91 0.33 0.96
DH PE 0.78 0.58 0.92
JH PE 0.97 0.17 0.99
SX PE 0.95 0.23 0.98
YX PE 0.88 0.37 0.94
SP PE 0.81 0.44 0.90
QZ PE 0.83 0.43 0.91
LS PE 0.98 0.13 0.99
HJ PE 0.88 0.33 0.94
YH PE 0.87 0.33 0.94

For the optimal input combination at each station in Scheme I, their
performances are listed in Table 5. Besides the DH station, 11 other sta-
tions show great performances, which are characterized by high NSE values
exceeding 0.80, R values greater than 0.90, and low RMSE values below
0.45. The slightly poor performance at the DH station is mainly due to that
the correlation coefficient between PE and SPEI3 is slightly lower.

4.2.2 Two-variable input

For the simulation of SPEI3 using the BP model in this part, the second
scheme of input combinations (referred to as Scheme II), which involves two
input variables, is adopted. Three input combinations, as shown in Table 3, are
applied in this section. Similar to Scheme I, for each input combination, the
model is executed repeatedly 100 times to explore its uncertainty. For each
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Figure 3 Performance of the BP model based on Scheme II at 12 stations.

Table 6 Optimal input combinations within Scheme II and their performances at 12 stations
Stations Combination NSE RMSE R

HZ PPE 0.88 0.33 0.95
PH PPE 0.90 0.31 0.95
CX PPE 0.92 0.33 0.97
DH PPE 0.82 0.52 0.92
JH SPE 0.97 0.17 0.99
SX PPE 0.95 0.23 0.98
YX PPE 0.93 0.29 0.96
SP PPE 0.85 0.38 0.93
QZ PPE 0.84 0.43 0.92
LS PPE 0.98 0.13 0.99
HJ PPE 0.91 0.29 0.96
YH PPE 0.92 0.27 0.96

run, the NSE is computed using the BP-predicted SPEI3 and the observed
SPEI3 during the test period, and its distribution is displayed Figure 3. As
shown in Figure 3, the differences in Scheme II are much lower than those
in Scheme I. In Scheme II, PPE and SPE have comparable performances and
outperform PS.

When the performances of three input combinations are compared,
the optimal input combinations in Scheme II for 12 stations are acquired
(Table 6). Except for the JH station, the optimal input combinations in
Scheme II at the other stations are PPE. Actually, at the JH station, the NSE
values for PPE and SPE are 0.969 and 0.973, respectively. As presented in
Tables 5 and 6, the optimal input combinations in Scheme II demonstrate
superior performance relative to those in Scheme I. In Scheme II, the NSE
values at the 12 stations vary from 0.82 to 0.98, the RMSE values span from
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Figure 4 Performance of the BP model based on Scheme III at 12 stations.

Table 7 Performance of Scheme III at 12 stations
Stations Combination NSE RMSE R

HZ PSPE 0.87 0.34 0.95
PH PSPE 0.90 0.32 0.95
CX PSPE 0.92 0.33 0.97
DH PSPE 0.84 0.49 0.93
JH PSPE 0.97 0.17 0.99
SX PSPE 0.96 0.20 0.98
YX PSPE 0.92 0.30 0.96
Sp PSPE 0.85 0.39 0.93
QZ PSPE 0.84 0.42 0.92
LS PSPE 0.99 0.12 0.99
HJ PSPE 0.93 0.26 0.96
YH PSPE 0.92 0.26 0.96

0.13 to 0.52, and the R values vary between 0.92 and 0.99. Especially at the
DH station, the NSE value in Scheme II is 0.82 (the NSE value in Scheme 1
is 0.78), the RMSE value in Scheme II is 0.52 (the RMSE value in Scheme
I is 0.58), and the R value in Scheme II is 0.92 (the R value in Scheme I is
0.92).

4.2.3 Three-variable input
In this section, all three input variables (Scheme III) are employed. Similar to
Schemes I and II, the BP model is executed repeatedly 100 times to explore
its uncertainty. In contrast to Figures 2 to 4, the performance difference
decreases as the number of input variables increases.

Table 7 presents the performance results of Scheme III across 12 stations.
Six stations (DH, SX, QZ, LS, HJ, and YH) perform better in Scheme III
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Table 8 Optimal input combinations in Schemes I to III at 12 stations

Scheme [ Scheme II Scheme 11T
Stations ~ Combination =~ NSE  Combination @~ NSE  Combination = NSE
HZ PE 0.85 PPE 0.88 PSPE 0.87
PH PE 0.88 PPE 0.90 PSPE 0.90
CX PE 0.91 PPE 0.92 PSPE 0.92
DH PE 0.78 PPE 0.82 PSPE 0.84
JH PE 0.97 SPE 0.97 PSPE 0.97
SX PE 0.95 PPE 0.95 PSPE 0.96
YX PE 0.88 PPE 0.93 PSPE 0.92
SP PE 0.81 PPE 0.85 PSPE 0.85
QZ PE 0.83 PPE 0.84 PSPE 0.84
LS PE 0.98 PPE 0.98 PSPE 0.99
HJ PE 0.88 PPE 0.91 PSPE 0.93
YH PE 0.87 PPE 0.92 PSPE 0.92

Note: The highlighted term in each data entry denotes the optimal input combination
for the respective station.

than those in Scheme II, while the six other stations are the opposite. Among
the schemes evaluated, the improvement observed at the DH station is most
pronounced in Scheme III than in Scheme II. At the DH station, the NSE
value of Scheme III is 0.84 (NSE of Scheme II: 0.82), the RMSE value of
Scheme III is 0.49 (RMSE of Scheme II: 0.52), and the R value of Scheme
IITis 0.93 (R of Scheme II: 0.92). Based on the data from the HZ, PH, CX, JH,
YX, and SP stations, adding more input variables does not always guarantee
better performance.

4.3 BP Model Performances for SPEI Estimation based on the
Optimal Input Combinations

Tables 5 to 7 have been synthesized to identify the optimal input combi-
nations for the 12 stations, which are emphasized in bold in Table 8. They
correspond to the maximum NSE value achieved during the testing phase.
Figures 5 and 6 present scatter plots comparing observed SPEI3 values
with those predicted by the BP model for the training and testing periods
across the 12 stations, utilizing their respective optimal input combinations.
As demonstrated in the two figures, the predicted SPEI3 values exhibit a
satisfactory degree of agreement with the observed data throughout both
phases. Furthermore, Figure 7, which illustrates the temporal sequence of
observed and predicted SPEI3 data at the 12 stations, supports a similar
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Figure 5 Scatterplot of the BP model predictions with observations in the training period.
(a—1) correspond to the 12 stations.

conclusion. Regarding the temporal variation aspect, the predicted SPEI3
demonstrates excellent capabilities in reflecting the trends of the observed
SPEI3 at 12 stations during the training and testing phases.

Across all 12 stations, the BP model demonstrates the greatest precision
at the LS, JH, and SX stations, with the NS value exceeding 0.95. This station
is followed by the PH, CX, YX, HJ, and YH stations, where the NS values
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Figure 6 Scatterplot of the BP model predictions with observations in the test period. (a—/)
correspond to the 12 stations.

range between 0.90 and 0.95. Finally, the HZ, DH, SP, and QZ stations exhibit
NS values between 0.84 and 0.90. These values indicate comparatively lower
model performance at these locations. The 12 stations are evenly distributed
in Zhejiang Province. Combining the spatial distribution of 12 stations and
the performances of the BP model shows that the performances of the BP
model in inland stations are slightly better than those in costal stations.
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Figure 7 Comparation between SPEI3 computed from observed data and that predicted by
the BP model in the training period and testing period. (a—I) correspond to the 12 stations.

The primary reason for this phenomenon lies in complex and multifaceted
influencing factors in costal stations, such as wave action, atmospheric river,
and monsoon system. These results show that the performance of the model
varies across different stations.

4.4 Discussion

In this study, the BP model uses three input variables — precipitation,
soil moisture, and difference between precipitation and PET — to simulate
SPEI3. According to these variables, the input combinations are divided
into three schemes: single-variable input (Scheme I), two-variable input
(Scheme II), and three-variable input (Scheme III). Initially, the optimal input
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combinations for each of the mentioned schemes are investigated. Subse-
quently, by making a comparison among these combinations, the optimal
input combinations for the various stations are determined.

As presented in Table 5, in Scheme I, the optimal input combination
across all stations is PE. This selection is primarily attributed to that the
correlation coefficient between PE and SPEI3 reaches the maximum value.
The relatively poor performance observed at the DH station can primarily
be attributed to the low correlation coefficient between PE and SPEI3. At
the DH stations, the correlation coefficient between PE and SPEI3 is 0.85.
Meanwhile, at the other stations, the correlation coefficients are mostly
greater than 0.90. In general, single-variable input can predict SPEI3 very
well via the BP model at most stations. For Scheme II, PPE and SPE have
comparably performances for simulating SPEI3 at most stations (Figure 3),
which is mainly due to PPE and SPE containing PE. Compared with the
best combination in Scheme I, the performance of the optimal combination
in Scheme II has relatively improved, with increases in NSE and R and a
decrease in RMSE. Therefore, adding sensitive input variables contributes to
the improvement in the BP performance in general.

For Scheme III (Table 8), an increase in input variables does not neces-
sarily result in improved performance, as evidenced by the HZ, PH, CX, JH,
YX, and SP stations. This finding supports the conclusion drawn by Mokhtar
et al. [22], but it contradicts the outcome of Tao et al. [39]. Mokhtar et al. [22]
adopted four machine learning methods to estimate SPEI3 based on seven
scenarios. The results demonstrated that the corresponding input scenarios
for the best performances for SPEI3 were not the scenarios with all input
variables. A new hybrid ANFIS-FA model in Tao et al. [39] was applied
to evaluate reference evapotranspiration based on diverse meteorological
elements. The findings indicated that the optimal accuracy was attained with a
combination of six input variables. Nevertheless, only six input combinations
were used in Tao et al. [39], that is, one meteorological element was added to
the preceding combination to obtain the subsequent combination. All possible
combinations cannot be obtained in this way, and some may represent the
best combination. Thus, an increased quantity of input variables does not
result in enhanced performance. Moreover, Zhao et al. [17] utilized three
machine learning models to forecast SPEI3 only based on one combination,
that is, six input variables (i.e., precipitation, soil moisture, temperature, ET,
PET, and vegetation index). The results exhibited that this input combination
could accurately predict SPEI3. That is, Zhao et al. [17] did not test other
input variable combinations, which may obtain better performance. Thus,
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multiple input variable combinations should be compared to obtain the best
combination.

5 Conclusions

Under three combinations of input variables (single-variable input, two-
variable input, and three-variable input), the BP model is utilized to predict
SPEI3 in Zhejiang Province in this research. The main conclusions of this
research are presented as follows:

(1) The BP model, which is a machine learning model, is proven to be an
effective approach for predicting SPEI3 in Zhejiang Province, China. It
shows high NSE values ranging from 0.84 to 0.99, high R values from
0.92 to 0.99, and low RMSE values from 0.12 to 0.42.

(2) In general, a greater number of input variables can result in enhanced
performance of the BP model when predicting SPEI3. The performances
improve obviously from Schemes I to I1, and the performances of the BP
model are slightly enhanced at half of the stations between Schemes II
and III.

(3) The analysis of BP performance across six stations reveals that an
increase in the number of input variables does not inherently result in
enhanced outcomes. At these stations, the BP model under two-variable
input outperforms those under three-variable input.

(4) The differential performance of the BP model across 12 stations suggests
that various factors, including altitude and types of vegetation cover,
affect the accuracy of SPEI3 predictions. Furthermore, the inclusion
of additional input variables, such as wind speed, air temperature, and
LAL has the potential to enhance the predictive capability of the SPEI3
model.
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