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Abstract: The tea plant (Camellia sinensis), as a major, global cash crop providing beverages, is
facing major challenges from droughts and water shortages due to climate change. The accurate
estimation of the actual evapotranspiration (ETa) of tea plants is essential for improving the water
management and crop health of tea plantations. However, an accurate quantification of tea plan-
tations’ ETa is lacking due to the complex and non-linear process that is difficult to measure and
estimate accurately. Ensemble learning (EL) is a promising potential algorithm for accurate evapo-
transpiration prediction, which solves this complexity through the new field of machine learning.
In this study, we investigated the potential of three EL algorithms—random forest (RF), bagging,
and adaptive boosting (Ad)—for predicting the daily ETa of tea plants, which were then compared
with the commonly used k-nearest neighbor (KNN), support vector machine (SVM), and multilayer
perceptron (MLP) algorithms, and the experimental model. We used 36 estimation models with
six scenarios from available meteorological and evapotranspiration data collected from tea plan-
tations over a period of 12 years (2010–2021). The results show that the combination of Rn (net
radiation), Tmean (mean air temperature), and RH (relative humidity) achieved reasonable precision
in assessing the daily ETa of tea plantations in the absence of climatic datasets. Compared with other
advanced models, the RF model demonstrated superior performance (root mean square error (RMSE):
0.41–0.56 mm day−1, mean absolute error (MAE): 0.32–0.42 mm day−1, R2: 0.84–0.91) in predicting
the daily ETa of tea plantations, except in Scenario 6, followed by the bagging, SVM, KNN, Ad, and
MLP algorithms. In addition, the RF and bagging models exhibited the highest steadiness with low
RMSE values increasing (−15.3~+18.5%) in the validation phase over the testing phase. Considering
the high prediction accuracy and stability of the studied models, the RF and bagging models can be
recommended for estimating the daily ETa estimation of tea plantations. The importance analysis
from the studied models demonstrated that the Rn and Tmean are the most critical influential variables
that affect the observed and predicted daily ETa dynamics of tea plantations.

Keywords: evapotranspiration; tea plantations; machine learning; prediction models

1. Introduction

The tea plant (Camellia sinensis) is one of the most important beverage crops in the
world, covering a total area of 21.1 million ha in 2016 [1]. In China, tea plants are planted on
about 3.02 million ha of land, accounting for 14.3% of the global planting area [2]. The tea
plant is tolerant of shade and humidity but sensitive to water stress [3]. A lack of water, even
for a short time, will affect the growth and production of tea plants, resulting in a significant
yield reduction [4]. Tea plantations in China are generally located in humid subtropical and
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tropical regions, where the rainfall is sufficient to meet the demands of the tea plants [5].
Tea is a rain-fed crop, and thus, refined irrigation scheduling is rarely practiced in tea
plantations in China [6,7]. However, the frequency of drought and extreme precipitation
events has increased considerably with global climate warming, and tea plantations in
China are facing major challenges, such as crop health and a decrease in agricultural yield,
due to droughts and water shortages [8–10]. The actual evapotranspiration (ETa) is an
essential variable in the hydrological cycle, particularly for the optimization of water use
and the management of tea plantations. Therefore, the accurate estimation of tea plantation
ETa is essential for improving water management, crop health, and agricultural yield in
tea plantations.

Different methods and techniques have been used to measure or estimate ETa. Mea-
surement techniques for ETa include the use of weighing lysimeters, soil water measure-
ment, eddy covariance, the Bowen ratio, and large-aperture scintillometers [11–14]. Among
them, the weighing lysimeters and soil water measurements for obtaining the ETa of ecosys-
tems are based on the water balance principle [15,16]. The eddy covariance, Bowen ratio,
and large-aperture scintillometer are based on the surface energy balance and turbulent
flux exchange in the atmosphere and the vegetation interface [17–21]. These methods have
been proven effective for ETa measurement. However, the installation and maintenance of
these instruments and equipment are expensive. Meanwhile, these methods also exhibit
significant spatial and temporal limitations, with multiple sources of errors arising from the
extensive measurements and data elaboration, which limit the reliability and transporta-
bility of the ETa measurement results [6,22]. Various models have also been proposed for
ETa estimation. The Penman–Monteith (P-M) equation is one of the most commonly used
methods for evaluating ETa on the basis of meteorological and biological variables [23,24].
Compared with other models, the P-M equation, which considers the energy balance
and aerodynamic principles, exhibits high superiority in different ecosystems and under
varying climatic conditions [13,25]. However, massive meteorological variables including
air temperature, wind speed, surface heat flux, solar radiation, and relative humidity are
required for ETa estimation based on the P–M equation. This condition restricts the ap-
plication of this model due to the availability and/or questionable quality of data from
weather stations.

As alternatives to the aforementioned methods, various machine learning algorithms
have been applied to the estimation of ETa. These algorithms are more economical and
require fewer variables as input. Granata et al. (2020) employed random forest (RF),
multilayer perceptron (MLP), and k-nearest neighbor (KNN) to forecast the ETa for a
subtropical wetland. Artificial neural network (ANN) and support vector machine (SVM)
models were implemented by [26] for estimating rain-fed maize field evapotranspiration.
Hu et al. (2021b) used a deep neural network, RF, and symbolic regression to estimate
evapotranspiration using meteorological and plant data. These attempts have proven
that machine learning methods are effective tools for accurate evapotranspiration estima-
tion [27–29]. In particular, the tree-based ensemble model exhibits high superiority in ETa
estimations for multiple ecosystems in different climatic regions [30–33]. However, to the
authors’ limited knowledge, there are no machine learning algorithms that have been used
to predict the ETa in tea plantations. Hence, as the world’s largest tea-plant-producing
country, developing advanced machine learning models for estimating with high accuracy
the ETa in tea plantations is a necessity in China.

In this study, we select three EL machine learning algorithms (RF, bagging, and Ad)
and three conventional machine learning algorithms (KNN, SVM, and MLP) to estimate
the daily ETa of tea plantations by using the available tea plantations’ meteorological and
evapotranspiration data collected over 12 years (2010–2021). The primary objective of this
study is to investigate the potential of ensemble machine learning algorithms for estimating
the ETa in tea plantations. Moreover, we examine the accuracy of model changes with
multiple variable scenarios and identify the key data-driven factors for the estimation
of tea plantation ETa. EL algorithms, such as the bagging and Ad models, are seldom
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employed in ETa estimations. Considering the superiority of the tree-based ensemble
model in ETa estimations, we hypothesized that the bagging and Ad models can achieve a
high performance similar to that of the RF model.

2. Materials and Methods
2.1. Study Area Description

Our study area (Tianmu Lake catchment (Figure 1c)), positioned in southeast China,
is placed in the western headwater region of Taihu Lake Basin (Figure 1). It enjoys a
subtropical monsoon climate characterized by 2 major rainy seasons (April to September)
and a dry season (October to March). Annual precipitation and average air temperature are
1147 mm and 15.8 ◦C, respectively. The precipitation in the rainy season accounts for 75%
of the annual total precipitation, and the lowest and highest temperatures occur in January
(3.1 ◦C) and July (28.4 ◦C), respectively. Tianmu Lake catchment has also experienced
rapid tea plantation expansion accompanied by dramatic land use cover changes in the
last two decades (Figure 1). The area of tea plantations obviously increased from 2006 to
2013, reaching 28.6 km2 in 2013, accounting for 11.7% of the catchment area. Although
Tianmu Lake catchment experiences a sub-tropical climate, drought occurs frequently in
the growing season. Hence, it is vital to develop accurate ETa estimations for crop water
management in the tea plantations. In our study area, the tea plantations are planted
with a density of 45,000 plants ha−1 with an inter-row spacing of 1.5 m. Figure 1 and
Table 1 present the general schedule of phenology and the biophysical parameters for the
tea plantations.

Table 1. Weather and eddy covariance flux site information (MAP: mean annual precipitation; MAT:
mean annual temperature).

Name Longitude Latitude Elevation (m) MAP (mm) MAT (◦C) Period LULC

SSY 119.316 31.268 55 1249.3 15.8 2010–2017 3–10 years old tea
TMXM 119.397 31.313 39 1507.4 17.8 2020–2021 5–6 years old tea
TMHS 119.411 31.269 28 1371.3 16.7 2016–2021 5–10 years old tea

Tea plantation flux site 119.453 31.269 103 1216.3 16.2 2014–2021 4–11 years old tea
HB 119.432 31.237 91 1237.6 15.9 2014–2017 5–8 years old tea
PQ 119.446 31.217 94 1109.5 16.3 2017–2021 6–10 years old tea

2.2. Data Sources and Meteorological Scenarios

We established five weather stations in our study area, basing them on five tea plan-
tations for meteorological and hydrological observations from 2010 to 2021 (Figure 1c).
Meanwhile, an eddy–covariance flux was launched in 2014 (Figure 1c), and it obtained
high-frequency energy, water, and carbon fluxes in the tea plantations. For the weather
stations, ETa was calculated using water balance methods during days without rain for
3 consecutive days. For the flux station, ETa was obtained from the direct measurement of
the energy flux. The details of flux data processing can be found in [6]. A brief description
of our weather and flux stations is provided in Table 1. Table 2 presents the correlation
matrix of tea plantation ETa with soil water, vegetation parameters, and meteorological data
input variables. The purpose of these correlations was to determine the parameters that
could provide the best estimation of overall tea plantation ETa. The results showed that the
relationship between net radiation (Rn) and ETa (0.83) is higher than the relationship with
other variables; that is, Rn exerts the greatest effect on ETa among the input parameters. The
second highest correlation, 0.71, was obtained between mean air temperature (Tmean) and
ETa. Previous studies have also reported that radiation conditions exhibit higher relevance
with ETa in humid regions where water is relatively sufficient [34,35]. Soil moisture (Sm)
and mean relative humidity (RH) were negatively correlated with ETa (values: −0.22 and
−0.17, respectively). Meanwhile, the vegetation parameter leaf area index (LAI) was also
considered in the ETa estimation. Accordingly, the parameters were classified by adding
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the next closest correlation. Six scenarios of meteorological, soil, and vegetation parameters
were analyzed using different machine learning algorithms (Table 3).
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Table 2. Correlation matrix between daily tea plantation ETa and meteorological data (Rn, Tmean, Ws,
RH, and Sm).

Rn Tmean Ws RH Sm ETa

Rn 1
Tmean 0.65 1

Ws 0.08 −0.06 1
RH −0.37 0.13 −0.29 1
Sm −0.13 −0.35 −0.04 0.06 1
ETa 0.83 0.71 0.18 −0.17 −0.22 1
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Table 3. The input scenarios of variables for different machine learning models.

Scenario Input Data

Rn Tmean Ws RH LAI Sm

Scenario 1
√ √ √ √ √ √

Scenario 2
√ √ √ √ √

Scenario 3
√ √ √ √

Scenario 4
√ √ √

Scenario 5
√ √ √

Scenario 6
√ √ √

2.3. Machine Learning Methods

Given their flexibility and reliability in data pattern recognition, machine learning
techniques have elicited considerable attention in various fields [36–38]. In recent years, this
has included automated machine learning [39], biological process modeling [40], smart city
planning [41], and precision agriculture [42]. Various machine learning methods, which
have been proven to be effective tools in data mining tasks, exist in the literature. To
provide an efficient tea plantation ETa evaluation model, six widely used machine learning
methods, namely, KNN, SVM, RF, MLP, Ada, and bagging, were applied to the estimation
of the tea plantations’ ETa in the current study. The data processing and model building of
this study are shown in Figure 2. The machine learning algorithms are briefly described in
the succeeding subsections.
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2.3.1. K-Nearest Neighbor (KNN)

The KNN algorithm is a common classification method in data mining and statistics.
Given its simplicity and outstanding classification performance [43], this model has drawn
wide attention from various fields, such as in hydrological modeling [44] and remote-
sensing image classification [45]. KNN is nonparametric because it does not assume data
distribution [46,47], making the model easy to build in our study. In KNN, the Euclidean
distance between the test sample and all the training samples is frequently used to obtain
the nearest neighbors of the test data. In accordance with the distance calculation result, the
labels of the test samples can be assigned using the majority rule on the basis of the labels
of the selected nearest neighbors. K = 5 is proven to be the optimal value in the current
study for all the considered models.
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2.3.2. Support Vector Machine (SVM)

The SVM algorithm is normally introduced as a supervised learning model, and it has
been widely used to deal with classification and regression problems [48,49]. It has also been
utilized for prediction [50]. In general, the SVM model aims to generate the best separation
hyperplane that can linearly divide classes (Figure S2a) [51]. This modeling process contains
the definition of a certain linear function that works to determine a decision boundary for
the highest margin, which is illustrated as 2/‖ω‖ in Figure S2a. However, certain minor
noisy data must be accepted (Figure S2b) because disregarding them can oversimplify the
modeling process and induce limited influence on model performance. The current study
adopted SVM to estimate ETa because of its high efficiency and reliable output. Further
details regarding SVM can be found in the literature [52]. The commonly used radial basis
function, a nonlinear kernel function, was adopted in this study because it exhibits better
performance in evapotranspiration estimation than other kernel functions [53].

2.3.3. Random Forest (RF)

RF is a tree-based supervised EL model for addressing prediction and regression prob-
lems [54]; it has been verified as valid in the field of regional evapotranspiration evaluation.
This model commonly builds an ensemble of decision trees by using a nonparametric
algorithm. Each tree is determined by randomly selecting training samples from the whole
feature set. Training normally reserves all the selected features without pruning. Then, the
final predictions are obtained by averaging the model output. Considering the indepen-
dence of trained trees in this model, RF seldom falls into an overfitting problem, indicating
that this model is easy to train for practical implementations [55]. In the current study, the
number of elements of a leaf node was 5 and the random forests used consisted of 500 trees.

2.3.4. Multilayer Perceptron (MLP)

MLP is a feedforward ANN that is the basis for the development of various deep
learning techniques. The classic MLP model generally uses input, hidden, and output
layers to deal with complicated classification problems (Figure S3). This model is also
efficient in learning a nonlinear function to perform a regression operation. Adjacent
layers are fully connected to extract and combine nonlinear features. In particular, the
input and hidden layers commonly transform the extracted feature by using a weighted
linear algorithm, such as the rectified linear unit function; then, high-level features can
be obtained via feature combination [56]. The output layer receives the output from the
last hidden layer and converts it into a labeled probability for each category. The neural
networks used in the current study have three hidden layers containing hidden neurons.
Each hidden layer has four hidden neurons. The number of iterations executed during the
training period of the backpropagation algorithm is 600. The learning rate and momentum
rate of the backpropagation algorithm are 0.3 and 0.2, respectively.

2.3.5. Adaptive Boosting (AdaBoost)

The AdaBoost model is known as a successful and reliable artificial intelligence method
in the field of classification, prediction, and recognition due to its advantage of adaptive
augmentation [9,57,58]. In general, the working principle of this method includes the
following: (I) randomly selecting training subsets at the beginning; (II) repeating the
training model by selecting a training set based on an accurate estimate of the last training
session; and (III) assigning higher weights to erroneous categorical observations, so that
the misclassified sample data receive attention in the next iteration of training [59]. The
final robust classifier that combines several weak classifiers can accurately predict the class
of new observations. A decision tree was boosted in the current study, and the number of
estimators was fixed to 30 to ensure the best results. Meanwhile, the number of learning
rates was fixed to 1.
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2.3.6. Bagging

Bagging is a machine learning ensemble meta-algorithm for improving forecast accu-
racy by using multiple versions of a predictor to generate an aggregated predictor [60,61].
This model created sample sets by randomly training sample sets and then used the ob-
tained subsets to train basic algorithms for combination. Consequently, final accuracy can
be improved using the output results from multiple models [62]. The training of basic algo-
rithms in bagging is performed in parallel; as a result, this condition can highly promote
training efficiency. Compared with the other models, bagging performs well in mitigating
the overfitting problem. The classification and regression tree was selected as the base
estimator in the current study. The numbers of estimators and learning rates were 50 and 1,
respectively.

In this study, 80% of the data from three weather stations (SSY, TMHS, and HB) and
the flux station for tea plantations (tea plantation flux site) were used for training, while
the remaining 20% of the data were used for testing. The data from the PQ and TMXM
stations were used for validation. The described algorithms were implemented in a specific
Python code.

2.4. Performance Comparison Criteria

The performance of all models was evaluated using the mean absolute error (MAE),
root-mean-square error (RMSE), Nash–Sutcliffe efficiency coefficient (NSE), coefficient of
determination (R2), and slope between measured and simulated ETa values, in accordance
with the equations below. Meanwhile, the experimental model of actual evapotranspiration
(“GG”) was also used to compare with these machine learning models. The details of the
GG model are described in the Supplementary Materials.

MAE =

∣∣∣∣∑n
i=1(Pi −Oi)

n

∣∣∣∣
where n is the total number of observed data; Pi is the predictive value of tea plantation
evapotranspiration; and Oi is the observed value.

RMSE =

√
∑n

i=1(Pi −Oi)
2

n

R2 =
∑n

i=1(Pi −Oi)
2

∑n
i=1(Om −Oi)

2

where Om is the mean of the observed values of tea plantation evapotranspiration.
MAE and RMSE with smaller values and R2 with higher values confirm better

model performance.

3. Results and Discussion
3.1. Climate and Evapotranspiration Characteristics

Daily average Rn, Tmean, RH, Ws (at 2 m height), and ETa across the observation
stations for the tea plantations were 7.31 MJ m−2 day−1, 16.59 ◦C, 78%, 1.31 m s−1, and
2.05 mm day−1, respectively, during the study period. The average monthly distributions
of Rn, Tmean, RH, Ws, and ETa are presented in Figure 3. Similar seasonal patterns were
observed for Rn, Tmean, and ETa. Low values of Rn, Tmean, and ETa were recorded in
January and December, whereas higher values generally occurred in July and August
(Figure 3). The maximum Rn, Tmean, and ETa reached 18.93 MJ m−2 day−1, 34.05 ◦C, and
6.9 mm day−1, respectively, in July during the study period. About 65–75% RH was
observed in February, April, and October, whereas a high RH of more than 75% was
reported in other months. Low Ws (0.88–1.05 m s−1) were experienced in July, September,
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and October. By contrast, May, April, and August presented higher Ws (1.5–1.9 m s−1)
(Figure 3c).
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3.2. Performance of Machine Learning Models

Table 4 provides the performance of three EL machine learning models (RF, bagging,
and Ad) and the three common machine learning models (KNN, SVM, and MLP) in
predicting daily tea plantation ETa during the testing phase under six input scenarios.
The statistical results indicated that the RF model had higher R2 values (0.84–0.91) and
lower RMSE (0.41–0.56 mm day−1) during the testing phase, followed by bagging, SVM,
KNN, and Ad, except in Scenario 6, whereas MLP exhibited the lowest performance
among the 36 estimation models in predicting tea plantation ETa (Table 4). In addition,
the experimental model of evapotranspiration (the “GG” model) has good simulation
results for tea plantation evapotranspiration (R2: 0.87; RMSE: 0.49 mm day−1). However,
the experimental model needed more driving data (for example, the soil heat flux and
drying force) than that required for the machine learning models, which are hard to obtain
from conventional meteorological stations. Moreover, there are different performances for
the estimation of tea plantations’ evapotranspiration between the six datasets’ scenarios.
In Scenario 1, all the models achieved high-performance accuracy with high values of
R2 (0.833–0.906) and low RMSE (0.4102–0.5616 mm day−1). The datasets for Scenarios 2, 3,
4, and 5 provided the second, third, fourth, and fifth performance accuracy, respectively.
However, for Scenario 6, performance accuracy dropped dramatically in all the models,
with high RMSE and MAE but low R2. ETa values in the validation phase illustrate that
the machine learning models exhibit varying prediction accuracy under different input
scenarios (Figure 4). A similar pattern was observed in the testing phase. RF also achieved
the best performance in the validation phase for assessing the daily ETa of tea plantations
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by using different input combination strategies, followed by bagging and SVM. In general,
EL models (RF and bagging) were superior to the other models (KNN, MLP, Ad, and SVM).
The authors of [48] revealed that RF outperformed other models in evaluating the ETa of
humid subtropical wetlands. In [18], it was found that tree-based EL models obtained more
precise estimation values of evapotranspiration than common machine learning models
(e.g., SVM). Meanwhile, slight differences were observed between the bagging and RF
models in estimating tea plantations’ ETa (MAE < 3% and RMSE < 2.8%) for the six input
scenarios (Table 4). The results also supported our hypothesis that bagging achieved high
prediction accuracy in daily ETa because its algorithm principles were similar to those of
RF. By contrast, the performance of the Ad model did not meet its expectations. Overall,
the RF, bagging, and SVM models were the best models for estimating the daily ETa of tea
plantations on the basis of the aforementioned performance comparison criteria.

Table 4. Model comparison–summary of the results in the testing phase.

Algorithm Model Scenario MAE RMSE NSE Slope R2

(mm day−1) (mm day−1)

K-Nearest Neighbor kNN6 Scenario 1 0.3630 0.4910 0.872 0.841 0.872
kNN5 Scenario 2 0.3799 0.5216 0.766 0.824 0.856
kNN4 Scenario 3 0.3756 0.5192 0.857 0.839 0.857
kNN3a Scenario 4 0.3843 0.5213 0.856 0.836 0.856
kNN3b Scenario 5 0.4486 0.6008 0.808 0.786 0.808
kNN3c Scenario 6 0.5709 0.7799 0.677 0.682 0.671

Support Vector Machine SVM6 Scenario 1 0.3213 0.4602 0.887 0.871 0.887
SVM5 Scenario 2 0.3360 0.4772 0.804 0.845 0.879
SVM4 Scenario 3 0.3483 0.4902 0.873 0.872 0.873

SVM3a Scenario 4 0.3581 0.5223 0.855 0.829 0.855
SVM3b Scenario 5 0.3885 0.5403 0.845 0.816 0.845
SVM3c Scenario 6 0.5333 0.7407 0.709 0.694 0.710

Multilayer Perceptron MLP6 Scenario 1 0.3630 0.5616 0.837 0.745 0.833
MLP5 Scenario 2 0.4181 0.5812 0.704 0.716 0.819
MLP4 Scenario 3 0.4095 0.5680 0.815 0.724 0.828
MLP3a Scenario 4 0.4191 0.5809 0.823 0.729 0.821
MLP3b Scenario 5 0.4728 0.6246 0.791 0.677 0.793
MLP3c Scenario 6 0.6330 0.8590 0.609 0.517 0.610

Adaptive boosting AdaBoost6 Scenario 1 0.4072 0.5197 0.854 0.772 0.849
AdaBoost5 Scenario 2 0.3936 0.5292 0.846 0.762 0.851
AdaBoost4 Scenario 3 0.4122 0.5452 0.848 0.761 0.842

AdaBoost3a Scenario 4 0.4157 0.5564 0.831 0.753 0.835
AdaBoost3b Scenario 5 0.4805 0.6241 0.803 0.735 0.793
AdaBoost3c Scenario 6 0.5991 0.7734 0.682 0.606 0.683

Bagging Bg6 Scenario 1 0.3275 0.4368 0.887 0.869 0.893
Bg5 Scenario 2 0.3514 0.4778 0.870 0.842 0.878
Bg4 Scenario 3 0.3638 0.4841 0.871 0.836 0.876
Bg3a Scenario 4 0.3872 0.5158 0.858 0.843 0.842
Bg3b Scenario 5 0.4238 0.5593 0.818 0.813 0.833
Bg3c Scenario 6 0.5676 0.7720 0.694 0.703 0.684

Random Forest RF6 Scenario 1 0.3186 0.4102 0.897 0.870 0.906
RF5 Scenario 2 0.3407 0.4645 0.815 0.856 0.886
RF4 Scenario 3 0.3504 0.4717 0.877 0.851 0.882
RF3a Scenario 4 0.3758 0.5138 0.861 0.841 0.860
RF3b Scenario 5 0.4170 0.5570 0.836 0.810 0.835
RF3c Scenario 6 0.5441 0.7319 0.713 0.705 0.710

GG model [63] 0.3412 0.4900 0.837 0.846 0.870
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Different variable scenarios also play a crucial part in the estimation precision of ma-
chine learning models for tea plantation ETa. In the validation phase (Figure 4), the models
that used the complete climate and plant data scenario (Scenario 1: six-variable models)
exhibited the best prediction accuracy compared with the incomplete input data scenarios
(Scenarios 2 to 6) (Figure 4). However, in Scenario 6 (Tmean; mean RH; WS, 3c-variable
models), all the models presented the worst performance (Figure 4f). Previous studies have
also documented that machine learning models with temperature and radiation variables
(e.g., sunshine duration and Rn) can obtain reasonable evapotranspiration estimation accu-
racy in a humid region [64]. Our results indicated that Rn was considerably more significant
than Tmean and mean RH for daily tea plantation ETa, and the models based on Rn could
generally generate satisfactory ETa estimates for tea plantations. Such a finding is also
consistent with earlier studies [6,65], wherein radiation conditions are essential variables
for ETa estimation in humid climatic regions due to the energy limit for crop evapotran-
spiration. Notably, all machine learning models exhibit a tendency to underestimate ETa
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for tea plantations with ETa > 6 mm day−1. This uncertainty is discussed further in the
next section.

As an effective tool, Taylor diagrams were used to elicit a comparison between the
considered machine learning models under six input scenarios for tea plantation ETa
(Figure 5). Figure 5 provides a summary of the models in terms of statistical parameters
with the observed data [66,67]. The results also supported that the RF, bagging, and SVM
models were the best for estimating daily tea plantation ETa.
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3.3. Stability Appraisal and Uncertainty of Machine Learning Models

Figure 6 shows the average RMSE of all machine learning algorithms in our study
during the validation and testing phases under six input scenarios. The results show that
RF and bagging models exhibited improved steadiness with low RMSE values increasing
in the validation phase over the testing phase. By contrast, MLP was the worst-performing
model compared with the Ad, KNN, SVM, bagging, and RF models. The RF and bag-
ging models reliably demonstrated the lowest percentage increase (−15.3% to +18.5%)
in validation-phase RMSE over testing phase RMSE among the six machine learning al-
gorithms, suggesting that the RF and bagging models would considerably improve the
prediction accuracy when using new climate datasets with high stability. Our results are
consistent with the outcomes of [32]. They also reported that the RF model presented a
lower increase in testing RMSE from 0 to 49% in the validation phase over the testing phase.
The authors of [68] revealed that RF exhibited high performance in evapotranspiration
estimation by using the FLUXNET2015 dataset. However, the results of our study dis-
agreed with those of [69], who reported that the RMSE increase rate for the bagging model
in the test phase was typically higher than the rates for other machine learning models.
Moreover, EL algorithms, including bagging, RF, and Ad, exhibited inferior performance in
regression problems due to the impaired ability to provide a constant output [69]. In our
study, however, the RF and bagging models displayed good stability with a satisfactory
percentage increase, wherein the decision tree might provide more weight for points that
were not predicted using the previous predictor and finally reserved the weighted voting
right to overcome the estimation difficulty of overfitting [70]. However, the ensemble
model Ad could not produce good prediction accuracy in our case. In particular, in the
6–8 mm day−1 range (early-growing and mid-growing seasons), it had a higher RMSE
than the RF and bagging models (Figures 7 and 8). This result was largely due to the high
sensitivity to “abnormal samples” of Ad during that period (high plant physiology limits),
which obtained a high weight in iteration, affecting the prediction accuracy of the final
strong learner. This phenomenon was also documented by many researchers who used the
Ad model to resolve regression problems in hydrology and agriculture studies [71,72].

The levels of accuracy in different estimation ranges and seasons of daily tea plantation
ETa were assessed (Figures 7 and 8). The range of daily ETa observed values in the
validation phase was divided into four sub-intervals: 0–2, 2–4, 4–6, and 6–8 mm day−1.
Meanwhile, the performance of different seasons, i.e., the early-growing season (E), mid-
growing season (M), late-growing season (L), and non-growing season (N) with different
estimation ranges of ETa, were also investigated. All models presented the highest RMSE
values in the sub-interval of 6–8 mm day−1 (Figure 7). Except for the RF and bagging
models, RMSE was always above 1.0 mm day−1 for the other models in the sub-interval
under all the scenarios. It even exceeded 1.5 mm day−1 for the MLP model. In Scenarios
5 and 6, RMSE values even exceeded 2.0 mm day−1 for the MLP model (Figure 7e,f). By
contrast, in the sub-intervals of 0–2 mm day−1 and 2–4 mm day−1, all the models had a
higher prediction accuracy (RMSE < 0.6 mm day−1, except for Scenario 6, Figure 7f). In
general, the RF and bagging models exhibited the highest stability with a lower RMSE
increase (RMSE < 0.32–0.81 mm day−1) than the other models at all sub-intervals. At
the seasonal scale, except for the RF and bagging models, the other models also had
higher RMSE (0.5–1.2 mm day−1) in the early-growing and mid-growing seasons, which
increased from 31% to 137% relative to the RF and bagging models. In other seasons,
except for Scenario 6, the RMSE of all the models was within 0.5 mm day−1. Meanwhile,
the differences in RMSE values between the RF and bagging models were within 10%.
These results also suggest that the tree-based EL (RF and bagging algorithms) exhibit good
potential for tea plantation ETa estimation with a higher stability.

However, the results also indicate high uncertainty for estimating daily tea plantation
ETa in the sub-interval of 6–8 mm day−1 (Figures 7 and 8) largely due to the significant
underestimation of ETa by machine learning models (Figure 4). Many similar results for
the underestimation of ETa in high-value areas have been reported using machine learning
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in humid region ecosystems [32,48,68]. Notably, daily tea plantation ETa in the sub-interval
of 6–8 mm day−1 is concentrated in the early- and mid-growing seasons. In our study
site, energy conditions are the key control factors of daily tea plantation ETa. However,
during the early-growing and mid-growing seasons, the plant physiology limit for ETa
increased due to high temperatures and heat stress. Our observation results in the tea
plantation flux site also captured the physiology limit for ETa, where canopy conductance
decreased, limiting water loss and promoting water use efficiency (WUE) with high heat
stress during the two seasons [6,73]. These results revealed that physiological responses to
high temperatures and heat stress would reduce ETa, even if Rn was high. However, as
discussed above, a significant positive correlation relationship existed between Rn and ETa
for tea plantations (Table 2), which is the basis for the daily tea plantation ETa estimation
by our machine learning models. However, physiological limits might lead to low ETa
under high Rn conditions with high temperatures and heat stress. In addition, the extreme
climate events and human disturbance altered the stationary process of meteorological
and vegetation ecological data, which might lead to higher RMSE values for predicting tea
plantation ETa in the two seasons. Hence, we speculated that the underestimation of ETa
for our models was primarily due to the physiological limitations of tea plantations and
the nonstationary nature of the data during the early-growing and mid-growing seasons.

3.4. Contribution of Influencing Factors to the Predicted Daily ETa of Tea Plantation

The contributions of the influencing factors on the predicted daily ETa from the
studied models were assessed using the Shapley value. Figure 9 displays the key statistical
parameters for the six machine learning models by using the whole dataset (Scenario 1)
in the validation phase. All models consistently detected Rn as the most vital factor.
Meanwhile, a positive correlation relationship between daily ETa and Rn was also found.
In addition, Tmean also made a high contribution to tea plantation ETa estimation for all
machine learning models. By contrast, the contributions of other features varied in the
different models. In the KNN and SVM models, Ws was the third important feature, and
the effects of the remaining features were considerably smaller. For MLP and RF models,
LAI was the third important feature. Meanwhile, RH was the third important feature for
the Ad and bagging models. However, the importance of LAI and RH also decreased
significantly. The contribution of Sm was considerably less of a feature for all models in our
study. The results suggested that energy conditions (Rn and Tmean) are the key drivers for
tea plantation ETa estimation. This finding agreed with those of previous studies, which
reported that solar radiation and temperature are the most important climatic variables that
influence ETa variation in different ecosystems in humid regions [6,68]. Meanwhile, this
finding was further supported by observation studies that used eddy covariance, which
implied that Rn acted as a primary driver of evapotranspiration in tea plantations and
determined the temporal variation in ETa by more than 70% for tea plantations in our study
area [5,6]. These results also suggest that the models that used machine learning methods
in our study possess a certain physical mechanism for the ETa estimation of tea plantations.

Apart from the strong effect of energy conditions on tea plantation ETa estimation,
intense extreme climatic events and human-induced activities, such as canopy pruning,
weeding, drainage, and extreme drought, will alter the water and heat exchange process,
thereby increasing the complexity of the evaluation process of tea plantation ETa. Significant
underestimation of ETa by our machine learning models was noted with extreme climatic
events and human-induced events in the current study. Hence, the contributions of global
warming and human activities to the change in ETa should be noted in the future and
the prediction accuracy of evapotranspiration using machine learning methods should
be improved to provide better decision making for the sustainable water resources and
agricultural irrigation system planning of tea plantations.
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4. Conclusions

In this study, we presented the potential of EL models (RF, bagging, and Ada)
for precisely estimating the daily ETa of tea plantations with six scenarios of available
tea plantation meteorological and evapotranspiration data collected over 12 years
(2010–2021). The results suggest that the RF model exhibited superior performance, with
higher values of R2 (0.84–0.91) and lower values of MAE (0.32–0.42 mm day−1) and RMSE
(0.41–0.56 mm day−1) compared with the other state-of-the-art models for predicting the
daily ETa of tea plantations. Meanwhile, RF and bagging models exhibited the highest
steadiness with low RMSE values increasing (−15.3~+18.5%) in the validation phase over
the testing phase. Considering the high prediction accuracy and dependability of the stud-
ied models, the RF and bagging models can be recommended for the daily ETa estimation
of tea plantations. The importance analysis from the studied models determined that Rn
and Tmean are the most critical influential variables that affect the daily dynamics of the
observed and predicted ETa values for tea plantations. In the absence of climatic datasets,
Rn, Tmean, and RH combinations (Scenario 4) achieved reasonable precision in assessing
the daily ETa of tea plantations in all the models. The results of this study will contribute
to the management of water resources for tea plantations.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app132312961/s1, Figure S1: The general schedule of phenology,
managements and rainy/dry season for the study tea plantations. The pruning period is also the early

https://www.mdpi.com/article/10.3390/app132312961/s1
https://www.mdpi.com/article/10.3390/app132312961/s1


Appl. Sci. 2023, 13, 12961 18 of 20

growing season of the study tea plantations. The pictures were taken in the middle or late days of
each month [6]; Figure S2: (a) Normal Support Vector Machine model; (b) Soft-margin Support Vector
Machine model; Figure S3: Classic multilayer perceptron structure; Table S1: Seasonal variations of
major biophysical parameters at the tea plantation.
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