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Abstract: Suitability evaluation of tea cultivation is very important for improving the yield and
quality of tea, which can avoid blind expansion and achieve sustainable development; however, to
date, relevant research at town and village scales is lacking. This study selected Xinming Township
in Huangshan City, Anhui Province, as the study area, which is the main production area of Taiping
Houkui Tea—one of the ten most famous teas in China. We proposed a machine learning-based
tea cultivation suitability evaluation model by comparing logistic regression (LR), extreme gradient
boosting (XGBoost), adaptive boosting (AdaBoost), gradient boosting decision tree (GBDT), random
forest (RF), Gaussian Naïve Bayes (GNB), and multilayer perceptron (MLP) to calculate the weight
accuracy of the evaluation factors. We then selected 12 factors, including climate, soil, terrain, and
ecological economy factors, using the RF with the highest accuracy to calculate the evaluation factor
weights and obtained the suitability evaluation results. The results show that the highly suitable
area, moderately suitable area, generally suitable area, and unsuitable area land categories for tea
cultivation were 14.13%, 27.25%, 32.46%, and 26.16%, respectively. Combined with field research,
the highly suitable areas were mainly distributed in northwest Xinming Town, which is in line with
the distribution of tea cultivation at the Xinming township level. The results provide a scientific
reference to support land allocation decisions for tea cultivation and sustainable green agricultural
development at the town and village scales.

Keywords: machine learning; suitability evaluation; tea cultivation; town and village scale; GIS

1. Introduction

Tea is a woody plant belonging to the angiosperm family of vegetation classification
system [1]. External morphology is influenced by external environmental conditions and
various branching habits, which result in plant forms bearing different types of tea leaves.
China is the home of tea. China’s tea production increased from 0.68 million tons in 2000
to 2.93 million tons in 2020. Although consumption of tea was somewhat affected by the
COVID-19 pandemic in 2020, the market value of tea remains high, as much as 2.038 billion
dollars [2]. Tea is an integral part of the lives of Chinese people, especially in the Anhui,
Yunnan, Guizhou, Sichuan, Zhejiang, Hubei, and Fujian provinces [3]. Tea has become one
of the main cash crops in these regions and a leading industry in some of the villages and
towns in these regions. The quality and yield of tea depends on a number of characteristics
of the cultivation area, thus constraining the further development of the tea industry [4,5].
Therefore, it is necessary to explore tea cultivation suitability to address the challenge of
tea yield reduction and low quality caused by the lack of scientific or reasonable planning
in the early stages of tea plantation construction, as well as to avoid increasing fertilizer,
pesticides and other agricultural chemical applications, which mitigate agricultural source
pollution [6]. Additionally, tea cultivation suitability research can provide information
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regarding the constraints of land use for tea, which is important for the high quality and
high yield of tea, the development of the tea industry, and the efficient use of agricultural
land resources.

In recent years, several relevant studies have been conducted on the suitability eval-
uation of crops, such as tea. These studies are mainly divided into evaluation factors,
evaluation methods, and evaluation scales. The evaluation factors are mainly classified
into natural environmental factors and anthropogenic factors [7]. Natural environmental
factors include climate, soil, and topography. Further, average temperature, maximum
temperature, minimum temperature, accumulated temperature, evaporation, relative hu-
midity, precipitation, sunshine duration, and wind speed are the characteristics of climate
factors [8–10]. Soil characteristics include soil pH, available phosphorus, available potas-
sium, ammonium, and nitrate [11–13]. The topography characteristics are mainly slope,
aspect, altitude, and elevation, among others [14,15]. Hence, natural factors are essential
for the evaluation of crop cultivation suitability. Anthropogenic factors mainly involve
distance from roads and rivers, transportation costs, drainage, population density, and per
capita GDP [16–18]; some evaluation models mainly reflect the impact of anthropogenic
activities on the cultivation of crops, such as tea, and the labor cost in the process of tea
cultivation. Existing research has begun to combine natural and anthropogenic factors to
carry out a comprehensive evaluation that provides a more scientific theoretical basis for
tea production decisions.

The evaluation methodologies can be divided into subjective weighting methods,
objective weighting methods, and subjective–objective weighting methods. Subjective
weighting is the earliest method based on the importance of decision makers in assigning
different weights to the evaluation factors. Although this method is simple and widely
used, it has many limitations in its application because of its subjective and arbitrary na-
ture, including the analytic hierarchy process [19], fuzzy analysis [20], and expert scoring
method [21], among others. Objective weighting uses the relationship between the evalu-
ation factors and the interaction between the results and evaluation factors to determine
the weight, wherein mathematical theory is strong, but its universality is poor, and the
calculation is cumbersome; these include the entropy method [22] and principal component
analysis [23], among others. With the development of information technology, machine
learning theory and methods have been introduced into suitability evaluation systems,
such as artificial neural network (ANN) [24], maximum entropy model (MaxEnt) [25],
Bayesian [26], random forest (RF) [27], regression model [28], and deep learning [29], with
a collinear relationship between evaluation factors. Some machine learning methods also
have overfitting and weak interpretability to prevent the implicit superposition of weights
in the process of factor weighting; these include the analytic hierarchy process and gray
correlation [30], fuzzy mathematics [3], genetic algorithm [31], and other methods. These
methods achieved good results.

At the evaluation scale, the existing crop suitability evaluation system for tea and
other crops is mostly aimed at the national, provincial, municipal, and county macroscale.
Most tea suitability evaluations are based on multi-standard evaluations of China, India,
Kenya, and Sri Lanka—the four major tea-producing countries [9,10,32]. Some studies
have focused on tea production areas in different provinces, such as Lahijan in Iran [33],
Yingde in Guangdong, Zhejiang and Yunnan Province in China [3,7,34]. However, it is
difficult to obtain evaluation data on a macro scale. The number of selected factors is not
comprehensive, and the accuracy of the natural factor sampling points is poor; therefore,
the evaluation results cannot be accurate for specific areas. In recent times, studies have
been conducted on suitability evaluations of tea and other crops in cities and counties as the
research areas, such as the Yuyao and Shangnan Counties or the Shaanxi Province [35,36].
Compared with large scales such as national and municipal scales, town and village scales
could reveal detailed characteristics of the spatial distribution of tea.

As the demand for tea continues to grow both in China and internationally, the area
under cultivation and the total yield of tea are expected to increase accordingly. However,
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given that the total area of suitable land is limited, it is of the utmost importance to develop
a plan for further development of the tea sector in important tea-producing regions. In this
study, we considered Xinming Township, Huangshan City, Anhui Province as the study
area, which is also one of the ten major green tea-producing areas in China. We selected
natural and anthropogenic factors as evaluation factors and combined the following seven
machine learning methods: logistic regression (LR), extreme gradient boosting (XGBoost),
adaptive boosting (AdaBoost), gradient boosted decision tree (GBDT), random forest (RF),
Gaussian Naive Bayes (GNB), and multilayer perceptron (MLP). Machine learning has
been used for some time in crop suitability evaluation models. Notable examples are the
work of Sarkar et al. [37] in which AHP and machine learning were combined to evaluate
suitability for rice planting, and the study of cassava and sweet potato by Raji et al. [38].
In addition, machine learning has been widely used in tea quality assessment [39–42] and
tea leaf disease prediction and variety determination [43,44]. However, no reports have
yet been published regarding machine learning methods applied to the study of suitability
of tea cultivation at the scale of town and village. The focus of our study was two-fold:
(1) optimization of machine learning for the evaluation of tea cultivation suitability, and
(2) quantitative analysis of the factors affecting the suitability of tea tree growth. This is the
first study to compare the weighting accuracy of different machine learning methods in
suitability evaluation systems at town and village scales.

The background and data are described in Section 2. In Section 3 we describe the methods
and in Section 4 we discuss the results of our analyses. Finally, in Section 5, we provide the
geographic and agronomic context of this work and propose future research in this area.

2. Background

In this section, we provide descriptions of research area, tea cultivation suitability
evaluation, and data.

2.1. Research Area

The land area of Xinming Township, selected as the study area (Figure 1), is located in
the northeast of Huangshan City, Anhui Province, with a central position of 30◦ 29′ north
latitude and 118◦ 25′ east longitude, mainly comprising mountainous and hilly landforms,
with a total area of 139.03 km2. The city is the main production area of green tea in China
and the core production area of Taiping Houkui tea—one of the ten most famous teas. Its
planting area is mainly distributed in the Fenghuangshan, Shitongshan, Jigongshan, and
Jigongjian areas of the three natural villages of Houkeng (Figure 2), Hougang, and Yanjia in
Sanhe Village of Xinming Township—known as the “Hometown of Taiping Houkui Tea”.

Figure 1. Xinming Township geographic location map.
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Figure 2. Houkeng Village landscape.

2.2. Tea Cultivation Suitability Evaluation

Tea cultivation suitability evaluation is often referred to as one of the multi-criteria
evaluations of crop cultivation, which analyzes the suitability of regional planting by
selecting influencing factors and calculating factor weights in accordance with the needs of
tea growth. The suitability evaluation of tea cultivation is beneficial to the scientific planning
of tea plantations and the sustainable development of the tea industry [5]. Meanwhile, in
the fields of wheat, rice, coffee, and other crops, the cultivation suitability is commonly
used [26,37]. However, the analytic hierarchy process is mostly used in the conventional
planting suitability evaluation model, which has subjective factors interfering. Therefore,
researchers have increased the objectivity of evaluation results by using objective evaluation
techniques such as machine learning. As a result, the present suitability evaluation can
be broadly divided into three types based on the methodologies now in use: subjective
evaluation methods, objective evaluation methods, and subjective and objective evaluation
methods combined.

2.3. Data

The Digital Elevation Model (DEM) used in this study was obtained from the Geospatial
Data Cloud System of the Computer Network Information Center of the Chinese Academy of
Sciences. Available online: http://www.gscloud.cn (accessed on 15 October 2020). And we
use a GDEMDEM 30 m resolution to analyze slope and aspect. Meteorological data sources
were combined with those of the Meteorological Bureau of Huangshan City. As there is no
weather station in Xinxiang City, we used weather station data for the surrounding towns,
from 2015 to 2019, and current data from the main production area of Taiping Houkui in
Xinming Township. Soil data were obtained from field surveys, with a total of 32 soil points
sampled. The data were processed for analysis using kriging interpolation in ArcGIS 10.2.
The DEM data were analyzed for the slope and slope directions. Meanwhile, climate,
soil pH, and soil organic matter data were obtained from field surveys to obtain sample
point data, which were converted into raster data through spatial interpolation. The roles
of different influencing factors in the tea cultivation process are shown in Table 1.

http://www.gscloud.cn


Agronomy 2022, 12, 2010 5 of 18

Table 1. Factors affecting tea growth.

Criteria Evaluation Factor Effects

Topographical
Slope Generally high mountain tea planted at an altitude of approximately 400–700 m. “Taiping Houkui” is located in the Xinming

Township. Part of the tea plantation is located at an altitude of 700 m above sea level. As the altitude rises, the temperature
gradually decreases; when the temperature falls below 0 ◦C, frost damage affects both the yield and quality of tea.

Aspect
Elevation

Soil

Organic matter Tea trees do well in acidic soil, the most suitable pH being 4.5~5.5. When the soil pH exceeds 6.5, tree growth is inhibited.
Although tea trees tolerate relatively low pH, decreasing pH (increasing acidity) has been shown to inhibit the growth of tea trees
as well as affect the quality of tea leaves to a certain extent. The organic matter of high-quality tea growing terrain is generally
greater than 2%, and the nutrient content of the soil will directly affect the quality of tea leaves. There is also a correlation between
the nitrogen, phosphorus, and potassium content of the soil and the quality of tea leaves.

pH
Nitrogen

Phosphorus
Potassium

Climatic
Average temperature Tea trees grow best under consistent and relatively high temperature and humidity. Generally, temperatures above 15 ◦C and

humidity greater than 50% are appropriate.Relative humidity

Community
economic indicators

Distance from roads The distance from the road will affect the efficiency of tea picking. In addition, the construction of the road will destroy the original layer of
soil, which will cause a decrease in soil fertility. The distance from the water source has an effect on soil moisture and the ease of irrigation.Distance from rivers
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3. Methods
3.1. Machine Learning

Machine learning was proposed by Tom Mitchell in 1977 [45], and involved building
an algorithmic model by teaching computers how to make predictions using data and
formulas [46]. In recent years, machine learning has advanced quickly and has found
extensive use in numerous industries. According to the various training samples and feed-
back techniques, machine learning is classified into four main types, including supervised
learning, unsupervised learning, semi-supervised learning, and reinforcement learning [47].
We have included a list of machine learning and other computational acronyms (Table 2) to
improve the readability of the article.

Table 2. The relevant acronyms in this study.

Nomenclature

LR logistic regression V variable importance measures
RF random forest S1 highly suitable area
XGBoost extreme gradient boosting S2 moderately suitable area
AdaBoost Adaptive boosting S3 general suitable area
GNB Gaussian Naïve Bayes N unsuitable land area
GBDT gradient boosting decision tree S comprehensive suitability evaluation value
MLP multi-layer perceptron Pi evaluation factor
GI Gini index Wi evaluation factor weighting

3.1.1. Logistic Regression (LR)

LR is one of the most commonly used prediction models. It is used to describe the
multiple regression relationship between one result variable and one or more explanatory
variables and can better solve the interdependence between variables [48,49]. The basic
principle is to convert variables into binary data and to construct a categorical probability
model for categorical data, which is used to predict the probability of events occurring in a
region. In addition, during the modeling process, the explanatory variables can be screened
using logistic regression to eliminate those that do not contribute or contribute less to the
outcome variable.

3.1.2. Random Forest (RF)

RF is a combination of bagging and random subspaces proposed by Leo Breiman
in 2001 [50]. This is a machine learning method based on the principle of classification
and regression analysis using a large number of single-unit classification trees [51]. The
decision tree is constructed by randomly selecting K samples in a given training set with a
release, and a random selection of a predictor variable in the sample set is needed to split
the “tree” into nodes. The predictor variables are closely related to the nodes of the tree;
both achieve randomness in the rows and columns of the sample, and multiple decision
trees are combined by voting or averaging to produce the predicted outcome.

3.1.3. Extreme Gradient Boosting (XGBoost)

Also known as the extreme gradient boosting algorithm, the XGBoost algorithm is a
machine learning algorithm based on gradient boosting [52]. Its basic principle is to form
a strong classifier by iterative calculation of each weak classifier and optimize the entire
objective function in steps, which can effectively build an enhanced decision tree, reduce
the error, and have the characteristics of high efficiency and accuracy compared with other
machine learning methods.

3.1.4. Adaptive Boosting (AdaBoost)

The principle of the AdaBoost algorithm is similar to that of the XGBoost algorithm,
which is a boosting algorithm that obtains classification results through iterative compu-
tation of weak classifiers. AdaBoost is mainly used to solve online assignment problems,
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and is an algorithm based on the idea of weighted voting. At the beginning of the com-
putation, all classifiers have equal weights; the weights are reassigned after checking
their performance. In case of incorrect classification, the weaker classifier is assigned a
higher weight [53].

3.1.5. Gradient Boosting Decision Tree (GBDT)

GBDT is an algorithm proposed by Friedman in 2002 [54], which is similar to RF and
consists of several small decision trees. However, they differ in the decision tree construc-
tion process. In GBDT, decision tree needs to subtract the residuals of the previous decision
tree to obtain a new value until all trees are computed or the residuals are sufficiently small.
The core is to consider the sum of the residuals computed from all decision trees as the
final result [55].

3.1.6. Gaussian Naïve Bayes (GNB)

GNB is a common probabilistic statistical classification method with a simple, efficient,
and high-accuracy algorithm that is widely used in various fields [56]. It is based on the
Bayesian theory and assigns specific weights to each class given in the training data with
the desired feature condition.

3.1.7. Multi-Layer Perceptron (MLP)

MLP is a type of forward network. In general, it consists of input, hidden, and output
layers, where the number of hidden layers can be one or more without any limitation, and
the layers are connected. The output layer only transmits data to the hidden layer according
to different weight values, where the data is processed nonlinearly, and the output layer
finally outputs the result [57].

3.2. Evaluation Factor

Based on existing research [14,58], natural and anthropogenic factors comprising
12 criteria, namely, average temperature, relative humidity, elevation, slope, slope direc-
tion, pH value, organic matter, nitrogen content, phosphorus content, potassium content,
distance from roads, and distance from rivers, are considered to determine suitable land
for tea cultivation, according to circumstances.

3.3. Tea Cultivation Suitability Evaluation Model

The technical routes used in this study are illustrated in Figure 3. It can be summa-
rized as the selection and pretreatment of four evaluation factors, selection of evaluation
methods, calculation of evaluation factor weight, and suitability evaluation [16,32,58]. By
comparing seven machine learning methods—LR, XGBoost, AdaBoost, GBDT, RF, GNB,
and MLP—which were selected to calculate the weights of the evaluation factors, we were
able to compare the prediction accuracy by AUC values. Finally, we selected the method
with the highest accuracy—the random forest method—to calculate the factor weights. GIS
software was used to spatially interpolate and reclassify index factors to achieve spatial
processing. A superposition analysis was performed according to the weights of each
evaluation factor, and the calculated results were classified for suitability. The results
were classified into four classes according to the Food and Agriculture Organization of the
United Nations (FAO) criteria: high suitability, medium suitability, general suitability, and
unsuitable areas [59]. Additionally, the suitability distribution of Taiping Houkui Tea in
Xinxiang City was mapped.
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Figure 3. Technical roadmap of tea cultivation suitability evaluation in Xinming Township.

4. Results
4.1. Evaluation Unit Factor

We used the ordinary kriging method in geostatistical analysis to interpolate the se-
lected evaluation factors, which are widely used in crop suitability evaluation, visualization
of soil nutrients, heavy metals, and meteorological spatial variation [60,61]. The processed
data was reclassified to complete the data preprocessing. The results of the processing are
shown in Figure 4a–l, with spatially interpolated evaluation factors.

The spatial distribution of the evaluation factors selected in this study revealed that
the suitable areas were mostly concentrated in the central region, which is located at the
intersection of the three villages and towns of Monkey Hang Village, Qiaoshan Village,
and Xinming Village. Among them, the most suitable tea growing area, considering pH
as the highest factor of importance, was found to be mainly distributed in the western
part of Monkey Hang and the Zhaotao Village, the northern part of Gehu Village, and
the northern part of Qiaoshan Village. With average temperature as an important factor,
less suitable areas were mainly concentrated in the eastern and western part of the Gehu
Village, while other villages and towns were found to be more suitable for the growth of
tea trees. The most suitable tea growing area according to relative humidity factor was
mainly distributed in the Gehu Village and the southern part of Monkey Hang. The content
of fast-acting potassium in the soil of Xinming Township was in line with the growth of tea
trees. The most suitable area according to nitrogen content was the south of Monkey Hang
and the north of Zhaotao Village. The suitable area based on slope showed irregular space
distribution and was distributed in all villages. The suitable area based on altitude was
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mainly distributed in the south of Qiaoshan Village and the east of Gehu Village, though
the altitude also showed irregular distribution in terms of space. The weights of the other
evaluation factors were not greater than 0.3, and therefore had less influence on the results
of tea growth.

Figure 4. Reclassification of criteria: (a) Slope, (b) Aspect, (c) Elevation, (d) Organic matter,
(e) Soil pH, (f) Nitrogen, (g) Phosphorus, (h) Potassium, (i) Average temperature, (j) Relative humid-
ity, (k) Distance from roads, and (l) Distance from rivers.

4.2. Comparison of Machine Learning Methods

Comprehensive evaluation experiments were conducted using seven machine learning
methods. To compare the final results, receiver operating characteristic (ROC) curves
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were used to test the accuracy of the prediction models. The ROC curve is a common
model validation method in applicability evaluation systems that are not subject to critical
constraints. In addition, the specificity and sensitivity were calculated by continuously
changing the judgment threshold. The area enclosed by the ROC curve and marker line
is called the area under the curve (AUC) value. The higher the AUC value, the higher
the accuracy of the model [62]. The AUC values calculated in this study are shown in
Figure 5. For LR, RF, XGBoost, AdaBoost, GBDT, GNB, and MLP, the calculated AUC
values are 0.618, 0.86, 0.819, 0.731, 0.853, 0.566, and 0.539, respectively. From the perspective
of evaluation accuracy, the highest AUC value was calculated by the RF method, indicating
its feasible application in the evaluation system of tea cultivation suitability, with better
calculation accuracy. Therefore, this method was used in this study to calculate the weights
of evaluation factors.

Figure 5. ROC curve comparison.

4.3. Factor Weight Calculation

The idea of evaluating the importance of evaluation factors in RF is based on the
average contribution of each evaluation factor to each tree in RF. There are generally two
methods to measure the contribution: the Gini index or the OOB error rate. In this study,
the Gini index was used as the evaluation standard to measure contribution [63], and the
calculation formula is as follows:

GI = 1−∑|n|
n=1 p2

nm (1)

where GI is the Gini index, n is the category, m is the node, and pnm is the proportion of
n in m. Using this formula, two features randomly extracted from node m were assigned
different probabilities.

The importance of feature ai in node m is denoted by Va, and its Gini index before
and after node m is inconsistent. Therefore, the change in the Gini index of ai in node m is
Vai = GI − GIa1 − GIa2 (GIa1 is the Gini index before the node, and GIa2 is the Gini index
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after the node). Finally, the importance of the evaluation factor was normalized [63], and
the equation is as follows:

V =
Vj

∑c
i=1 Vi

(2)

Each evaluation factor was substituted into formulas (1) and (2) to calculate the
weights of each evaluation factor (Table 3). Referring to studies of Chen [7], Das [16], and
other researchers [15], and combining these results with the data in the present study,
we classified the factors into different levels (Table 3). The largest weight value of 0.132
is accounted for by pH, followed by average temperature and relative humidity. And
the factor weight value of community economic indicators is the smallest. Meanwhile,
we classified the obtained evaluation factors into four classes: highly suitable area (S1),
moderately suitable area (S2), general suitable area (S3), and unsuitable land area (N).

Table 3. Weight and analytic hierarchy results of tea suitability evaluation factors in Xinming Township.

Criteria Evaluation Factor Weight
Suitability Class

S1 S2 S3 N

Topographical

Slope (◦) 0.094 5–25 0–5 >25 -

Aspect (◦) 0.100 112.5–247.5 67.5–112.5
and 247.5–292.5

292.5–67.5
and −1–0 -

Elevation (m) 0.100 500–700 300–500 and
>700 0–300 -

Soil

Organic matter (%) 0.025 4–7 7–16 3–4 -
pH 0.132 4.5–5.5 5.5–6.5 >6.5 and 4.0–4.5 -

Nitrogen (g/kg) 0.120 2.2–2.8 >2.8 0–2.2 -
Phosphorus (mg/kg) 0.030 >10 5–10 0–5 -
Potassium (mg/kg) 0.121 >500 300–500 <300 -

Climatic
Average temperature (◦C) 0.124 17–20 >20 <17 -

Relative humidity (%) 0.122 70–75 50–70 >75 -

Community
economic
indicators

Distance from
Roads (km) 0.021 0–0.5 0.5–0.8 0.8–1.2 >1.2

Distance from
Rivers (km) 0.011 0.2–0.5 0–0.2 0.5–1.0 >1.0

4.4. Suitability Evaluation Results

We used GIS-related software to spatially interpolate and reclassify the index factors.
After applying the most accurate random forest to determine the weights of each factor, we
then carried out the spatial analysis module via ArcGIS software to superimpose different
factors according to the corresponding weights [30]. The equation is as follows:

S = ∑ Wi ∗ Pi (3)

where Pi is the evaluation factor value, Wi is the weight of each evaluation factor,
i = 1, 2, 3 . . . n. Based on international FAO standards, we used the natural breakpoint
method to group the final results into four different classes of land: highly suitable, moder-
ately suitable, generally suitable, and unsuitable.

A distribution map of the tea suitability evaluation was obtained in this study by
calculation, as shown in Figure 6. The highly suitable area, which is also the area with the
most favorable natural geographical conditions for the growth and development of tea
crops, accounted for 14.13% of the total evaluated area. It was distributed in the southern
and a small northern part of the Houkeng Village and Qiaoshan Village, the northern part
of the Xinming Village, and the eastern part of the Gehu Village. The Ma Chuan River
flows through the area and provides sufficient water for the growth of tea trees. Geological
disasters were unlikely to occur, and the natural environment was relatively stable. Thus,
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tea plantations in the area were of high yield and good quality. These areas can be treated
as a key tea ecological reserve and the preferred area for future tea industry expansion.

Figure 6. Tea growth suitability distribution.

The moderately suitable area covered 27.25% of the total area of Xinming Town and
was adjacent to the highly suitable area. Both of these areas had roughly the same overall
distribution. Generally, the natural environment was more suitable for the growth and
development of tea trees—with good yield and quality of tea plantations—and therefore
can be used as a tea development area.

The generally suitable area accounted for 32.46% of the total area. It was mainly
concentrated in the northern part of Houkeng Village, the southern part of Xinming Village
and Gehu Village, and the northern and eastern parts of Zhaotao Village. The topography,
soil, and other conditions in the area met the growing needs of tea trees, but the tea
yield was low, and the quality was average, and therefore not suitable for the large-scale
development of the tea industry.

The unsuitable land area accounted for 26.16% of the total evaluation area. It was
widely distributed in the villages of Gehu and Zhao Tao, along with a small part located
in the northern part of the Houkeng and Qiaoshan villages. The terrain was steep and
soil fertility decreased due to serious soil erosion during the summer rainy season, which
makes it unfavorable for the growth of tea.

5. Discussion
5.1. Discussion on Evaluation Factors and Suitability Areas

In the existing evaluation of tea suitability, most studies have focused on the influence
of individual elements on tea growth, such as climatic and soil factors [5,9,10,64]. Among
them, temperature and precipitation as climatic factors [15,65], and DEM and slope as soil
factors exhibit significant effects on the quality and yield of tea [30]. Owing to the difference
in the scale of the study, our findings revealed that the pH value in the soil had the greatest
effect on the tea growth, which is consistent with the findings of a previous study [66]. In
addition, the weight value of climatic factors chosen in this study was second only to pH,
which is consistent with observations of previous studies. This may be due to the small scale
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of the study area and the small overall differences in climate and topography; therefore, the
soil factor had more influence on tea growth than did the climate and topography factors.

We counted 385 tea gardens in Xinxiang, covering a total area of 667.2922 hm2. Among
them, seven tea gardens had an area of more than 10 hm2, and the largest tea garden was
located in the moderate and general suitability areas of Houkeng village. The suitability
evaluation results of this study were compared with the actual distribution of the tea
gardens (Figure 7). The maximum number and area of tea plantations was in the general
suitability area. The number of tea gardens accounted for 25.71% and the area of tea
gardens accounted for 21.81% of the total statistics, while 19.22% of the tea gardens were
partially located in the general suitability area. The second was the number of tea gardens
in unsuitable areas, of which 88 tea gardens had more than 19.61% of their total area, and
35 tea gardens were partially in unsuitable areas. Additionally, 74 tea gardens were located
in moderately suitable areas, 32 in highly suitable areas, and 18 in highly and moderately
suitable areas.

Figure 7. Distribution diagram of suitability evaluation results of existing tea gardens, where S1,
S2, S3, and N represent highly suitable area, moderately suitable area, generally suitable area, and
unsuitable land area, respectively. Variables are explained in Section 4.3.

According to the statistical results and Figure 8, most of the tea gardens in the Xinming
Village are small-scale cultivations, with more than 94% of the tea gardens being less
than 5 hm2. The larger areas were mainly located in Qiaoshan and Houkeng Villages.
Combined with field research in some evaluation areas, the distribution areas of high-
quality tea gardens in the Xinming Township (Houkeng and Longwangshan) were found to
be consistent with the predicted results of this study. Houkeng and Longwangshan villages
were the main distribution areas of high and moderate suitability areas, and Longwangshan
in Houkeng Village and the Qiaoshan Village were the main producing areas of high-quality
Taiping Houkui tea, which has the largest tea industry base in the Xinming Township,
indicating that the method used in this study is scientific. However, existing tea gardens
have high distribution in the Gehu Village, which was different from the calculation results
of this study. Some regional evaluation results of the Gehu Village showed that the area
was unsuitable, and the quality and yield of tea planted in this area were lower than those
in other areas. Therefore, the distribution of tea gardens should not be expanded in this
area. The most suitable area for tea cultivation was at the junction of the Houkeng and
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Qiaoshan Villages and the Xinming Village. There are many suitable tea cultivation areas
in this location that can be used as expansion areas for tea gardens in the future.

Figure 8. Spatial distribution map of tea garden.

5.2. Performance Analysis of Evaluation Method

In this study, we compared the prediction accuracy of seven machine learning methods
(LR, XGBoost, AdaBoost, GBDT, RF, GNB, and MLP) and selected the method with the
highest accuracy to calculate weight of the evaluating factors. The AUC values were then
used to evaluate the accuracy of the models. Generally, when the AUC is greater than
0.75, the model is considered to have good performance in the application [67]. The results
showed that the accuracies of RF, XGBoost, and GBDT were all over 0.75, with RF having the
highest accuracy of 0.86. The AUC values of LR, AdaBoost, GNB, and MLP were all less than
0.75. The AUC values of GNB and MLP were less than 0.6, and therefore these two methods
were not selected in this study because of their poor granularity. However, this does not
mean that GNB and MLP are not appropriate for suitability evaluation systems. Different
research fields and research objects can affect the accuracy of model prediction [68].

In general, machine learning methods have been introduced for crop suitability evalua-
tion, which requires constant adjustment of parameters to avoid overfitting. The evaluation
results of different scales and regions may have problems, such as the localization of
evaluation factors. However, machine learning methods are characterized by weak inter-
pretability, which can be continuously improved by subsequent research. For example,
when using machine learning methods to calculate weights, previous studies have explored
the optimal evaluation factors by different factor combinations [69], and increased the
knowledge and rules in the model to improve the interpretability by combining qualitative
and quantitative methods [70].
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5.3. Tea Cultivation Suitability Evaluation

The evaluation of tea cultivation suitability is of great importance for the planning
of tea plantations and future development of the tea industry in China. To evaluate tea
cultivation suitability, we selected the method with the highest accuracy—the random
forest method—to calculate the factor weights and compare different machine learning
methods. We then applied the FAO land suitability grading criteria to group our re-
sults into four grades, which roughly mimic the actual distribution of tea plantations in
Xinming Township.

5.4. Study Limitations

Owing to some limitations of the study, our findings may not be fully representative
of tea growing areas. The study area was relatively small; as expected, the effects of climate
and socioeconomic variables were also small. It is worth noting that—although we used
machine learning methods to reduce the interference of subjective factors—there were still
differences between the calculated results and the actual situation [71]. In addition, the
growth of tea trees is also affected by pests and diseases, vegetation indices, and socio-
economic and national policies. However, owing to limitations of the data, not all the
suitable areas for tea growth in this study can be expected to produce better quality tea
or confer greater economic benefits. The models we use have some limitations in terms
of applicability. The most suitable machine learning method may depend on the type of
data available. Notwithstanding these limitations, the model is a valuable tool for planning
future tea cultivation areas.

6. Conclusions

In this study, we aimed to compare tea suitability maps produced by machine learning
models at village and township scales. Specifically, we considered Taiping monkey tea as
the research object and selected twelve influencing factors from the natural environment
and anthropogenic factors. We then compared seven machine learning methods and
selected the method with the highest accuracy for quantitative evaluation of suitability.
This study can also provide scientific reference for land allocation decisions for various
crops in the town and village scales, such as coffee, rice, and wheat. The evaluation results
can be summarized as follows:

(1) By comparing the prediction accuracy of the seven machine learning methods, the
final results showed that RF had the highest accuracy, with a predicted AUC value of
0.86. This indicates that the machine learning methods have certain advantages in the
suitability evaluation model, with high accuracy and good evaluation results, which
can improve the objectivity of the model.

(2) Xinming town “Taiping monkey” tea tree growth suitable area from north to south
exhibited a gradually declining trend. Highly suitable areas (14.13%) and medium
suitable areas (27.25%) were mainly concentrated in the north, west, and central,
specifically distributed in Houkeng, Xinming, Sanmenxia, Longwang Mountain,
among other areas. Generally, suitable areas were the most widely distributed, and
the general and unsuitable areas were mostly adjacent to each other, accounting for
32.46% and 26.16%, respectively. However, it was mainly distributed in the southern
and northwestern regions.

(3) In the future, most of the areas in Houkeng and Qiaoshan villages can be considered
for vigorously planting tea trees for suitable growth and be used as the first-choice
area for the development of tea gardens to manufacture high-quality Taiping Houkui
tea. Gehu Village tea plantations were not suitable for large-scale expansion because
the yield and quality of tea planted in the area were not as good as in other areas.

Compared with the traditional weighting method, this study used the machine learn-
ing method, which weakens the bias caused by the subjective will to a certain extent; thus, it
analyzes the influence of multiple factors on tea growth more objectively and scientifically.
We will further improve the evaluation factors and methods, such as anthropogenic activi-
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ties, tea tree pests, and diseases that affect tea tree growth and quality, in future studies.
Meanwhile, improving the generalizability of the model is key to future research on land
suitability evaluation of various crops. The evaluation methods can be further extended,
such as use of deep learning, to combine subjective and objective evaluations from both
qualitative and quantitative perspectives to inform scientific planning of crop planting.
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