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Tree species distribution is valuable for forest resource management. However, it is a challenge to classify tree species in
subtropical regions due to complex landscapes and limitations of remote sensing data. The objective of this study was to
propose a modified hierarchy-based classifier (MHBC) by optimizing the classification tree structures and variable selection
method. Major steps to create an MHBC include automatic determination of classification tree structures based on the Z-score
algorithm, selection and optimization of variables for each node, and classification using the optimized model. Experiments
based on the fusion of Gaofen-1/Ziyuan-3 panchromatic (GF-1/ZY-3 PAN) and Sentinel-2 multispectral (MS) data indicated
that (1) the MHBC provided overall classification accuracies of 85.19% for Gaofeng Forest Farm in China’s southern
subtropical region and 94.4% for Huashi Township in China’s northern subtropical region, which had higher accuracies than
random forest (RF) and classification and regression tree (CART); (2) critical variables for each class can be identified using
the MHBC, and optimal variables of most nodes are spectral bands and vegetation indices; (3) compared to results from RF
and CART, MHBC mainly improved the accuracies of the lower levels of classification tree structures (difficult classes to
separate). The novelty in using MHBC is its simple and practical operation, easy-to-understand, and visualized variables that
were selected in each node of the automatically constructed hierarchical trees. The robust performance of MHBC implies the
potential to apply this approach to other sites for accurate classification of forest types.

1. Introduction

Subtropical ecosystems in China play important roles in
regional and global carbon regulations and climate changes
because of their rich tree species, dense forest coverage, and
high carbon sequestration [1]. Tree species maps are regarded
as a basic product for quantitative measurement and
evaluation of forest ecosystems [2]. Accurate mapping of sub-
tropical forest distributions in a timely manner is also needed
for making proper decisions for the development of forest
management strategies [3]. Remote sensing technology has
become an effective tool for analyzing, monitoring, and
evaluating the changes of forest resources [4]. With the trans-
formation of forest resource management from extensive to
intensive, forest classification has gradually shifted to accurate
identification of detailed tree species. The subtropical region

has complex terrain conditions and dense forest coverages
but with fragmental and diverse patch sizes due to frequent
disturbances from humans and nature [5]; thus, classification
of tree species classes is a challenge using remote sensing
technologies [6].

Sentinel-2, with its improved spectral and spatial
resolutions compared to Landsat, is often used for land cover
or forest classification [7, 8]. Previous studies show that
near-infrared (NIR), red-edge, and shortwave infrared (SWIR)
bands are valuable for tree species classification [7, 9]. How-
ever, considering the fragmented forests and diverse forest
patch sizes in subtropical regions, the mixed-pixel problem
in Sentinel-2 imagery with 10/20m spatial resolution may be
an important factor leading to poor classification [6].
Although high spatial resolution data, such as Worldview,
Gaofeng-1/2/6, and Ziyuan-3, are rich in spatial information,
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the limited number of spectral bands (blue, green, red, and
NIR) make it difficult to distinguish different tree species [6,
10]. Thus, integration of multisensor data may be an effective
way to improve the classification accuracy [6, 11]. However,
increased spatial resolution can cause spectral heterogeneity
within the same land cover, resulting in a large number of
“salt-and-pepper” pixels when the pixel-based classifier is
implemented [10]. In this situation, the object-based classifier
has been proven to provide a better accuracy than pixel-based
approaches [6, 10]. As different ancillary data became
available, the combination of remotely sensed and ancillary
data is an alternative to improve the classification accuracy
[10, 12, 13].

Variable selection is a critical step to improve classification
accuracy [11, 14]. As summarized by Lu andWeng [15], some
potential methods such as graphic analysis, statistical
methods, and the fuzzy-logic expert system have been used
to identify optimal combination of variables. An alternative
is to use random forest (RF) method because of the ability to
provide importance ranking of variables [3, 16, 17]. Too many
variables used in a classification procedure cannot guarantee
the best classification result, but selection of the optimal
variable combination from a wide range of variables is critical
for separation of specific classes [6]. Many previous studies
have proven that, when multisource data are used, machine
learning algorithms (e.g., artificial neural networks (ANN),
support vector machine (SVM), classification and regression
trees (CART), and RF) have advantages over traditional
classification methods/techniques (e.g., maximum likelihood
classifier (MLC) andminimum distance) in dealing with com-
plex data, thus, providing better classification [10, 18, 19]. In
recent years, deep learning due to its powerful data mining
ability has been employed for tree species mapping based on
high spatial resolution and/or hyperspectral images [20–22].
Because different tree species have similar spectral signatures,
distinguishing tree species types using spectral bands alone is
often difficult. However, different tree species have their own
characteristics in crown size and tree height, and incorpora-
tion of Lidar-derived variables that reflect canopy or tree
features into spectral features is proven effective in improving
tree species classification [22].

Of the machine learning algorithms, CART and RF, due
to their efficiency in computation and good classification
performance, have been extensively used for land cover or
forest classification [11, 23]. The tree structure of CART is
divided recursively to ending points or terminal nodes
according to preset criteria. CART determines which binary
division of a single variable best reduces the bias of response
variables by analyzing all input variables [24, 25]. The result
of CART analysis is a dichotomous decision or classification
tree in which each internal node represents a test on a
variable, each branch represents a test output, and each leaf
node represents a class. Therefore, the tree can be viewed as
a series of rules to predict likely class membership [25].
However, the processing time of CART generally increases
exponentially with the height of the tree, while the larger
width of the tree with shallow depth provides poor accuracy.
CART with automatic selection variables has been widely
used in land cover or forest classification [26, 27].

RF is an ensemble classifier using a large number of deci-
sion trees (DTs) to overcome the weaknesses of a single DT
and using voting strategies to obtain the final classification
result [28, 29]. The randomness is reflected in the random
selection of training samples and feature sets [24]. RF
requires much less processing time for parametric optimiza-
tion than other machine learning algorithms such as SVM
[10, 30], but the classification results can maintain a stable
accuracy [11, 31]. The advantages of RF in processing
high-dimensional data, having a certain fault tolerance,
and being fast in the training stage make it popular in
regional and global land cover or forest classification [30,
32, 33]. The disadvantage is that it is impossible to visualize
the trees, which is equivalent to completing the classification
in a black box and directly outputting the results [11, 34].

Compared with CART and RF, the hierarchy-based
classifier can effectively determine the optimal variables for
each tree, thus, may produce more accurate classification
[11, 35]. However, how to select an optimal combination
of variables from the high-dimensional features and how to
ensure the classification accuracy while reducing the com-
plexity of the model are particularly important. Chen et al.
[11] proposed a hierarchical procedure with optimized node
variables and thresholds to classify multiple tree species in
North China, with an overall accuracy of over 86%. How-
ever, this method is strongly influenced by the user’s experi-
ence in designing the tree structure and the complexity of
tree species classes. Another problem in this method is
adopting the single classifier decision-making mode, similar
to the shortcoming in CART. Zhao et al. [35] determined the
optimal variables by iterating RF at each parent node based
on testing accuracy value to conduct urban vegetation
classification. Based on previous exploration [11, 35], our
research further modifies the method to optimize the tree
structure by introducing the Z-score test. Specifically, the
contribution of this research is to propose a new method
to optimize the classification tree structures and variable
selection method and to explore the robustness of the
modified hierarchy-based classifier (MHBC) in different
landscapes.

2. Materials and Methods

2.1. Study Areas. Gaofeng Forest Farm, Nanning, Guangxi
Zhuang Autonomous Region was selected as an
experimental site (Figure 1). This farm covers approximately
220 km2 on Daming Mountain in the southern subtropical
region with an elevation range from 70 to 900m above sea
level. The climate is subtropical monsoon with average
annual temperature of about 21°C and average annual
precipitation of about 1300mm. The dominant forest types
are plantations of Masson pine, Chinese fir, eucalyptus,
Chinese anise, and other broadleaf evergreens [36].

Huashi Township in Jinzhai County, Anhui Province
was selected as a validation site for exploring the
transferability of our proposed approach (Figure 1). This
area has a northern subtropical humid monsoon climate
with elevations from 186 to 1302m, an annual precipitation
of 1381.5mm, and average annual temperature of 15.5°C.
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The forest types mainly include Masson pine, Chinese fir,
Quercus, and bamboo.

2.2. Methods. The framework of this research is illustrated in
Figure 2, including (1) collection of multiple data sources

and extraction of digital surface model (DSM) data from
ZY-3 stereo images; (2) data fusion of Gaofen-1/Ziyuan-3
panchromatic (GF-1/ZY-3 PAN) and Sentinel-2 multispec-
tral (MS) data and image segmentation using eCognition;
(3) extraction of potential variables from the fused data;
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Figure 1: Locations of the study areas. (a) Experimental site—Gaofeng Forest Farm. (b) Validation site—Huashi Township in Jinzhai
County. The points in (a) and (b) represent the samples of different land-cover types. The color composites in 2019 (a) and 2020 (b)
were based on Sentinel-2 SWIR, NIR, and green spectral bands as RGB.
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(4) implementation of image classification using MHBC,
CART, and RF; and (5) comparison and evaluation of
classification results.

2.2.1. Data Collection and Organization. Different optical
sensor data (GaoFen-1, ZiYuan-3, and Sentinel-2), ancillary
data (forest distribution maps), and field survey data were
collected (Table 1). All data were registered to the UTM
Zone 49 N/WGS-84 projection system.

(1) Field survey data collection and organization

The field surveys were conducted at Gaofeng Forest
Farm in December 2017 and September 2019 and at Huashi
Township in May 2020. The samples were first randomly
separated into two groups: 60% of the samples were used
for modeling and 40% for validation. Then, the samples of
modeling were separated into training samples and test sam-
ples according to the same ratios. The numbers of training,
test, and validation samples are summarized in Table 2.
Considering the tree species types and objectives of this
research, the classification systems were designed with 10
land-cover classes in Gaofeng Forest Farm and 6 in Huashi
Township (see Table 2). Because of different area amounts
of forest types in these study areas, the numbers of collected
samples for training, test, and validation varied considerably.

(2) Remotely sensed data collection and preprocessing

Considering that the spatial resolutions in openly
accessed DEM data such as SRTM and ASTER GDEM are
too coarse to meet the requirement of this research, we used
ZY-3 stereo images to generate DSM data with 2m spatial
resolution using Geomatica PCI software. The major steps
include conducting relative orientation with a surface 3D
model, conducting absolute orientation through manually
selecting ground control points, creating tie points connect-
ing two images, and finally developing an epi-polar image
and extracting corresponding DSM. Xie et al. [10] provided
the detailed procedure of DSM extraction. Since DSM repre-
sents the land surface elevation, it is necessary to conduct
postprocessing to create a substitute of the DEM. Our previ-
ous research in this region had explored a minimum filtering
algorithm with a window size of 5 by 5 pixels, followed by a
median-filtering algorithm with the same window size to
generate the DEM data [6]. Two ZY-3 stereo images were
mosaiced at the Gaofeng Forest Farm, and the panchromatic
imagery was used as reference. Both Sentinel-2 and DEM
images were registered to the UTM Zone 49N coordinate
system with root mean square error of less than 0.5 pixels.

The panchromatic bands from Gaofen-1 (GF-1) and
from Ziyuan-3 (ZY-3) with 2m spatial resolution were used
for two sites, respectively. The panchromatic bands were
orthorectified, then atmospherically calibrated using the
dark-object subtraction method, and resampled to a pixel
size of 2m. The Sentinel-2 data (Level-1C product) with 10
spectral bands were used. Sen2cor was used to process the
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Figure 2: Framework of land-cover classification using different classifiers (PAN, MS, and DSM indicate panchromatic, multispectral, and
digital surface model, respectively).
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image into L2A (atmosphere-corrected reflectance) prod-
ucts, and Sen2Res was used to enhance the spatial resolution
of the products with 10m/pixel [37]. The SCS + C approach
was then used to implement topographic correction for both
GF-1/ZY-3 PAN and Sentinel-2 data [38], as this algorithm
has a good correction effect for complex terrain areas. This

process was completed in the topographic correction
module of ENVI software. DEM raster, sun azimuth, and
sun elevation are used as input. In addition, two parameters
are needed to be set: kernel size (the larger the kernel size
value, the smoother the terrain factor calculated) and grid
size (sampling interval of sample points involved in the

Table 1: Datasets used in research.

Study area Dataset Acquisition Description

Gaofeng
Forest Farm

GF-1 PAN 2019/12/10 Panchromatic band with 2m spatial resolution.

Sentinel-2 MS 2019/12/07
Four bands (three visible bands and one near infrared (NIR) band) at 10m spatial

resolution, six bands (three red-edge bands, one narrow NIR band, and two shortwave
infrared (SWIR) bands) at 20m spatial resolution.

ZY-3 stereo
2018/03/10
2020/01/30

Nadir-view image with 2.1m, backward and forward view images with 3.5m spatial
resolution.

Forest
distribution

map
2016

The forest distribution map with digital vector format was provided by Gaofeng Forest
Farm. The subcompartments in this map contain detailed forest attributes such as tree

species, age, average stand height, and stem volume.

Field survey
2017/12
2019/09

A total of 2166 samples were collected [6]. The samples collected in 2017 were checked to
make sure they are not changed in 2019 so that all samples can be used as one population

Huashi
township

ZY-3 PAN
2019/12/13
2020/04/09

Panchromatic band with 2.1m spatial resolution.

Sentinel-2 MS
2019/12/11
2020/04/09

Same as above for Gaofeng Forest Farm

ZY-3 stereo 2019/12/13 Same as above for Gaofeng Forest Farm

Forest
distribution

map
2019 Forestland “one map” database of Anhui Province, showing different forest types

Field survey 2020/05
Land-cover types and associated locations were recorded and then organized and refined. A

total of 526 samples were obtained.

Table 2: Numbers of samples for training, test, and validation for each land-cover type.

Study area Land-cover type Training samples Test samples Validation samples

Gaofeng Forest Farm

Masson pine 67 46 76

Chinese fir 52 35 58

Eucalyptus 124 84 140

Chinese anise 31 21 35

Schima 23 16 27

Other broadleaf trees 42 28 47

Bamboo forest 28 20 33

Shrub 23 16 27

New plantation 27 18 31

Other land covers 64 44 73

Total 481 328 547

Huashi township

Masson pine 37 25 42

Chinese fir 22 15 26

Quercus 34 23 38

On-year bamboo 22 15 25

Off-year bamboo 27 18 31

Other land covers 42 29 51

Total 184 125 213

Note: other land covers include impervious surface area, bare soils, and water.
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regression operation for the empirical parameter C). Default
values were used for both parameters in this study.

2.2.2. Image Segmentation Based on Fused Imagery. Our
previous research had explored a comparative analysis of
multisensor/multiresolution data fusion scenarios using a
High Pass Filter (HPF) fusion algorithm and found that the
ZY-3 PAN and Sentinel-2 MS fused data provide the highest
accuracy [6]. Thus, fusion results based on Sentienl-2 MS
and GF-1/ZY-3 PAN were used in this research. Considering
the effectiveness of using the object-based classification
approach with high spatial resolution images and knowing
the importance of obtaining high-quality image segmentation
[39], we proposed a new segmentation method to improve the
accuracy of image segmentation. The major steps include

(1) Chessboard Segmentation Based on Vector Data. The
forest distribution map as a thematic layer was added
to the eCognition software for image segmentation
using the chessboard segmentation algorithm. The
object size was often set to be larger than the number
of image rows and columns, and the same
segmentation object as the vector data was output

(2) Multiresolution Segmentation Based on Upper-Level
Segmentation. Multiresolution segmentation was set
to perform at the image object level, not pixel level.
The segmentation object of chessboard segmentation
was chosen to be the image object level. “Creat
below” used as level usage means that multiresolu-
tion segmentation completes within each object.
Four key parameters—scale of segment, weight of
input layers, weight of spectra and shape, and weight
of compacts and smoothness—need to be defined in
this segmentation algorithm. In our research, the
fused image was used as the basis for segmentation.
The weight of visible bands was set as 1, and the rest
such as NIR, red-edge, and SWIRs were set as 2 to
make use of the differences of tree species in these
bands. Shape weight and compact weight were set
as 0.3 and 0.5, respectively, after a substantial
number of adjustments. Estimation of scale parame-
ters was used to identify several candidate
segmentation scales, and 200 were finally selected
by checking the results of these segment scales

A comparative analysis was performed using
conventional multiresolution segmentation to verify the
usability of the proposed segmentation algorithm. The com-
parison of image segmentation results indicated that the for-
est distribution map can better outline the boundaries of
different forest types and makes the overall segmentation
avoid fragmentation (② in Figure 3). As shown in ① of
Figure 3, the plot is obviously a newly felled area; however,
the forest distribution map is wrong due to the delay of this
data. The segmentation method in this study is to perform
multiscale segmentation again directly on the basis of forest
distribution map, to redraw the boundary in this changing
object. In addition, ③ in Figure 3 are difficult to segment
using spectral bands alone and basically show fragmental

patches in multiscale segmentation (Figure 3(a)). In this
study, this method provides a good basis for the following
classification, especially for those plantations with obvious
planting shape characteristics.

2.2.3. Extraction of Variables. For optical sensor data,
common variables can be pixel-based (spectral bands and
vegetation indices) and spatial-based (textures and seg-
ments). Spectral bands are the most common variables used
for vegetation classification, while vegetation indices may
highlight some special information that individual spectral
bands do not have. Based on our previous research [10, 11,
40], six vegetation indices (Table 3) were selected.

Textures and segments are often used spatial features in
forest classification. A textural image is a complex
combination of texture measure, spectral band, window size,
and direction [41]. In order to reduce the selection of
textural images based on different window sizes, this
research employed grey-level cooccurrence matrices
(GLCM) to calculate textural images based on segments
which were developed using the above proposed segmenta-
tion algorithm. Considering different patch sizes of
plantations, segmented polygon features (e.g., shape, area,
and length) were also used as extra variables for forest
classification. In addition to remote sensing-derived
variables, elevation, slope, and aspect were included because
of the relationship between tree species distribution and
terrain conditions.

2.2.4. Design of the Hierarchy-Based Classifier

(1) Automatic determination of classification tree
structures

In this study, Z value was introduced to quantitatively
evaluate the performance of each variable in the separability
of different forest classes. The variables of training samples
were normalized to the dimensionless using Eq. (1), and
the Z value of each variable in any two classes was calculated
using Eq. (2).

x′ = x − xmin
xmax − xmin

, ð1Þ

Z =
ui − uj

� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2i /ni
� �

+ s2j /nj

� �r , ð2Þ

where x and x′ represent the original and normalized
variables of the training samples, respectively; xmax and
xmin are the maximum and minimum values of variables; u
, s, and n are the mean, standard deviation, and number of
the samples; i and j represent different forest types. A larger
Z value implies a higher discrimination ability of this fea-
ture. The difference between average values of two forest
types in the numerator directly determines the Z value.
The variance and number of the samples in the denominator
are tuned to take the sample quality into account.
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The automatic stratification strategy includes three parts:
feature selection, cluster center search, and group
determination.

G Z∗ð Þ = Zwp
xi,j
� �

, p = 1,⋯,M ; i, j = 1,⋯,N: ð3Þ

Zl =max G Z∗ð Þj jf g, l = 1,⋯, n: ð4Þ

(2) Selection and optimization of variables for each node

Step 1. According to Eq. (2), all Z values of any two classes
based on different variables are calculated to form the
dataset GðZ∗Þ. M is the number of variables, and N is the
number of classes.

Step 2. The maximum Z value (Z1) in GðZ∗Þ was used to
determine the most representative variable and the two most

different classes i and j, namely, the two cluster centers for
the top layer (the easiest classes to separate).

Step 3. The classes were grouped by comparing the similarity
of other classes with these two cluster centers, followed by
lower layers (relatively easy classes to separate) until all
classes are arranged in the classification trees.

The variable selection and node accuracy setting were
conducted for each node. The RF algorithm was used to
identify importance rankings of all variables. Pearson
correlation analysis was conducted to examine the relation-
ships between all importance-ranking-sorted variables. A
variable having high correlation with other variables while
having less importance in the ranking list was removed,
and the potential key variables for each node were deter-
mined. In addition, users can set an acceptable accuracy
for each forest type in each node.

In order to best distinguish between classes, identifica-
tion of one best variable or more is needed. Here, an iterative

2 2 2

1 1 1

3 3 3

(a) (b) (c)

Figure 3: Comparison of image segmentation results based on different scenarios: (a) the multiresolution segmentation based on spectral
bands, (b) chessboard segmentation based on vector data, and (c) combined segmentation method proposed in this paper (note: ① bare
soils, ② and ③ bamboo forest).

Table 3: Summary of variables used in research.

Variables Equations or descriptions References

(1) Spectral bands (10)

Ten spectral bands of the fused imagery:
(a) Blue, green, red, near infrared (NIR), and three red-edge (RE1, RE2, and RE3)
bands
(b) One narrow NIR band (NNIR)
(c) Two shortwave infrared bands (SWIR1 and SWIR2)

(2) Vegetation indices (6)
Normalized difference vegetation index

NDVI = NIR − redð Þ/ NIR + redð Þ [42]

Normalized difference water index NDWI = green −NIRð Þ/ green + NIRð Þ [43]

Normalized difference infrared index NDII = NIR − SWIRð Þ/ NIR + SWIRð Þ [44]

MERIS terrestrial chlorophyll index MTCI = NIR − RE1ð Þ/ RE1 − redð Þ [45]

Red-edge normalized difference
vegetation index 1

NDRE1 = RE2 − RE1ð Þ/ RE2 + RE1ð Þ [46]

Red edge normalized difference
vegetation index 2

NDRE2 = RE3 − RE1ð Þ/ RE3 + RE1ð Þ [47]

(3) Textural variables (80)
Mean, standard deviation, homogeneity, contrast, dissimilarity, entropy, second
moment, and correlation

[48]

(4) Segment polygon features (6) Shape, area, length, width, rectangle, and ellipse

(5) Topographic factors (3) Elevation, slope, and aspect
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approach was used to select the optimal variables in each
loop by comprehensively taking the test and setting
accuracies into account. If the test accuracy is higher than
the setting accuracy, the variables are selected, and the clas-
sifier moves to the next parent node. Otherwise, iteration of
adding new variables continues, and the classification of the
next node is not started until the test accuracy meets the user
demand or all potential variables are added to the model. If
the latter situation occurs, the maximum of the test accuracy
of each loop is recorded, and its corresponding variables are
selected in the final RF model.

(3) Classification using the optimized MHBC model

The optimized MHBC model is composed of three parts:
automatic determination of classification tree structures, selec-
tion and optimization of variables for each node, and node
binary classification. First, the classification tree structure
was established through the training samples of all forest
types. Then, variable optimization was carried out for each
node. It is worth noting that each node uses the samples of
all nodes below the node. After optimal variables for all nodes
were selected, RF was integrated into the MHBC model as a
classifier for each node. Three parameters of RF are required
to optimize: ntree (the number of decision trees), mtry (the
number of variables randomly sampled as predictors for each
split (default value is one-third of the total variables)), and
node size (default is one). Node size and mtry are often kept
as default values, and ntree as 500 was finally selected [31].
Based on training samples and optimal variables as input,
the segmented objects were classified and marked with the
trained RF at each node. When entering the next node, the
classification mark was updated based on the classification
results of this layer until all nodes were completed. TheMHBC
relied on the integration of sklearn (open source library) and
QGIS 2.18 (open source platform). The complete source code
is shared on the GitHub platform (https://github.com/
YGwork123/Auto-Hierarchy).

2.2.5. Comparison of MHBC with Other Classifiers. For the
purpose of evaluating the classification performance using
the MHBC, RF and CART were selected because they have
similar classification strategies. CART was implemented
using “rpart” in R package. Feature selection and pruning
are the core items in the CART algorithm. “gini” was
selected as the parameter of split method. Since a single
CART was used here, the pruning step was not needed. “ran-
domForest” in R package was used for RF classification. The
training samples in Table 2 and all selected variables were
used in this RF algorithm. Three parameters used by RF
are the same as those set by MHBC method: ntree was set
as 500, and mtry and node size were kept as default values.
The classification results were evaluated using the confusion
matrix approach [49].

A total of 547 verification samples were selected
randomly (see Table 2). From the confusion matrix, overall
classification accuracy and kappa coefficient were used to
assess the overall classification results; producer’s and user’s
accuracies were used to evaluate each land-cover classifica-

tion result. Meanwhile, the nonparametric McNemar test
[50] was used to evaluate whether a statistically significant
difference in the overall accuracies among the selected
models was present. The test was implemented in SPSS soft-
ware. The classification results of all validation samples in
different algorithms were grouped as right or wrong. The p
values for the McNemar test were approximated by the chi
square distribution (degree of freedom = 1).

2.2.6. Transferability of MHBC. The experiments described
above were conducted in Gaofeng Forest Farm. To explore
the robustness of the MHBC, Huashi Township was selected
as a validation site. Based on the field survey data, a classifica-
tion system including Masson pine, Chinese fir, Quercus,
Moso bamboo (on-year and off-year), and other land covers
was designed. Considering the separation of deciduous and
evergreen forests, two scenes of ZY-3 images acquired 13
December 2019 (leaf-off season) and 9 April 2020 (leaf-on sea-
son) were used in Huashi Township. The ZY-3 PAN data
from different seasons and Sentienl-2 MS from the same
periods were fused. The Forestland “One map” database was
used to assist in image segmentation, and three parameters
(weights of (a) input layers, (b) spectra and shape, and (c)
compacts and smoothness) were consistent with the Gaofeng
Forest Farm, except that the segmentation scale of 250, instead
of 200, was selected, based on visual interpretation. The same
procedure for variable extraction, classification, and accuracy
assessment was used at this validation site.

3. Results

3.1. Analysis of Classification Tree Structures and Optimal
Variables at Each Node. The Z values of any two classes
(Figure 4) indicated importance of variables as follows:
spectral − based variables > textural variables > segmented
polygon features > topographical − based variables. Spectral
variables have obvious advantages in distinguishing forest
from nonforest (e.g., water, impervious surfaces, and bare
soils) and between coniferous and broadleaf forests. How-
ever, it is difficult to distinguish detailed coniferous tree
species or broadleaf tree species using spectral variables
alone. For example, the Z value between Masson pine and
Chinese fir is only 5.9, and the Z value between different
broadleaf tree species is approximately 10. Although the
overall Z values of textural variables and segmented polygon
features are not high for broadleaf tree classes, they are
higher than spectral variables. Figure 4 also shows that
topographical-based variables alone cannot distinguish tree
species, but the Z values for nonforest, bamboo forest, and
Schima (generally located on ridge lines) are higher than
some other forest types. The Z values in Figure 4 indicate
that different kinds of variables have various roles in
distinguishing tree species classes. Thus, identification of
an optimal combination of variables has the potential to
successfully separate different tree species.

The determined classification tree structure and corre-
sponding Z value (Table 4 and Figure 5) show that the opti-
mal variables in each node are different. For instance,
spectral bands and vegetation indices are often selected in
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the nodes and have higher Z values than other variables,
indicating the importance of using spectral variables in
differentiating tree species. The Z values of the nodes at
the lower levels (e.g., P8–P11) are below 15, indicating the
difficulty of tree species classification. Table 4 also shows
that some nodes, for instance, nodes P6 and P9, include
topographic and shape features, indicating some tree species
classes cannot be separated using remotely sensed features
alone, and incorporation of ancillary data is needed.

3.2. Comparative Analysis of Classification Results. Compar-
ison of classification results among three classifiers indicates
that MHBC has the highest overall accuracy of 85.2%, and

CART has the lowest accuracy of 75.7% (Table 5). MHBC
improved overall classification by 9.5% and 4.8% compared
to CART and RF, respectively, and showed statistically signif-
icant improvement in McNemar’s test. The comparison of
confusion matrices among three classification results
(Table 6) indicates that MHBC yields greatly improved results
for some tree species classes. For example, with MHBC, euca-
lyptus has significantly higher user’s accuracy (90.0%) and
producer’s accuracy (96.4%) than with RF (87.3% and
88.6%) and CART (89.2% and 88.6%). Similar situations occur
for Masson pine and Chinese fir. However, other tree species,
such as Chinese anise, had a relatively lower producer’s accu-
racy using MHBC than using RF and CART. Schima, shrub,

MP CF EU CA SC OBT BBF SH NP ISA BS WA

MP 0

CF 5.9 0

EU 36.0 38.7 0

CA 13.1 15.4 30.4 0

SC 11.6 15.2 10.4 13.9 0

OBT 19.9 23.6 6.9 12.7 5.8 0

BBF 31.8 33.5 37.6 27.6 17.4 23.6 0

SH 21.1 23.5 16.5 18.2 11.9 13.6 8.5 0

NP 29.2 30.8 34.8 29.1 20.4 27.8 18.7 16.0 0

ISA 32.0 30.9 33.1 33.1 28.0 31.1 30.3 28.2 23.6 0

BS 67.7 63.9 77.2 65.7 50.9 63.5 47.4 42.2 26.9 10.2 0

WA 55.9 47.7 89.1 56.1 51.2 63.6 60.5 48.6 54.5 22.3 38.8 

89.15.8 2.9 20.5
Spectral-based variables Textural variables

23.70.3 24.30.8
Topographical-based variablesSegmented polygon features

MP CF EU CA SC OBT BBF SH NP ISA BS WA

MP 0

CF 1.2 0

EU 2.5 1.6 0

CA 0.5 1.2 2.2 0

SC 14.4 11.3 22.8 8.6 0

OBT 3.8 3.9 6.9 2.3 9.6 0

BBF 5.9 6.1 7.6 4.2 6.2 2.1 0

SH 15.6 12.2 23.7 9.6 5.2 10.9 7.3 0

NP 5.6 5.9 7.3 4.1 9.2 2.3 1.2 10.5 0

ISA 15.7 12.5 23.1 10.0 5.8 11.2 7.9 1.1 10.8 0

BS 5.9 6.0 10.0 4.2 8.8 2.2 0.3 10.4 1.7 10.6 0

WA 6.2 6.5 7.4 5.3 5.3 4.0 3.0 6.4 2.1 6.8 2.7 0

0 5.6 7.3 1.6 14.8 2.6 12.2 3.6 8.4 14.6 4.9 23.8 

0 5.6 4.9 15.2 2.1 8.0 3.8 7.5 10.1 4.6 24.3 

0 6.7 14.1 5.5 12.7 5.8 4.0 16.1 2.6 23.7 

0 13.1 2.6 10.2 2.9 8.4 12.1 5.3 22.0 
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Figure 4: The Z values between two classes based on different variables (MP, CF, EU, CA, SC, OBT, BBF, SH, NP, ISA, BS, and WA
represent Masson pine, Chinese fir, eucalyptus, Chinese anise, Schima, other broadleaf trees, bamboo forest, shrub, new plantation,
impervious surface area, bare soils, and water, respectively).

Table 4: The selected variables and corresponding Z value at each node.

Node
Key

feature
Z

value
Selected variables

P1 NIR 89.1 NIR, SWIR1, and HOMRed

P2 NDII 77.2 NDRE2, NDII, CORRed, and DISRed
P3 NIR 38.7 NIR, SWIR1, MTCI, RE1, HOMRE1, and shape

P4 NDII 37.6 SWIR1, NDII, RE1, HOMNNIR, HOMSWIR2, NIR, and elevation

P5 NDII 26.9 Blue and DISSWIR1

P6 Shape 22.8 Slope, shape, NDII, NNIR, and elevation

P7 RE2 15.4 MTCI, RE2, RE1, and NDII

P8 DISRE3 12.0
HOMBlue, HOMGreen, DISRE3, DISRE2, HOMRE1, DIS SWIR2, NDRE1, STDSWIR2, HOMNIR, HOMRE2, and

MTCI

P9 Shape 10.6 Slope, shape, elevation, CORSWIR2, NDII, NNIR, CORBlue, and aspect

P10 NDII 8.5 NDII, SECRed, and ENTNIR

P11 NIR 5.9 NDWI, blue, elevation, NNIR, MTCI, HOMRE1, SWIR1, HOMSWIR1, CORSWIR2, and MENIR
Notes: HOM: homogeneity; COR: correlation; ENT: entropy; DIS: dissimilarity; ME: mean; STD: standard deviation; SEC: second moment; RE1, RE2, and
RE3 represent three red-edge bands. See Table 3 for additional terminologies.
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and new plantation had a relatively higher user’s accuracy
(100%, 95.2%, and 96.9%) using RF than using MHBC and
CART. We found that the number of validation samples of
these four forest types is relatively small, less than 35. The mis-
classification of several samples leads to a large difference in
the final results.

It is interesting to note that the lower levels of the
classification tree structures, including P8 (eucalyptus and
other broadleaf trees), P10 (bamboo forest and shrub), and
P11 (Masson pine and Chinese fir) (see Figure 5), show a sig-
nificant accuracy improvement with MHBC. Nevertheless,
the accuracy of Masson pine and Chinese fir was still lower
than 80%. Overall, large proportions of eucalyptus and conifer-
ous forests occupy the study area, Chinese anise is mainly dis-
tributed in the eastern part, and bamboo forests and shrub

occupy a small proportion widely dispersed around the study
area (Figure 6). New plantations and other land covers (mainly
bare soils) occupy a large area in the study area, indicating
active forest management activities that include deforestation
in Gaofeng Forest Farm.

3.3. Transferability of the MHBC. The classification tree
structure of Huashi Township in Figure 7 shows that the
first layer of the tree consists of vegetation and
nonvegetation, but Quercus is classified as nonvegetation.
The key feature of this layer is the NDII extracted from the
winter imagery, because Quercus is a deciduous tree and
has a spectral signature similar to bare soil during winter.
Except for nodes 1 and 7, the key variables of other nodes
were mainly from the variables in April images, such as
NDIIA at node 5 and SWIRA at node 6, indicating that the
tree species were more easily distinguished in spring. The
selected variables for the nodes at the bottom of the
classification tree structure were mainly SWIR or RE bands
in the leaf-on and leaf-off seasons (Table 7), where the
vegetation index was sufficient to distinguish on-year and
off-year bamboo forests at node 5, while two homogeneous
texture variables (Table 4) were also used for Masson pine
and Chinese fir at node 11 in Figure 5.

Application of MHBC to the Huashi Township test site
yielded the overall accuracy of 94.37% and Kappa of 0.93
(Table 8), indicating the robustness of this MHBC classifica-
tion procedure. The McNemar’s test results also prove that
the MHBC has significantly better performance than RF

Masson pine, Chinese fir, Chinese anise, Schima, OBT,
Bamboo forest, Shrub, New plantation, ISA, Bare soils 

P2

All land covers

P1

Water

Eucalyptus

Eucalyptus

Masson pine, Chinese fir, Chinese anise, 
Schima, OBT, Bamboo forest, Shrub

P3

Bare soils New plantation, ISA

P5

EucalyptusSchima, OBT,
Bamboo forest, Shrub 

P4

Chinese fir Masson pine,
Chinese anise

P7
New

plantation Bare soils ISA

P9

Bare
soils ISAEucalyptusSchima,

OBT 

P6

Masson pine Chinese fir

P11
Bamboo
forest Shrub

P10
Chinese

anise 

Masson
pine 

Chinese
fir EucalyptusOBT 

P8

Schima Shrub Bamboo
forest 

OBT Eucalyptus

Figure 5: The classification tree structures that were automatically determined using the Z-score algorithm (OBT and ISA represent other
broadleaf trees and impervious surface area, respectively; blue indicates terminal nodes (class)).

Table 5: Comparison of accuracy assessment results.

Classifier
Accuracy assessment

Pairs

McNemar’s
test

Overall
accuracy

Kappa χ2 p
value

MHBC 85.19 0.83 MHBC-RF 19.53 0.000

RF 80.44 0.77
MHBC-
CART

44.85 0.000

CART 75.69 0.72 RF-CART 22.32 0.000

Notes: MHBC: modified hierarchy-based classifier; RF: random forest;
CART: classification and regression tree; p value < 0.05 indicates a
significant difference between two classifiers.
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and CART. However, the χ2 value at this test site is
significantly lower than that at Gaofeng Forest Farm because
the tree species classes are much simpler and fewer in num-
ber. Comparing the classification accuracy assessment
results in Table 6 with contents in Table 8 shows the consid-
erably different overall classification accuracy. The main
reason is that use of phenological features in the northern
subtropical region (Huashi Township) played an important
role in distinguishing tree species classes, especially the
deciduous tree species. As shown in Figure 8, different forest
types have their own spatial patterns, for example, Quercus
occupied a large proportion of this test site, in particular,
in west and northwest part; Masson pine, and Chinese fir
distributed in the central part and bamboo dispersed in
different locations of this test site.

4. Discussion

4.1. Design of a Proper Hierarchical Structure for
Classification. The classification strategy based on hierarchi-
cal structures is not new and has been applied for land-cover
classification [51–53]. In previous research, the design of
hierarchical structures was subjective and relied on the
researcher’s experiences and characteristics of the study area
under investigation [11, 53]; thus, the classification approach
was not transferable. Improper hierarchical structure may
reduce the accuracy of vegetation classification. In this study,
construction of the hierarchical structure was automatically
developed based on Z-score statistics. The tree structure is
similar to the artificially established hierarchical system,
but has its own characteristic. For example, the easily

Table 6: Confusion matrix of classification results based on the modified hierarchy-based classifier (MHBC), random forest (RF), and
classification and regression tree (CART).

Types MP CF EU CA SC OBT BBF SH NP OLC UA PA

MHBC

MP 60 17 0 6 1 2 0 0 0 0 69.8 78.9

CF 14 39 0 1 0 0 0 0 0 0 72.2 67.2

EU 0 1 135 1 2 11 0 0 0 0 90.0 96.4

CA 2 1 0 23 0 0 0 0 0 0 88.5 65.7

SC 0 0 0 0 21 1 0 0 0 0 95.5 77.8

OBT 0 0 5 4 3 33 0 1 0 0 71.7 70.2

BBF 0 0 0 0 0 0 31 3 0 0 91.2 93.9

SH 0 0 0 0 0 0 2 21 0 0 91.3 77.8

NP 0 0 0 0 0 0 0 2 31 1 91.2 100.0

OLC 0 0 0 0 0 0 0 0 0 72 100.0 98.6

RF

MP 52 22 0 6 1 2 0 0 0 0 62.7 68.4

CF 22 36 0 1 0 0 0 0 0 0 61.0 62.1

EU 0 0 124 1 3 14 0 0 0 0 87.3 88.6

CA 1 0 0 25 1 1 0 0 0 0 89.3 71.4

SC 0 0 0 0 18 0 0 0 0 0 100.0 66.7

OBT 1 0 16 2 4 30 0 1 0 0 55.6 63.8

BBF 0 0 0 0 0 0 32 5 0 0 86.5 97.0

SH 0 0 0 0 0 0 1 20 0 0 95.2 74.1

NP 0 0 0 0 0 0 0 0 31 1 96.9 100.0

OLC 0 0 0 0 0 0 0 1 0 72 98.6 98.6

CART

MP 49 27 0 5 2 3 0 0 0 0 57.0 64.5

CF 23 30 0 0 1 0 0 0 0 0 55.6 51.7

EU 0 0 124 1 2 11 0 0 1 0 89.2 88.6

CA 0 1 0 26 1 4 0 0 0 0 81.3 74.3

SC 2 0 1 1 18 3 0 2 0 0 66.7 66.7

OBT 2 0 15 2 3 26 0 0 0 0 54.2 55.3

BBF 0 0 0 0 0 0 24 3 0 1 85.7 72.7

SH 0 0 0 0 0 0 7 20 0 0 74.1 74.1

NP 0 0 0 0 0 0 2 1 28 3 82.4 90.3

OLC 0 0 0 0 0 0 0 1 2 69 95.8 94.5

Notes: MP: Masson pine; CF: Chinese fir; EU: eucalyptus; CA: Chinese anise; SC: Schima; OBT: other broadleaf trees; BBF: bamboo forest; SH: shrub; NP: new
plantation; OLC: other land covers; UA: user’s accuracy; PA: producer’s accuracy.
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confused forest types are at the bottom of the tree, such as
Masson pine and Chinese fir, impervious surfaces and bare
soil, eucalyptus, and other broadleaf trees. However, the first
layer of Gaofeng Forest Farm separates the water body first,
rather than the traditional vegetation and nonvegetation.
Although the first layer with parent node 1 of Huashi
Township is split into vegetation and nonvegetation groups,
Quercus, which has an obvious deciduous phenomenon in

winter, is also temporarily classified as nonvegetation. This
is different from the design of the hierarchical structure
based on visual interpretation and expert knowledge by
Chen et al. [11]. However, this kind of tree structure design
may not be optimal, because the hierarchical structure
depends on the existing experience of the experimenter. It
has two main disadvantages: it is easy to make subjective
judgment errors, resulting in grouping errors. The
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Table 7: Selected variables and corresponding Z value at each node.

Node Key feature Z value Selection of variables

P1 NDIID 34.3 NDIID, SWIR2D, NDWIA, RE3A, and MTCIA
P2 SWIR1A 21.9 Green A, RE3A, and SWIR1D
P3 RE3A 20.1 NIRA, MEA-RE1, NDWID, NIRD, SWIR1D, and MEA-Green
P4 SWIR2A 19.8 RE1A and NDVIA
P5 NDIIA 11.9 NDVIA, SWIR1A, NDIID, MTCID, and NDRE2D
P6 SWIR1A 8.3 SWIR1A, NDIIA, RE3D, HOMA-RE3, HOMA-SWIR1, and NNIRD

P7 BlueD 6.2 BlueD and NDIID
Notes: A: the fused image in April; D: the fused image in December; HOM: homogeneity; ME: mean; RE1, RE2, and RE3 represent three red-edge bands. See
Table 3 for additional terminologies.

Table 8: Comparison of classification accuracy assessment results from three classifiers.

Classifier
Accuracy assessment

Pairs
McNemar’s

OA KA MP CF QU ONB OFB OLC χ2 p

MHBC 94.4 0.93 89.0 89.7 100 88.0 95.1 100 MHBC-RF 4.000 0.039

RF 91.1 0.89 85.7 88.8 98.7 88.7 89.6 100 MHBC-CART 4.267 0.035

CART 90.1 0.88 87.2 93.9 97.3 85.3 90.7 96.2 RF-CART 0.083 0.774

Note: MHBC: modified hierarchy-based classifier; RF: random forest; CART: classification and regression tree; OA: overall accuracy; KA: Kappa; MP: Masson
pine; CF: Chinese fir; QU: Quercus; ONB: on-year bamboo; OFB: off-year bamboo; OLC: other land covers; p value < 0.05 indicates a significant difference
between two models.
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hierarchical structure is not from simple to complex. This
research was conducted on the basis of the perspective of
easy differentiation using Z-score based on training sample
data and variables. This method has been proved to
automatically adjust the hierarchical structure in different
study areas and land-cover types to avoid the influence of
human subjectivity and landscape heterogeneity.

Compared to other similar classifiers, such as CART
and RF, the MHBC in this research has the following
advantages: (1) classification tree structure was determined
automatically based on existing samples and features,
especially in subtropical areas with complex and diverse
tree species, and is not influenced by subjective factors.
(2) Compared to the RF algorithm that makes the overall
optimal variable selection, MHBC selects the optimal
variables for each node. (3) Compared to a black box in
RF, the variables used in each node of the MHBC
procedure are visible and easy to operate, and they are
also explainable.

4.2. Selection of Optimal Variables from Multisource Data.
Many previous studies have conducted comprehensive
and comparative analyses of the effects of different data
sources on classification accuracy [6, 19]. It is generally
believed that making full use of the advantages of different
data sources can improve classification accuracy [2, 10].
Spectral signatures and textural variables are fundamental
for land cover and forest classification, and combinations
of these variables are needed, especially for high spatial
resolution imagery [19]. However, these kinds of data
bring problems such as increased data volume and high
correlation between spectral bands, which pose a great
challenge to remote sensing classification. Considering
the special characteristics of forest stand structures (e.g.,
canopy height and density) among different forest types,
incorporation of Lidar-derived variables such as percentiles
into spectral-based variables will be an effective way to
improve tree species classification, as previous research
confirmed [22, 54, 55]. In recent years, deep learning algo-
rithms become increasingly popular for tree species classi-
fication based on high spatial resolution multisource data
[21, 22]. Traditional statistical test techniques such as the
Jefferies-Matusita distance are often used to test distance/
separability between two tree species; however, these
methods often do not automatically filter variables. As
summarized by Pu [19], three popular feature selection
methods—decision tree (i.e., CART or RF), correlation-
based feature selection (CFS), and stepwise variable selec-
tion—can be used to identify optimal variables for specific
tree species classes. In fact, these three methods are often
used in combination. First, RF is used to rank variables
importance for all tree species; then, the CFS method is
used to remove the variables that are highly correlated
with other variables but relatively less important; finally,
automated forward and backward stepwise feature selec-
tion based on testing accuracy is used to determine key
variables. Although RF is composed of numerous decision
trees, it is difficult to find the important variables for each
species [11]. Hierarchical selection of variables can solve

this problem. Zhao et al. [35] used a hierarchy-based clas-
sification approach to select variables in each tree node
based on integration of spectral, spatial, and canopy
features and improved vegetation classification accuracy
by 3.08%. This is consistent with the research results of
our study.

5. Conclusions

The experiments in tree species classification in subtropical
regions using high spatial resolution imagery indicate that
the MHBC, through automatic determination of
classification tree structure and selection of optimal vari-
ables at each node, confirmed its effectiveness and robust-
ness. Major conclusions include the following: (1) the
MHBC provided the highest overall classification accuracy
of 85.19% for 10 land-cover classes and improved overall
accuracies by 4.75% and 9.5% compared to RF and CART,
respectively. (2) Optimal variables for each class can be
identified using this proposed procedure. The important
rankings of the different types of variables are spectral‐
based variables > textural variables > segmented polygon
features > topographical‐based variables. Spectral variables
are often selected in the nodes and have a higher Z value
than other variables. (3) The top layers (the easier classes
to identify) of hierarchical structures need few variables
to produce highly accurate results, but the lower layers
require more variables to separate the relevant classes.
(4) The proposed MHBC is robust and can be successfully
transferred to other study areas to obtain better
classification accuracy than RF and CART.
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