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Effectiveness of the spectral area index o

created by three algorithms for tree species
recognition
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Abstract

Key message Tree species identification analysis of the two images (Luoyang and Hohhot of China) shows that the
polygonal area indices extracted by the specific band-constrained polygon relative area (algorithm 3, obtained accu-
racy was ~ 13% higher than that of other algorithms in WorldView-3 and ~ 2% higher in WorldView-2) can effectively
improve the classification accuracy of tree species compared to those with a constant polygon relative area constraint
(algorithm 2) and without area constraint (algorithm 1) (equal accuracy was obtained by algorithms 1 and 2 in each
data).

Context Solving the problem of tree species identification by remote sensing technology is an international issue.
Exploring the improvement of tree species recognition accuracy through multiple methods is currently widely
attempted. A previous study has indicated that mining the differential information of various tree species in images
using area differences of the polygons formed by tree species spectral curves and creating the polygon area index
can improve tree species recognition accuracy. However, this study only created two such indices. Thus, a general
model was developed to extract more potential polygon area indices and help tree species classification. However,
the improvement of this model using a constant and a specific band to constrain the relative area of polygons still
needs to be fully studied.

Aims To obtain new algorithms for extracting polygon area indices that can mine the differential information of tree
species and determine the index that is the most effective for tree species classification.

Methods By unconstraining the area of polygons and constraining the relative area of polygons with constant and
specific bands, three formulations of polygon area indices were created. Polygon area indices were extracted from
WorldView-3 and WorldView-2 imagery based on three algorithms and combined with textures and spectral bands to
form three feature sets. Random forest was used to classify images and rank the importance of features in the feature
sets, and the effectiveness of the polygon area indices extracted by each algorithm in tree species recognition was
analysed in accordance with their performance in the classifications.

Results The proportion of polygon area index in the optimal feature sets ranged from 36.4 to 63.1%. The polygon
area indices extracted with constant constrained polygon relative area and those without area constraint have mini-
mal effect on tree species classification accuracy. Meanwhile, the polygon area indices extracted by the algorithm of
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specific band-constrained polygon relative area could remarkably improve tree species recognition accuracy (com-
pared with spectral bands, WorldView-3 and WorldView-2 improved by 9.69% and 4.19%, respectively).

Conclusion The experiments confirmed that polygon area indices are beneficial for tree species classification, and
polygon area indices extracted by specific band-constrained polygon relative area play an important role in tree spe-

cies identification.

Keywords WorldView-3 and WorldView-2 data, Polygon area index, Tree species classification, Algorithm

effectiveness evaluation, Random forest

1 Introduction

Different tree species can be identified from remote sens-
ing images, which will substantially improve the techni-
cal level of forest resource investigation and monitoring.
However, a large number of current studies on tree spe-
cies identification showed that the accuracy of tree spe-
cies identification using remote sensing images remains
relatively low and has not reached the application level.
Factors such as image spatial/spectral/temporal resolu-
tions, forest environmental backgrounds, shadow and
shade effects, different tree species overlapping effects
and the insufficient spectral differences of different tree
species affect the accuracy of tree species recognition (Pu
2021). These indicate that the identification of tree spe-
cies based on remote sensing technology is a complex
problem, which may take a long-term and continuous
exploration to obtain solutions. Amongst these limit-
ing factors, compensating for the insufficient spectral
difference information of tree species is a key problem
to be considered; therefore, mining the difference sig-
nals of different tree species from multi-band images to
improve the accuracy of tree species recognition can be
of great importance in solving the problem of tree species
identification.

In the research on remote sensing recognition of tree
species, scholars have conducted the following studies
on the use of appropriate remote sensing data sources,
the selection of imaging time phase of images and the
application of image features and classification meth-
ods, which provide some valuable references for fol-
low-up research. The main data used for tree species
identification include IKONOS, QuickBird, World-
View-2 (satellite name), WorldView-3 (satellite name),
radar data, elevation data and airborne unmanned
aerial vehicle multi-spectral and hyperspectral data (e.g.
Immitzer et al. 2012; Naidoo et al. 2012; Kamal et al.
2015; Wang et al. 2016; Akerblom et al. 2017; Torabzadeh
et al. 2019). Studies have shown that hyperspectral and
high spatial resolution data and data containing the
height information of trees are beneficial to the iden-
tification of tree species (e.g. Richards and Jia 2008;
Zhang et al. 2016).

Considering the use of imaging time phases of remote
sensing data, studies based on single-phase data (e.g. Li
et al. 2015; Liu et al. 2015; Liu and An 2019) and multi-
phase data (e.g. Pu et al. 2018; Hamraz et al. 2019;
Masemola et al. 2019; Shi et al. 2020) are available. How-
ever, which type of phase data should be selected needs
to be considered for research purposes. Single-phase data
sources fail to highlight the phenological information of
tree species in the image. Multi-temporal data can cap-
ture the phenological changes in different tree species,
which can significantly ameliorate the recognition accu-
racy of tree species and compensate for the lack of single-
phase data (e.g. Li et al. 2015; Han et al. 2019; Immitzer
et al. 2019). Therefore, to obtain higher classification
accuracy for applications, multi-phase data should be
selected; to compare algorithm performance and feature
importance, single-phase data should be used.

Scholars have attempted to test the capability of image
features, such as spectral band, spectral index, texture
features and digital surface model, in tree species identi-
fication (e.g. Wang et al. 2016; Akerblom et al. 2017; Yu
et al. 2017). Some scholars have also created new fea-
tures that are beneficial to tree species identification and
strive to increase the differentiated information of tree
species in images from different perspectives (e.g. Zhou
et al. 2011; Liu and An 2020a). The texture feature, digital
surface model, has more potential than other features in
tree species recognition, and the adoption of new features
can also improve the accuracy of tree species recognition.
Thus, the use of multi-source data and large number of
features in remote sensing images is helpful in tree species
recognition (e.g. Cross et al. 2019; Apostol et al. 2020).

Considering classifiers applied in tree species rec-
ognition, maximum likelihood classifier, support vec-
tor machine and random forest are widely used (e.g. Li
et al. 2015; Lin et al. 2015; Pu et al. 2018; Modzelewska
et al. 2020). With the further development of deep learn-
ing technology, an increasing number of scholars have
attempted to use this method in tree species recognition
to improve its recognition results (Kemal et al. 2019; Niu
et al. 2019; Shi et al. 2019; Zhang et al. 2019; Zhong et al.
2019; Zhang et al. 2020). Amongst these methods for tree
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species identification, the maximum likelihood classifier
has the advantages of fast speed and high accuracy and
has an excellent performance in the classification with
the input of a few features. However, with the increase
in feature dimension, the Hughes phenomenon (i.e. the
performance of the classifier worsens with an increase in
the number of features involved in image classification)
(Hughes 1968) will appear, which is not conducive to the
comparative analysis of which feature sets are useful in
image classification (e.g. Ghosh and Joshi 2014). Support
vector machine can achieve high accuracy and is insensi-
tive to the increase in feature dimension; however, train-
ing the models in image classification using this approach
is time-consuming. The accuracy of deep learning for tree
species recognition is also relatively high but requires a
long training time. Random forest is insensitive to feature
dimension; it has a fast training speed and high classifi-
cation accuracy and can rank the importance of features.
A high-dimensional data set has many features with
substantially rich information. Therefore, selecting the
maximum likelihood classifier is unsuitable, and other
methods may be used. In multi-spectral data, the maxi-
mum likelihood classifier can be used when the number
of extracted image features is relatively small, whilst ran-
dom forest may be a superior choice when the number of
extracted features is relatively large and requires minimal
processing time.

The literature review reveals that the effective recog-
nition of tree species is related to the types of remote
sensing data sources, imaging time, spectral and spa-
tial resolutions, the use of multiple types of features
and the use of suitable classifiers (Pu 2021). Therefore,
the research on any of the above-mentioned aspects
is meaningful for tree species identification. However,
only considering these aspects is insufficient to solve
the tree species identification problem because they fail
to address the problem of deeply mining the differen-
tial signals of different tree species from remote sensing
images. A previous study revealed that the triangle area
index and polygon area index of tree species spectral
curves have great potential for tree species recognition
(when the polygon area indices are combined with tex-
ture features, the accuracy of tree species classification
can be improved by more than 9% compared to only
using texture features) (Liu and An 2020a). This find-
ing indicates that the way of creating valuable spectral
indices is an important form of deeply mining the dif-
ference signals of different tree species in remote sens-
ing images; however, such research is relatively lacking.
In the previous study (Liu and An 2020a), only two
polygon area indices, namely PAI.,, (constructed by
red, near-infrared 1 and near-infrared 2 bands) and
PAlg,s (constructed by red-edge, near-infrared 1 and
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near-infrared 2 bands), were created, and three prob-
lems were neglected: (1) as polygon area indices were
extracted only based on three specific bands, the effect
of polygon area indices extracted with more or less than
three bands in tree species identification is unclear; (2)
there is no relative area constraint for extracting poly-
gon area indices, so it is unclear if the classification
accuracy can be improved after area constraint; and (3)
the general model for polygon area index extraction has
not been obtained (Liu and An 2020a). Therefore, min-
ing of the differentiated information of different tree
species was limited. The possible creation of a general
model and few improved models of polygon area indi-
ces that are useful for tree species classification must be
further explored.

Creating spectral indices based on the difference in
polygon area formed by the spectral curves of different
tree species could increase the differentiated information
of various tree species in the image, and these features
can be actively applied for tree species classification.
Here, each of these features is named the polygon area
index, referring to the polygon area formed by the inter-
section of spectral reflectance curves (within a certain
wavelength range) of different objects and some line seg-
ments in the coordinate system, with the wavelength and
reflectance as the horizontal and vertical axes, respec-
tively. Each polygon area index calculated using the given
expression is an image layer that can increase the differ-
ence information of different objects in the image. When
they are combined with each other or with other types of
image features (e.g. spectral bands, texture features, and
digital surface models) for classification, the classification
accuracy can be improved.

According to the area surrounded by the tree spe-
cies spectral curves and the coordinate axes, the general
model (algorithm 1) of the polygon area index using the
spectral curves of tree species under full-band coverage
and improving the model with a constant (algorithm 2)
and a specific band (algorithm 3) to constraint the poly-
gon relative area can be created. Thus, the effectiveness of
the polygon area index extracted by three algorithms for
tree species classification will be tested in this study. Two
different regions of WorldView-3 and WorldView-2 were
used to answer the following questions: (1) Whether the
polygon area indices extracted from other band combina-
tions also play an important role in tree species identi-
fication (for the first problem neglected in our previous
research, the general model can extract polygon area
indices from any combination of bands)? (2) Whether
the extraction of polygon area indices by constraining
the relative area of polygons for tree species classification
can improve the recognition accuracy? (3) Which form
of the polygon area indices extracted using a constant or
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specific band for constraining the relative area of poly-
gons is more useful for tree species identification?

2 Materials and methods

2.1 Study area

The Sui and Tang Dynasties City Ruins Botanical Gar-
den in Luoyang City, Henan Province, China, was used as
the experimental area (Fig. 1). Luoyang is located in the
transition zone from the southern edge of the warm tem-
perate zone to the north subtropical zone. This area has
a warm temperate continental and subtropical monsoon
climate. The four seasons are distinct and the climate is
pleasant, with an annual average temperature of approxi-
mately 15 °C and an annual rainfall of approximately 630
mm. The botanical garden covers an area of 1.91 km?, of
which the green area is 1.30 km?. The garden has more
than 1000 kinds of plants, 1000 species of trees and
shrubs (more than 1.3 million individuals in total), more
than 200 kinds of aquatic plants and 0.5 km? of grass
plants. In the garden, nearly 20 tree species are distrib-
uted over a large area with large numbers and are used as
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image classification objects with good representativeness.
An area of Hohhot City, Inner Mongolia, China, which
was selected in the previous study (Liu and An 2020a),
was used as a test area to assist this experiment in further
testing the reliability of the results obtained in Luoyang.

2.2 Data and preprocessing
The main data used in this study were WorldView-3
imagery of Luoyang City taken on October 27, 2017 (Liu
2022). The WorldView-3 data were purchased through
the China Centre for Resources Satellite Data and Appli-
cation. The data contained a panchromatic band and an
eight multi-spectral band. The detailed spatial resolution
and wavelength parameters of the WorldView-3 pan-
chromatic and multi-spectral bands are shown in Table 1.
The WorldView-3 image had a latitude range of 112°
26" 3.06”-112° 26" 58.33” E and a longitude range of
34° 37" 49.51”-34° 38" 35.48” N. This image covered an
area of 1.94 km? of the actual ground area. Preprocessing,
such as calibration (i.e. the absCalFactor in the .imd file
is identified for WorldView radiance calibration), fusion

112°26'40" E
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Fig. 1 Image of WorldView-3 (RGB 532 combination) in the study area with sample distribution of different tree species. T1-T16 represent the serial
numbers of the 16 different tree species/bamboo to be classified. The dots of different colours in the image represent the collection locations of the
corresponding tree species and grass samples

600 m
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Table 1 Panchromatic and multi-spectral band spatial resolution
and wavelength parameters of WorldView-3 imagery

Band Nameofband Pixel size (m) Wavelength Central
coverage wavelength
(nm)

1 Coastal blue 1.24 400-450 425

2 Blue 450-510 480

3 Green 510-580 545

4 Yellow 585-625 605

5 Red 630-690 660

6 Red edge 706-745 725

7 Near-infrared 1 770-895 833

8 Near-infrared 2 860-1040 950

9 Panchromatic 0.3 450-800 -

(i.e. Gram-Schmidt spectral sharpening) and atmos-
pheric correction (i.e. fast line-of-sight atmospheric
analysis of spectral hypercubes), was performed using the
ENVI 5.4 software after the image was purchased. The
WorldView-3 image of the study area after preprocess-
ing is shown in Fig. 1. Another Hohhot WorldView-2 (Liu
2022) was used as a verification image for the World-
View-3 results. The basic parameters of the auxiliary data
and its preprocessing were described in a previous study
(Liu and An 2020a).

2.3 Tree species survey and sample collection
An image of the study area was printed for on-the-spot
investigation (investigated in August 2020), and the
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results showed that 16 tree species/bamboo within the
area could be used for classification purposes (because
their proportion is relatively richer than others). In the
investigation of tree species/bamboo, the tree species/
bamboo in the field that can be observed in the image
were outlined, and the names of tree species/bamboo
were recorded. The investigated samples were marked
on the corresponding electronic image with the region
of interest of ENVI 5.4 in the laboratory after perceiving
that sufficient samples had been investigated for each tree
species/bamboo. The main methods of tree species/bam-
boo investigation and sample labelling are the same as
those adopted in previous research (Liu and An 2020a).
All collected tree/bamboo samples were used as valida-
tion samples, and 5% of the total samples were randomly
selected as training samples. The surveyed tree species/
bamboo and grass distribution and their sample selection
are shown in Fig. 1 and Table 2.

2.4 Construction of non-vegetation mask

Many buildings with blue roofs are found in the Luoy-
ang WorldView-3 imagery. A previous study (Liu and An
2020b) has shown that the normalised difference veg-
etation index (NDVI) threshold method cannot effec-
tively distinguish vegetation from blue ground objects
in 8-band WorldView-2 imagery (the band setting is
consistent with WorldView-3). Therefore, Liu and An
(2020Db) created the blue object spectral index (BOSI) to
address the aforementioned problem, and the algorithm
is shown in Formula (1). This expression can be used to

Table 2 Family, scientific names and numbers of pixels of the training and validation samples for tree species/bamboo classification

Tree species number Family names Scientific names Training samples Validation
samples
T Fabaceae Sophora japonica L. 284 5673
T2 Rosaceae Prunus cerasifera f. atropurpurea (Jacq.) Rehd. 280 5609
T3 Salicaceae Salix babylonica L. 277 5541
T4 Pinaceae Cedrus deodara (Roxb.) G. Don 297 5939
T5 Rosaceae Armeniaca mume f. alphandii (Carr,) Rehd. 287 5736
T6 Magnoliaceae Yulania denudata (Desr.) D. L. Fu 291 5811
T7 Cupressaceae Sabina chinensis (L.) Ant. cv. Kaizuca 279 5573
T8 Sapindaceae Koelreuteria paniculata Laxm. 293 5854
T9 Eucommiaceae Eucommia ulmoides Oliv. 282 5648
T10 Euphorbiaceae Bischofia polycarpa (Levl,) Airy Shaw 293 5861
T Juglandaceae Pterocarya stenoptera C. DC. 292 5833
T12 Platanaceae Platanus orientalis L. 286 5729
T13 Magnoliaceae Magnolia grandifiora L. 285 5690
T4 Taxodiaceae Metasequoia glyptostroboides Hu & W. C. Cheng 285 5695
T15 Oleaceae Fraxinus chinensis Roxb. 284 5685
T16 (bamboo) Poaceae Phyllostachys sulphurea var. viridis R. A. Young 281 5623
Grass - - 283 5656
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enhance the information on blue ground objects, which
can be extracted from the image through the threshold
method. Mask-1 was built in BOSI in the current study
using the threshold range of (0.005-0.439895) based
on the aforementioned research. The NDVI was then
masked with mask-1 to obtain masked NDVI, and the
threshold range of (0.2-1) was utilised to build a mask
in masked NDVI to acquire mask-2, which can mask out
non-vegetation parts. In tree species classification, mask
2 was used to cover the non-vegetation parts to avoid
their interference with the image classification.
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one type of tree species (T7) amongst all tree species in
one band (red) amongst all bands) is subtracted from the
coordinate axis. The polygons of tree species T7 and T10
then become A-B-C-D-E-F-G-H-i-j—-A and a-b-
c—d—e—f-g—h—i—i—a; at this time, the relative area of the
two polygons will increase. When the area of J—j—i—I-] is
calculated using a constant as the height of the rectangle
(the average reflectance of T7 in the red band), the second
extraction algorithm of the polygon area index is obtained,
as presented in Formula (3). When the area of J—j—i—I-]
is calculated using a specific band with variations in pixel

BOSI = (2X by —=3X bg — b5 —2X by + by + 5X by + by) X [by — (b, + b3) /2], 1)

where by, b,, bs, by, bg, bs and bg represent the reflectance
of pixels in coastal blue, blue, green, yellow, red, red-edge
and near-infrared 2 bands, respectively.

2.5 Spectral area index creation

In the Luoyang WorldView-3 imagery, the training
samples from 16 tree species/bamboo were used to fit
the average spectral curves, and the results are shown
in Fig. 2A. The figure reveals that the area of the poly-
gons formed by the spectral curves of different tree
species and the horizontal and vertical axes are incon-
sistent. Thus, various tree species can be distinguished
by using the different polygonal areas of tree species
spectral curves. However, such image features, which
can characterise the differences in the polygonal areas
of spectral curves of various tree species, require the
creation of algorithms for characterisation.

As shown in Fig. 2B, the polygon formed by the spec-
tral curve of tree species T7 and the horizontal and ver-
tical axes is A-B-C-D-E-F-G-H-I-J—A, whilst that
formed by the spectral curve of tree species T10 and the
horizontal and vertical axes is a—b—c—d—e—f—g—h-I1-J-a.
The areas of the polygons A-B-C-D-E-F-G-H-1-]J-A
(formed by the accumulation of seven trapezoids A—B—2—
1, B-C-3-2, C-D-4-3, D-E-5-4, E-F-6-5, F-G-7-6
and G-H-8-7) and a-b—c—d—e—f-g—h—I-J-a (formed by
the accumulation of seven trapezoids a—b—2-1, b-c-3-2,
c—d—4-3, d—e-5-4, e-f—6-5, f-g-7-6 and g-h—8-7) are
accumulated by the areas of seven trapezoids. Therefore,
the polygon area index (abbreviated as PAI) representing
the polygon area of different tree species can be calculated
using Formula (2). This calculation is the first form of the
polygon area index extraction algorithm.

Furthermore, the area of rectangle J-j—i—I-J (the length
of this rectangle is the difference between the centre wave-
lengths of the end (near-infrared 2) and start (coastal blue)
bands, and the height is the lowest average reflectance of

value as the height of the rectangle (the band derived by the
above constant), the third extraction algorithm of polygon
area index is obtained, as shown in Formula (4).

N-1

PAIL, = 0.5 X Z (by +by) X Adyp, (2)
a=1
N-1

PAL, = 05X ) (b, + by —2m) X Ad,p, 3)
a=1
N-1

PAL; =05% ¥ (b, +by—2b,) X Ay, (4)

I
—_

a

where PAI;, PAI, and PAl; represent the polygon area
indices extracted by the three algorithms; N is the num-
ber of bands of remote sensing data; a = 1, 2, 3,..., N-1;
= a + 1; b, is the spectral reflectance of a band; by is the
spectral reflectance of @ + 1 band; the constant m is the
mean value of the minimum reflectance of a certain tree
species in N bands, and the specific b, is the band with
minimum average reflectance obtained from one type
of tree species amongst all tree species in the Sth band
amongst the N bands; Al is the difference between the
centre wavelength of the 3-band and the a-band.

Starting from band 1 of WorldView-3, the polygon area
indices between bands 1 to 2, 3, 4, 5, 6, 7 and 8, as well as
those between bands 2 to 3, 4, 5, 6, 7 and 8, were calcu-
lated; the polygon area index between bands 7 and 8 was
also computed. A total of 28 polygon area indices were
then obtained for each algorithm. The minimum average
reflectance values of the 16 different tree species/bam-
boo on the 8 bands of WorldView-3 are 0.07398, 0.07569,
0.07906, 0.07672, 0.06768, 0.13462, 0.18017 and 0.19777.
Therefore, the values of constant m and specific b, used
in different polygon area index calculations are shown
in Table 3. For WorldView-2 data, the minimum average
reflectance values of the eight different tree species on
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Fig. 2 Polygons with different area sizes formed by spectral curves of different tree species/bamboo. A Average reflectance spectral curves of the
various tree species/bamboo in WorldView-3. Differences are found in the polygonal area sizes of various tree species/bamboo, and these polygons
are formed by the spectral curves and the horizontal and vertical axes. B Creation process of polygon area index and relative area constraint
described by the graphic illustration. The tree species T7 and T10 were taken with the largest difference in the polygon area in A as an illustration

example

the eight bands are 0.10745, 0.10943, 0.10217, 0.09349,
0.08853, 0.13191, 0.18390 and 0.17123. Therefore, the
values of constant m and specific b, used in different
polygon area index calculations are shown in Table 7 in
Appendix.

2.6 Spectral index importance measures

The polygon area index feature sets extracted by the
three algorithms were combined with the same texture
and spectral features to construct three feature sets 1,
2 and 3 to measure whether the newly created polygon
area index features play an important role in tree species

recognition. The random forest algorithm (Breiman
2001) in the EnMAP-Box software (all parameters were
default) (Van der Linden et al. 2015) was used in the fea-
ture sets to classify imagery, analyse the importance of
polygon area index features and obtain the best feature
sets 1, 2 and 3 in tree—grass classification.

A texture feature is an image feature that reflects the spa-
tial distribution attribute of pixels. This feature describes
the repeated local patterns and their arrangement rules
in the image, usually demonstrating the characteristics of
local irregularity and macroscopic regularity and is often
used in image classification and scene recognition. For the
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Table 3 Constant m and specific b, of polygon area indices
extracted by different band combinations when the second and
third algorithms were implemented on the basis of WorldView-3

Calculation form of PAI Constantm Specific b,
PAI T 102 007398 b,
PAI'Tto 3 0.07398 b,
PAI'T to 4 0.07398 b,
PAIT 105 006768 bs
PAI'T to 6 0.06768 bs
PAIT to 7 006768 b
PAI'Tto 8 0.06768 bs
PAI2to 3 0.07569 b,
PAI 2 to 4 0.07569 b,
PAI2to 5 0.06768 bs
PAI2t0 6 006768 bs
PAI2to7 0.06768 bs
PAI2to 8 0.06768 bs
PAI3to 4 0.07672 b,
PAI3to 5 0.06768 bs
PAI3to 6 0.06768 bs
PAI3to7 0.06768 bs
PAI3to 8 0.06768 bs
PAI4to 5 0.06768 bs
PAl4to 6 0.06768 bs
PAl4to 7 0.06768 bs
PAI4to 8 0.06768 bs
PAI'5 to 6 0.06768 bs
PAI5to 7 0.06768 bs
PAI5to 8 0.06768 bs
PAI6 t0 7 0.13462 be
PAI6to 8 0.13462 be
PAI 7108 0.18017 b,

texture feature set construction, the previous research (e.g.
Liu et al. 2015; Shi et al. 2020) was used as a reference, and
the mean (MEA), which plays an important role in tree
species identification, was selected to construct the tex-
ture feature set. The feature MEA was extracted based on
the second order of the grey-level co-occurrence matrix
using ENVI 5.4. Texture features (based on a 3 x 3 win-
dow) were extracted from eight bands of WorldView-3 and
WorldView-2 data, and the constructed texture feature set
has eight features. The spectral feature set was constructed
with eight bands, which were used for texture feature
extraction (including eight features).

2.7 Classification result evaluation

After the tree species—grass classification with all these
constructed feature sets, the validation samples were
used to test all the classification results and generate
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the corresponding confusion matrix for accuracy veri-
fication. The overall accuracy, kappa coefficient, pro-
ducer and user accuracies calculated from the confusion
matrix, diagram of curves and some generated spider
graphs generated were used to compare and analyse the
classification results. Producer accuracy is the probabil-
ity that a pixel in the classification image is put into class
x given the ground truth class is x. User accuracy is the
probability that the ground truth class is x given a pixel
is put into class x in the classification image. In addition,
the polygon area indices extracted from Hohhot World-
View-2 data by the three algorithms were used to test the
results of the Luoyang region, and the consistency of the
results of the two regions would be further analysed.

3 Results and analyses

3.1 Importance of polygon area index in the selected
feature set

In the feature sets comprising spectral bands, texture

features and polygon area indices, the importance rank-

ing of polygon area index features extracted by the three

algorithms in tree species classification is shown in

Table 4 (from WorldView-3) and Table 8 in Appendix

(from WorldView-2).

As shown in Table 4 and Table 8 in Appendix, in the
feature sets of WorldView-3 and WorldView-2, many pol-
ygon area index features were located in the front accord-
ing to the importance ranking regardless of the algorithm
used. For the number of polygon area index features
ranked at the top, the polygon area index extracted by
the third algorithm was more than that extracted by the
first and second algorithms. Meanwhile, for the number
of polygon area index features at the bottom of the order,
the polygon area index extracted by the third algorithm
was less than that of the first and second algorithms.
In addition, the two tables reveal that amongst the top-
ranked polygon area indices, they were mostly derived
from spectral curves between two and three bands. How-
ever, the lower-ranked polygon area indices were mostly
derived from spectral curves between more than three
bands.

3.2 Optimal feature set selection

Figure 3 shows the change in the overall accuracy in the
presence of 15-30 important features involved in the
classification of the tree species based on three World-
View-3 feature sets. The results derived from World-
View-2 are shown in Figure 6 in Appendix.

Figure 3 shows that the classification accuracy
increases with the elimination of the lower-ranked fea-
tures in feature sets. Subsequently, the overall accuracy
began to decline after one of the features was elimi-
nated. When the three feature sets achieved the highest
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Table 4 Importance ranking of polygon area index features extracted by three algorithms in tree species classification based on
feature sets and the results from WorldView-3

Importance Feature set 1

ranking
Importance value

Characteristic

Feature set 2

Feature set 3

Importance value

Characteristic

Importance value Characteristic

1 2.58
2 227
3 2.23
4 2.12
5 2.11
6 2.09
7 1.94
8 1.93
9 1.83
10 1.80
11 1.53
12 1.52
13 1.52
14 1.48
15 1.44
16 1.35
17 1.32
18 1.27
19 1.25
20 1.23
21 1.22
22 1.21
23 1.20
24 1.18
25 1.12
26 1.1
27 1.10
28 1.08
29 092
30 0.88
31 0.86
32 0.86
33 0.86
34 0.85
35 0.84
36 0.79
37 0.78
38 0.78
39 0.71
40 0.69
41 0.69
42 0.68
43 0.62
44 0.55

Band 3

PAl; 110 2
Band 3 MEA
Band 2
Band 2 MEA
Band 5
Band 1
Band 1 MEA
Band 6
Band 5 MEA
PAl; 110 3
PAI, 3t0 4
PAl, 210 3
PAl, 5t0 6
Band 6 MEA
PAl, 410 5
Band 4 MEA
Band 7

PAl, 4t0 6
Band 7 MEA
PAl, 2t0 4
Band 8
Band 4

PAI, 3t05
PAl, 3t0 6
PAl, 1t0 4
Band 8 MEA
PAl, 7t0 8
PAI, 2t0 5
PAl; 1105
PAl, 6t0 8
PAI, 6 t0 7
PAl, 5t0 7
PAI, 2t0 7
PAl, 5t0 8
PAI, 4t0 7
PAl, 2t0 6
PAl, 1t0 7
PAI, 1108
PAl, 4t0 8
PAL 1106
PAl, 3t0 7
PAl,3t0 8
PAl, 2t0 8

236
2.34
2.24
2.16
2.12
2.07
2.07
1.89
1.86
1.85
1.82
147
145
143
143
141
1.35
1.34
1.25
124
1.22
1.22
1.19
1.15
1.15
1.11
1.09
1.05
1.04
0.97
0.92
0.92
0.90
0.89
0.85
0.80
0.79
0.76
0.74
0.73
0.69
0.65
0.65
0.63

Band 2
Band 2 MEA
Band 3 MEA
PAL, 1to 2
Band 5
Band 3
Band 1 MEA
Band 1
Band 5 MEA
Band 6 MEA
Band 6

PAI, 2t0 3
PAL, 5t0 6
PAL, 3to 4
PAI, 110 3
PAL, 4o 5
Band 4 MEA
PAL, 4t0 6
Band 7

PAI, 1t0 4
PAL, 3t0 6
Band 7 MEA
PAL, 2to 4
Band 4
Band 8

PAL, 3t0 5
Band 8 MEA
PAL, 6to 7
PAL, 210 5
PAL, 7t0 8
PAL, 5t0 7
PAL, 2t0 6
PAL, 1to 7
PAI, 510 8
PAL, 4to 7
PAL, 1106
PAL, 2t0 8
PAL, 6t0 8
PAL, 1t0 5
PAL, 4t0 8
PAL,3t0 7
PAL, 2to 7
PAL, 1t0 8
PAL, 3t0 8

230 PAl;2t0 4
205 PAI; 210 3
193 PAl; 710 8
1.87 Band 1 MEA
1.82 PAI; 6to 7
1.71 Band 2 MEA
161 Band 1

1.57 PAl; 610 8
156 PAI, 5106
1.52 Band 2

145 PA; 1105
145 Band 3 MEA
144 PAl;2t0 5
142 Band 6 MEA
141 Band 6

137 PAl; 310 4
1.32 PAI; 1to 3
131 PAl; 2106
129 PAl;3t05
1.26 Band 5 MEA
124 PAI, 4106
121 PAl; 4105
121 PAl;3106
1.21 PAI; 1to 4
1.1 Band 7 MEA
1.08 Band 5

107 PAl; 1106
1.06 Band 3

1.06 PAI; 1to 2
1.04 Band 7

1.0 Band 8

1.0 PAl; 1to 7
0.99 Band 4 MEA
0.96 PAl;3to 7
095 PAl; 4107
0.95 PAI; 2to 7
0.9 PAl;5t0 7
0.85 Band 8 MEA
084 PAl;5t0 8
081 PAI; 2108
0.80 PAl; 410 8
0.80 PAl;3108
0.75 Band 4

067 PAl; 1108
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Fig. 3 Relationship between the number of participating important features and the overall accuracy of tree species identification. According to
the importance values of different features in Table 4, the classification results of all the top 15-30 features were selected for analysis

accuracy in tree species classification, their optimal fea-
ture sets were obtained. Feature sets 1, 2 and 3 obtained
the highest overall accuracy when 22, 27 and 19 features
were involved in tree species classification, respectively.
The overall accuracy of their optimal feature set classifi-
cation was 67.1652%, 66.9151% and 75.5630%.

Considering WorldView-2 (Figure 6 in Appendix), in
the three feature sets, the relationship between feature
elimination and overall accuracy change was consistent
with that of WorldView-3. In the presence of 27, 27 and 16
features involved in the feature sets of 1, 2 and 3, respec-
tively, the highest overall accuracy was achieved, which
was 79.3214%, 79.1481% and 80.9683%, respectively.

According to Table 3 and Fig. 3, eight (polygon area
indices accounting for 36.40%), 11 (40.74%) and 12
(63.12%) polygon area indices extracted by algorithms
1, 2 and 3 were involved, respectively, in the optimal
feature sets. For WorldView-2, 11 (40.74%), 11 (40.74%)
and 10 (62.50%) polygon area indices were extracted by
algorithms 1, 2 and 3, respectively (Table 8 and Figure 6
in Appendix). WorldView-3 and WorldView-2 reveal
that the proportion of polygon area index extracted by
algorithm 3 in the optimal feature sets was substantially
higher than that of algorithms 1 and 2. The classification
accuracy of tree species by optimal feature sets 1 and 2
was only slightly different but was far lower than the clas-
sification accuracy of optimal feature set 3.

3.3 Tree species identification based on different feature
sets

The spectral band, texture and polygon area index feature

sets of WorldView-3 (WorldView-2) and their feature

sets were used to identify tree species. The overall accu-
racy and kappa coeflicient of tree species identification
are shown in Table 5.

Table 5 shows that for WorldView-3, the overall accu-
racy of tree species identification by polygon area index
feature sets constructed by algorithms 1 (57.8338%) or 2
(57.8853%) was far lower than that by the spectral band
(65.8745%) or texture feature (64.8040%) sets. However,
the classification accuracy of the polygon area index fea-
ture set (70.6091%) constructed by algorithm 3 was sub-
stantially higher than that of the spectral band or texture
feature set for tree species identification. Using feature
sets 1 and 2 to classify the tree species, the overall accu-
racy was higher than using polygon area index feature
sets but did not exceed the classification accuracy using
spectral bands. Feature set 3 had an accuracy of 74.6850%
for tree species classification, which was approximately a
4% improvement over the polygon area index feature set
used.

For WorldView-2, the classification results of polygon
area index and feature sets compared with spectral bands
and texture features were slightly different from those
of WorldView-3. However, the results of the two data
tests were consistent; the polygon area index extracted
by algorithm 3 has a significant advantage in tree spe-
cies classification compared with the polygon area index
extracted by the two other algorithms.

3.4 Individual tree species classification effectiveness

of typical data set
Producer and user accuracy spider web graphs generated
by using the best feature sets 1, 2, 3 and 28 polygon area
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Table 5 Overall accuracy and kappa coefficient of tree species identification based on different feature sets

Data sets WorldView-3 WorldView-2
Overall accuracy % Kappa coefficient Overall accuracy % Kappa coefficient

8 Bands 65.8745 0.6374 76.7831 0.7289
8 MEAs 64.8040 0.6260 76.0773 0.7206
28 PAl;s 57.8338 0.5520 74.7400 0.7050
28 PAl,s 57.8853 0.5525 74.7400 0.7050
28 PAl3s 70.6091 0.6877 764364 0.7248
Feature set 1 65.3629 0.6320 79.0862 0.7557
Feature set 2 65.6861 0.6354 79.1357 0.7563
Feature set 3 74.6850 0.7310 804111 0.7712

index features and 8 bands based on WorldView-3 are
shown in Fig. 4A and B, respectively.

Figure 4 shows that the producer accuracy of grass clas-
sification and the user accuracy of tree species T7 classi-
fication by the best feature set 3 were not as good as the
best feature set 2 used. In addition, the accuracy of any
tree species—grass identification of the best feature set
3 is better than that of other feature sets. Using the best
feature sets 1 and 2 and 8 bands to classify tree species—
grass, the generated producer and user accuracies were
all remarkably close. These results were not as accurate as
when using 28 polygon area index features (constructed
on the basis of algorithm 3) for tree species classification.

3.5 Optimal classification result analysis

Using the best feature set (based on WorldView-3, opti-
mised from feature set 3) to classify tree species—grass,
the produced confusion matrix is shown in Table 6,
and the representative classification maps are shown in
Fig. 5.

Table 6 shows that the producer accuracies of tree
species—grass identification using the best feature set
3 varied from 44.43% (T3) to 96.30% (T7). A total of
11 tree species—grass had producer accuracy exceed-
ing 70%. The user accuracies of the 17 tree species—
grass classifications using the best feature set 3 varied
from 58.11% (T3) to 92.44% (T2), and 12 tree species—
grass demonstrated user accuracy exceeding 70%. The
producer and user accuracies of tree species T3 were
quite different and were far lower than those of other
tree species. The difference between producer and user
accuracies of other tree species—grass was relatively
small.

Combining the distribution of tree species in the gar-
den and Fig. 5A, tree species T1, T2, T5, T7, T8 and
grass were effectively identified. However, the recogni-
tion effect of tree species T3, T6, T11, T12, T13 and
T14 was not particularly ideal. Compared with Fig. 5A,
B and two confusion matrices, except for T7 (user accu-
racy obtained was slightly lower than 8-band used), the

T1
A B Grass 100 T2
T16 T16
T15 T15
T14 T5 Ti4
T13 T6 TI13
T12 T12
T11 T8 T11 T8
T10 TS T10 T9

—— Best feature set 1 —e— Best feature set 2 —+— Best feature set 3

28 PAIs —— 8 Bands

Fig.4 Spider web graphs of the representative feature set classification results. A Spider web graph of producer accuracies. B Spider web graph of

user accuracies
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Table 6 Confusion matrix of the optimal classification result
Type T1 T2 T3 T4 T5 T6 T7 T8 T9 TI0O T11 Ti12 Ti13 Ti14 Ti15 T16 Grass
T 4839 0 76 24 0 43 4 0 12 6 16 99 45 97 782 65
T2 0 4937 0 11 353 0 0 20 " 0 5 0 3 1 0 0
13 19 0 2462 92 0 178 5 87 167 170 267 72 173 233 80 198 34
T4 32 0 290 4617 0 80 101 1 444 22 148 23 158 145 42 60 0
T5 0 639 0 3 5233 0 7 41 8 2 2 2 6 0 0 0 0
T6 M 0 78 5 1 3652 36 231 0 17 15 633 41 312 90 13 83
T7 95 1 87 225 17 18 5367 20 56 0 0 9 24 40 0 0
T8 1 22 22 0 125 139 20 4863 2 30 34 104 60 305 0 42
T9 36 10 671 414 1 38 23 66 4137 139 482 200 11 120 16 97 0
T10 3 0 181 7 6 75 0 186 139 4521 700 57 324 1 28 66 21
T 46 0 304 126 0 72 0 72 308 508 3675 28 211 2 74 166 17
T12 86 0 19 2 0 529 1 72 62 3 37 3626 3 452 171 3 11
T3 0 0 71 61 0 9 3 7 118 333 213 0 3909 22 3 361 0
T4 31 0 597 91 0 494 6 135 147 20 32 370 121 3554 28 182 1
T15 394 0 110 4 0 170 0 23 1 14 22 383 52 94 4309 70 0
T16 5 0 332 257 0 86 0 17 36 75 157 0 427 205 6 4281 15
Grass 75 0 141 0 0 228 0 13 0 1 28 123 22 112 56 61 5432
Row total 6108 5341 4237 6163 5943 5218 5959 5769 6561 6315 5609 5177 5110 5809 5646 5899 6292
Column total 5673 5609 5541 5939 5736 5811 5573 5854 5648 5861 5833 5729 5690 5695 5685 5623 5656
User accuracy % 7922 9244 5811 7491 8805 6999 9007 8430 63.05 7159 6552 7004 7650 61.18 7632 7257 8633
Producer accuracy % 8530 8802 4443 7774 9123 6285 9630 83.07 7325 77.14 6300 6329 6870 6241 7580 76.13 96.04

Overall accuracy = (73,414/97,156) = 75.5630%; kappa coefficient = 0.7403

Fig. 5 Representative classification result maps used to compare visually and analyse the classification results. A Classification result of the optimal

AL o8

feature set, obtained by extracting polygon area index features based on algorithm 3. B Classification result of the 8-band WorldView-3 data

classification results of all tree species—grass using the 4 Discussion
optimal feature set were better than those of 8-band In the classification of tree species, the spectral bands

WorldView-3 data.

and texture features of remote sensing data are widely
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used (e.g. Immitzer et al. 2012; Kamal et al. 2015; Aker-
blom et al. 2017; Shi et al. 2020), and the texture features
that can be extracted from all remote sensing imagery
are considered to play a crucial role (e.g. Liu et al. 2015;
Ferreira et al. 2019; Wang et al. 2020). Compared with
spectral bands and texture features, many features of the
polygon area indices created in this study rank high in
importance value in tree species classification, indicating
that they also play a positive role in tree species identifi-
cation (Table 4 and Table 8 in Appendix). The important
role of the polygon area index in tree species classifica-
tion confirmed in this study is consistent with the con-
clusion that PAI.,; and PAl,,, have important roles in
tree species classification in previous studies (Liu and An
2020a). In the optimal feature sets of tree species clas-
sification, the proportion of polygon area index features
ranged from 36.4 to 63.1% (Table 4 and Table 8 in Appen-
dix, Fig. 3 and Figure 6 in Appendix), accounting for a
large proportion. These polygon area indices in the opti-
mal feature sets were identified as important indices for
tree species identification in WorldView-2 and World-
View-3. In addition, using the optimal feature sets con-
structed by the three algorithms to classify tree species,
the overall accuracy was higher than that using the spec-
tral band set or the texture feature set alone (Table 5).
These results further show that the polygon area index
features play an important role in tree species identifica-
tion (Table 4 and Table 8 in Appendix, Fig. 3 and Figure 6
in Appendix). Using the traditional vegetation index to
identify tree species fails to substantially improve clas-
sification accuracy (Liu 2016), whilst the polygon area
index created by algorithm 3 in this study can markedly
enhance the classification accuracy of tree species. This
finding indicates that the features created for spectral dif-
ferences in tree species are more effective than the ratio
and normalised vegetation index created for vegetation
signal enhancement.

Many polygon area indices extracted by other band
combinations (e.g. bands 1 and 2, 2 and 3, 3 and 4, 4 and
5) have large important values in the optimal feature
sets of tree species classification (Table 5 and Table 8 in
Appendix, Fig. 3 and Figure 6 in Appendix), indicating
that in addition to band combinations of 578 and 678, the
polygon area indices extracted from other band combi-
nations play an essential role in tree species identifica-
tion. A minimal difference in tree species recognition was
observed between polygon area indices extracted for the
height of the rectangle by constraining the relative poly-
gon area with constants (algorithm 2) and those extracted
without relative area constraint (algorithm 1) (Table 5).
However, polygon area indices extracted by constraining
the relative areas of polygons using a specific band (algo-
rithm 3) are more beneficial for tree species identification
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than those without area constraints (Table 5, Fig. 3 and
Figure 6 in Appendix). This shows that constraining the
relative area of polygons can be improved tree species
classification accuracy depending on the constraint form.
When a constant constraint was used, the identification
accuracy of tree species could not be improved effec-
tively, but when a specific band constraint was used, the
classification accuracy could be effectively improved. It
further shows that extracted polygon area indices using a
specific band to constrain the relative polygon area were
more beneficial for tree species identification than using a
constant to constraint. In this study, PAI; 6 to 8 extracted
on the basis of algorithm 1 was equivalent to PAlg,s in
the previous study (Liu and An 2020a). In the classifica-
tions of WorldView-3 and WorldView-2, in the absence
of relative area constraint of polygons for PAI; 6 to 8,
their ranking is 31 and 31 in the feature sets, respectively.
After using algorithm 3 for the relative area constraint of
polygons, PAI; 6 to 8 ranks 8 and 10 in the feature sets,
respectively. The polygon relative area constraint method
proposed by algorithm 3 markedly improved the rank-
ing of the polygon area index in the absence of an area
constraint. This finding shows that the new algorithm 3
proposed in this study is superior to that presented in the
previous study.

The performance of polygon area indices derived
from spectral curves within three bands in tree spe-
cies classification was better than those with more than
three bands (Table 4 and Table 8 in Appendix). The
possible reason lies in the limited variability of spectral
curves of the same tree species amongst fewer bands
and the relatively fixed area of the formed polygons.
However, the spectral curves of various tree species are
different, and the area of the formed polygons is rela-
tively different, which is conducive to the identification
of different tree species. Amongst additional bands,
even for the same tree species, the variability of spec-
tral curves will increase due to the rise in the number
of bands, and the area of polygons formed will be dif-
ferent. The area differences of polygons amongst vari-
ous tree species may offset each other due to multiple
local differences. For example, the polygonal area of
tree species T15 amongst bands 4 to 6 was larger than
that of tree species T10 and smaller than that of tree
species T10 amongst bands 6 to 8 (Fig. 2A). Thus, the
polygonal area difference between the two tree spe-
cies amongst 4 to 8 bands may be small (Table 4 and
Table 8 in Appendix). Therefore, the polygon area indi-
ces obtained between additional bands may not be con-
ducive to tree species classification.

Previous studies have shown that the reduction and
increment in spectral variability within and between
classes, respectively, contribute to the classification
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accuracy of imagery (e.g. Pu et al. 2018; Han et al. 2019;
Immitzer et al. 2019). The same category of tree spe-
cies—grass in the image comprises multiple pixels; the
DN/reflectance values of these pixels are not absolutely
the same but fluctuate within a certain range. The DN/
reflectance values of different types of tree species—
grass show certain differences. When a constant is used
as the height of the rectangle, the same rectangle area is
subtracted from all pixels of one layer of the image, and
the difference in DN/reflectance value of tree species—
grass does not substantially change. However, each
value as the height of the rectangle varies from pixel to
pixel when subtracting a rectangle area when the height
of the rectangle was used as a specific band. This phe-
nomenon may reduce the variability of the DN/reflec-
tance value of the same tree species—grass and increase
the variability of the DN/reflectance value of different
tree species—grass. Thus, using the specific band as
the height of the rectangle is better than the constant
used in polygon area index extraction for tree species
identification.

Herein, several key points related to the progress of
the polygon area index for tree species identification
were clarified by analysing the performance of the poly-
gon area index in tree species classification. Compared
with previous studies (e.g. Zhou et al. 2011; Liu and An
2020a), more potential polygon area indices that were
useful for tree species classification can be extracted
using the polygon area index extraction models devel-
oped in this study; moreover, the robust polygon area
indices in tree species classification were obtained by
algorithm 3 than that extracted by previous studies (e.g.
Zhou et al. 2011; Liu and An 2020a), algorithms 1 and
2. The polygon area indices extracted by algorithm 3
can greatly improve the classification accuracy of tree
species. The important polygon area indices that can
drive tree species recognition in WorldView-3 and
WorldView-2 were identified from all the extracted pol-
ygon area index features. The importance of the poly-
gon area index in tree species identification is related to
the number and combination form of bands. The clari-
fication of these progressive points will provide basic
information for applying the polygon area index in the
perspective tree species classification studies.

5 Conclusions

This study tested the effectiveness of the polygon area
index extracted by the three algorithms in tree species
classification through WorldView-3 and WorldView-2
data in different regions. Furthermore, the results dem-
onstrated that the polygon area indices extracted using
the three algorithms could improve the recognition
accuracy of tree species. Compared with spectral bands

Page 14 of 17

in WorldView-3 (WorldView-2), combining the useful
polygon area indices extracted using algorithms 1, 2
and 3 can increase the overall accuracy of tree species
classification by approximately 1% (2%), 1% (2%) and
10% (4%), respectively. Moreover, when the polygon
area indices extracted using algorithms 1 and 2 were
used in tree species identification, the overall accuracy
improvement was small. However, the polygon area
indices extracted using algorithm 3 can greatly improve
the overall accuracy of tree species identification.
According to the performance of the three algorithms,
the extraction of useful polygon area indices using algo-
rithm 3 should be mainly considered an important rec-
ognition procedure in the future study of tree species
classification.

Appendix

Table 7 Constant m and specific b, of polygon area indices
extracted by different band combinations when the second and
third algorithms were implemented on the basis of WorldView-2

Calculation form of PAI Constant m Specificb,
PAI1 to 2 0.10745 b,
PAITto3 0.10217 b,
PAI'T to 4 0.09349 b,
PAITto5 0.08853 bs
PAI'T to 6 0.08853 bs
PAITto 7 0.08853 bs
PAI1to 8 0.08853 bs
PAI2t0 3 0.10217 by
PAI 2 to 4 0.09349 by
PAI2 105 0.08853 bs
PAI2to 6 0.08853 bs
PAI2t0 7 0.08853 bs
PAI2to 8 0.08853 bs
PAI 3 to 4 0.09349 by
PAI3to 5 0.08853 bs
PAI3to 6 0.08853 bs
PAI3to 7 0.08853 bs
PAI3to 8 0.08853 bs
PAl4to 5 0.08853 bs
PAI4t0 6 0.08853 bs
PAl4to 7 0.08853 bs
PAl4t0 8 0.08853 bs
PAI5to 6 0.08853 bs
PAI5to 7 0.08853 bs
PAI5to 8 0.08853 bs
PAI6to 7 0.13191 be
PAI6t0 8 0.13191 be
PAI'7to 8 017123 bg
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Table 8 Importance ranking of polygon area index features extracted by three algorithms in tree species classification based on feature
sets and the results from WorldView-2

Importance Feature set 1 Feature set 2 Feature set 3
ranking
Importance Characteristic Importance Characteristic Importance Characteristic
value value value
1 267 Band 6 MEA 232 Band 6 3.28 PAl;7t0 8
2 2.16 Band 6 213 Band 1 MEA 2.11 PAl;2t0 3
3 2.1 Band 1 MEA 1.95 Band 3 MEA 2.09 PAI; Tto 3
4 191 Band 3 MEA 1.9 PAI, 1to 2 202 PAl;3t05
5 1.91 Band 3 1.8 Band 6 MEA 2 PAl;4t0 5
6 1.83 Band 1 1.73 Band 1 1.89 Band 1 MEA
7 1.82 Band 5 1.67 Band 4 MEA 1.84 PAl;6to 7
8 1.69 PAI, 1to 2 1.59 Band 3 1.82 PAl;5t0 6
9 1.63 Band 4 MEA 1.52 Band 2 177 PAl;3to 4
10 1.56 Band 8 1.5 Band 5 1.75 PAl; 6to 8
11 14 Band 8 MEA 1.5 Band 8 173 PAl; Tto 2
12 1.39 Band 2 145 Band 8 MEA 1.7 Band 1
13 1.33 Band 2 MEA 1.35 PAL, 3to 4 16 Band 6 MEA
14 1.32 PAI; 5to 6 1.33 PAI, 5to 6 157 Band 4 MEA
15 1.31 Band 5 MEA 133 Band 5 MEA 1.53 Band 2
16 1.23 PAI; 3to 4 1.3 PAI, 1to 3 151 Band 3 MEA
17 1.18 PAI, 1to 3 1.24 Band 2 MEA 145 PAl;2t0 5
18 1.15 PAl, 4to 5 1.15 PAL, 2to 4 1.39 Band 2 MEA
19 1.14 PAI, 2to 3 1.15 PAI, 2to 3 1.38 PAI; Tto 5
20 1.09 PAI, 7to 8 1.1 PAI, 7to 8 135 PAl;4to 6
21 1.07 Band 7 MEA 1.08 PAl, 4to 6 133 PAl;3to 6
22 1.07 Band 7 1.05 PAl, 4to 5 1.28 Band 6
23 1.06 PAl; 3to 5 1.01 Band 4 122 PAl; 2 to 4
24 1.03 PAI, 2to 4 1 PAI, 1to 4 122 Band 5 MEA
25 1.01 Band 4 0.96 Band 7 122 Band 3
26 0.98 PAI; 1to 8 093 PAl, 2to 5 117 Band 8
27 0.94 PAI, 4to 6 092 Band 7 MEA 1.11 Band 8 MEA
28 0.93 PAI; 3to 6 0.88 PAl, 2to 7 1.07 PAl; Tto 4
29 0.89 PAI, 1to 5 0.85 PAI, 6to 8 1.01 PAI; Tto 6
30 0.83 PAI, 5to 7 0.83 PAl, 4to 8 0.96 PAl;2t0 6
31 0.82 PAI, 6to 8 0.82 PAl, Tto 7 09 Band 4
32 0.82 PAI, Tto 4 0.81 PAl,3t0 8 0.79 Band 7 MEA
33 0.78 PAI; 5t0 8 0.79 PAIl, 5to 8 0.75 Band 5
34 0.78 PAI, 2to 7 0.79 PAl, 4to 7 0.75 Band 7
35 0.77 PAI; 2t0 6 0.79 PAl,3to5 0.65 PAl; Tto 7
36 0.77 PAI Tto 7 0.79 PA, 2to 6 0.64 PAl; 5t0 8
37 0.75 PAl, 6to 7 0.79 PAI, Tto 8 0.64 PAI; 1t0 8
38 0.75 PAI; 2to 5 0.76 PAl,3to 6 0.62 PAl;3to0 8
39 0.67 PAI, 2to 8 0.76 PAL, Tto5 0.61 PAl;4t0 8
40 0.65 PAI; 3to 7 0.71 PAI,2to 8 06 PAl;2to 8
41 0.64 PAI;3to 8 0.69 PAL, 5to 7 0.59 PAl;4to 7
42 0.63 PAI, 4t0 8 0.68 PAL, Tto 6 0.57 PAl;5t0 7
43 0.55 PAl, 4to 7 0.64 PAI, 6to 7 0.57 PAl;3to 7
44 0.54 PAI, 1to 6 0.51 PAl,3to 7 0.57 PAl;2to 7
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Fig. 6 Relationship between the number of participating important features and the overall accuracy of tree species identification, based on
WorldView-2. According to the importance values of different features in Table 8 in Appendix, the classification results of all the top 15-30 features were

selected for analysis
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