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Abstract: Accurate and efficient individual tree species (ITS) classification is the basis of fine forest
resource management. It is a challenge to classify individual tree species in dense forests using re-
mote sensing imagery. In order to solve this problem, a new ITS classification method was proposed
in this study, in which a hierarchical convolutional neural network (H-CNN) model and multi-tem-
poral high-resolution Google Earth images were employed. In an experiment conducted in a forest
park in Beijing, China, GE images of several significant phenological phases of broad-leaved forests,
namely, before and after the mushrooming period, the growth period, and the wilting period, were
selected, and ITS classifications based on these images along with several typical CNN models and
the H-CNN model were conducted. In the experiment, the classification accuracy of the multitem-
poral images was higher by 7.08-12.09% than those of the single-temporal images, and the H-CNN
model offered an OA accuracy 2.66-3.72% higher than individual CNN models, demonstrating that
multitemporal images rich in the phenological features of individual tree species, together with a
hierarchical CNN model, can effectively improve ITS classification.

Keywords: individual tree species classification; multitemporal remote sensing imagery;
convolutional neural network; hierarchical classification

1. Introduction

Forest ecosystems, as an important part of the earth’s ecosystem, play an irreplacea-
ble role in the sustainable development of the economy, society, and environment [1]. A
comprehensive and efficient forest resource survey is the basis of effective forest manage-
ment. Traditional forest surveys mainly rely on field surveys, which are time-consuming
and laborious. Dense forests with overlapping tree crowns not only make traditional sur-
veys more difficult, but also reduce the accuracy of forest parameter acquisition [2,3].
Meanwhile, field surveys suffer from several problems such as difficulties in monitoring
the changes in individual trees on a landscape scale [4]. Remote sensing technology has
become a fast and micrometrics approach for forest planning and monitoring [5].

With the development of high-resolution remote sensing technology, an increasing
number of researchers have employed high-resolution images for tree species classifica-
tion. High-resolution images that can identify individual trees have facilitated studies of
individual tree species (ITS) classification. ITS classification is carried out on an individual
tree unit and can be used to estimate the forest parameters of individual trees, such as tree
height, diameter at breast height (DBH), stock volume, and health status [6,7], facilitating
the estimation of species diversity. Therefore, ITS classification provides great assistance
to forest resource management and applications [8].
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According to existing studies on ITS remote sensing classification, the use of airborne
high-resolution multispectral data, hyperspectral data, and high-density light detection
and ranging (LiDAR) point clouds can achieve high accuracies for tree species identifica-
tion [9-11]. However, the cost of LIDAR data and airborne imagery is relatively high, and
the processing is complex [12]. In contrast, high-resolution remote sensing images ac-
quired on satellite platforms, such as images retrieved from Google Earth (denoted as GE
images henceforth) and Gaofen-2 imagery, are relatively low-cost and easy to access and
can provide multiscale spectral and texture information on forests. Moreover, high-reso-
lution images contain phenological information of vegetation, highlighting the differences
among diverse tree species [12-14]. Hill et al. used five airborne images to classify six tree
species, which showed that the best combination of the autumn, green-up, and full-leaf
images offered the highest classification accuracy [15]. Fang et al. used 12 WorldView-3
images, which cover each phenophase of the growing season to classify street trees. The
combination of images from April and November (peak senescence) achieved an overall
accuracy of 73.7% [16]. The above studies show that multitemporal and high-resolution
remote sensing image data can improve the accuracy of individual ITS identification.

Traditional tree classification methods include manual feature extraction, manual
feature selection, and machine learning classification. Common machine learning classifi-
cation methods include the K-nearest neighbour (KNN), maximum likelihood (MLC), de-
cision tree (DT), random forest (RF), support vector machine (SVM), and artificial neural
network (ANN) methods [17]. Franklin et al. utilized RF to classify four classes of tree
species in multispectral images collected by UAV, which yielded an overall accuracy of
approximately 78% [18]. Feature selection and extraction based on remote sensing images
is essential for tree species classification [19]. However, the highly subjective manual fea-
ture extraction and selection in traditional classification methods makes the classification
results inaccurate. Sun et al. employed RF and ResNet50 for ITS classification, and the
classification accuracy results for RF were much lower than those for a convolutional neu-
ral network (CNN), demonstrating the superiority of CNN in tree species classification
[19].

Deep learning classification technology extracts deep features for classification from
research data through CNNs [20,21]. The deep learning method has achieved excellent
classification performances on both natural images and remote sensing images. Recently,
it has been gradually applied to ITS classification based on satellite images [22-25]. For
example, Rezaee et al. utilized the VGG-16 model and Worldview-3 data for individual
tree crown delineation and ITS classification of four tree species using Worldview-3 im-
agery, which achieved an overall accuracy of 92.13% [26]. Chen et al. employed the ResU-
Net model and Worldview-3 data for ITS classification of five tree species, providing a
classification accuracy of 94.29% [27]. Yu et al. utilized a masked region-based CNN and
unmanned aerial vehicle (UAV) images for individual tree crown detection, which offered
an overall accuracy of 94.68% [28], demonstrating the potential of deep learning networks
for ITS classification. Although the above studies all achieved high classification accuracy,
there were still many problems, such as the studies being all based on sparse forests and
rarely classifying dense forests. Accurate ITS classification of dense and mixed forests re-
mains a challenge [29,30]. In the complex forest structure, some tree species have strong
inter-category similarity, while others do not. This highly uneven visual distinguishability
of tree species increases the difficulty of classification. Therefore, it is not appropriate to
classify tree species with uneven differences simultaneously, which requires a more tar-
geted and hierarchical classifier to be involved [31,32].

Hierarchical classification relies on the classification tree structure, which divides the
categories into different groups for further classification [33]. Classification trees are struc-
tured in two ways: predefined and automatically generated. Predefined classification
trees are usually derived from specialized fields (such as tree classification) or from the
knowledge of experts, while automatically generated classification trees are learned by
top-down or bottom-up methods such as hierarchical clustering [32,34]. A large number
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of studies combine hierarchical classification with CNNs for visual recognition and other
applications [35,36]. For example, Yan et al. [31] proposed a hierarchical deep CNN (HD-
CNN), and its performances were assessed using several datasets, such as the CIFAR 100
class and large-scale ImageNet 1000 benchmark datasets. The accuracies of the HD-CNN
increased by 13% compared with common CNNs. The combination of hierarchical classi-
fication and CNNSs also yields outstanding performances in the classification of remote
sensing images. Liu et al. [37] used the Wasserstein distance method to construct a hierar-
chical classification structure with CNNs, and the researchers obtained a classification ac-
curacy of 96.98%. Moreover, hierarchical classification has great advantages in the distin-
guishability of vegetation species [12,38-40]. Jiang et al. [39] used the Z score algorithm to
automatically generate hierarchical tree structures. The performance of the RF and hier-
archical RF classification methods were compared for ten land cover classes. The experi-
mental results showed that hierarchical classification combined with RF could offer the
highest classification accuracy. Illarionova et al. [12] classified four tree species utilizing a
multiple-CNNs hierarchy structure in forest stands. Compared to the common CNNSs, the
classification accuracies of the hybrid approach improved by 10.2% to 12% in different
datasets. The effectiveness of hierarchical classification for tree species classification has
been demonstrated. However, the studies mentioned above have only applied hierar-
chical classification to land cover classification and forest stand classification. Hierarchical
classification has not yet been applied to tree species classification at the individual tree
level. Therefore, in this study, the combination of hierarchical classification and CNNs
was explored to improve the classification accuracy of ITS classification in dense forests.

To meet the urgent need to extract ITS information from large-scale dense forests at
a relatively low cost and with high accuracy, the potential of phenological characteristics
of different tree species and the combined classification methods of hierarchical classifi-
cation and CNNs were explored. Five high-resolution Google Earth (GE) images recorded
in different months covering the growing period of each of the considered tree species
were employed to take full advantage of the phenological characteristics of the tree species
for ITS classification. To find the optimal combination of hierarchical classification and
CNN:s, three typical CNNs were considered candidates for the modules of the hierarchical
classification structure. Then, four hybrid classification approaches were constructed, and
their performances were evaluated using multitemproal GE images. The results of this
work provide useful references for ITS classification using multitemporal satellite images.
The proposed ITS classification approach yielded a relatively high accuracy and can be
used in large areas at a relatively low cost.

2. Study Area and Materials
2.1. Study Area

The study area was selected from a typical high-density fixed forest area in the
Xishan Forest Park of Beijing, China (39°58'14" to 39°59'43"N, 116°10'45" to 116°12'18"E,
Figure 1), with a total area of 5.99 km?. The location of Xishan Forest Park features a warm-
temperate semi-humid continental monsoon climate with four distinct seasons.

The Xishan Forest Park of Beijing has abundant forest resources. Due to severe hu-
man destruction in the past, the natural tree forest only has a few species, such as Ulmus
pumila (Ul. p) and Koelreuteria bipinnata (Ko. b). Planted forests occupy a main part of the
western suburb of Beijing, such as Pinus tabuliformis (Pi. t), Platycladus orientalis (PL. o),
Robinia pseudoacacia (Ro. p), Acer truncatum (Ac. t), Ginkgo biloba (Gi. b), and Quercus varia-
bilis (Qu. v). According to the phenological features of trees, two phenological periods
were classified: the growth period and the senescence period. The growth period is the
period from leaf unfolding in the spring to the appearance of leaf discoloration in early
autumn and is characterized by leaf unfolding and growth. The senescence period is the
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period from the first appearance of autumn-colored leaves to the end of defoliation, fea-
turing leaf discoloration and defoliation [41]. As shown in Table 1, seven types of tree
species in the study area have different seasonal variation characteristics.
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Figure 1. Location of the study area.

Table 1. Seasonal variation characteristics of tree species.

Tree Species Flowering Flower Fruiting Pe- Fruit Leaf Color Change Leaf Shape
Shorthand Time Color riod Color  Growth Period  Senescence Period P
Pl o March-April Yel- October ~ Brown Green Green Coniferous
low/Cyan
Pi. t April-May  Yellow  October  Brown Green Green Coniferous
Ro.p June-July Light Yel- August-Oc- Green Green Green to Yellow  Coniferous
low tober
. Light September— Green to Yellow to .
Ac. t April-May Green October Brown Green Red Coniferous
. Green (from light Green to Brown to
Qu. v April-May  Green September Brown to dark) Yellow Broadleaf
Gi.b April-May  Green September- White Green (from light Green to Yellow Broadleaf
October to dark)
September— Green (from light Green to Brown to
Ko.b June-August Yellow October Brown to dark) Red Broadleaf

2.2. Materials
2.2.1. Multitemporal GE Data

Google Earth images are from different multispectral image sources, and the GE im-
ages consist of the three primary colors (red, green, and blue). The GE images used in this
study were carefully selected to ensure that each image corresponds to a single image
source. Moreover, due to the difference in temperature between seasons, broad-leaved
forests exhibit significant defoliation in the autumn and regrowth in the spring [42]. There-
fore, five high-resolution GE images recorded in different months of 2018 (31 March, 26
April, 11 June, 23 August, and 31 October) [40,43] were employed for ITS classification to
explore the seasonal change features of the tree crowns in the growing and senescence
periods of broad-leaved forests [41]. All images were in TIF format and had the Universal
Transverse Mercator (UTM) projection with datum WGS-1984. As shown in Figure 2, the
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spatial resolutions of the GE images were all approximately 0.3 m, including the red,
green, and blue channels.
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Figure 2. GE images on (a) 31 March; (b) 26 April; (c) 11 June; (d) 23 August; (e) 31 October 2018.

2.2.2. Field Dataset

Two field surveys were carried out in the study area in October and December 2020.
Figure 3 shows the sample collection points, and the sample points were all selected near
roads, making the coordinates of each sampling point more precise. A Trimble® Geo7X
global positioning system (GPS) handheld device (Trimble Inc., Sunnyvale, CA, USA) was
utilized to collect the sample points. The species class, DBH, trunk coordinates, and crown
radius of each tree were recorded. A camera was employed to take realistic photographs
of each sample tree and its surrounding trees to facilitate the identification of the sampled
trees on remote sensing imagery. At the end of each day during the field survey, the sam-
pling points were compared with the remote sensing images to confirm the accuracy of
the GPS positioning coordinates of each point. A total of 670 trees were collected for seven
tree species categories: 120 for Platycladus orientalis, 120 for Pinus tabuliformis, 120 for Ro-
binia pseudoacacia, 70 for Acer truncatum, 100 for Quercus variabilis, 70 for Ginkgo biloba, and
70 for Koelreuteria bipinnata.
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Figure 3. Field tree species survey.

3. Experimental Process
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The experimental process consists of four parts: data preprocessing, sample set con-
struction, ITS classification, and the comparison and evaluation of the classification re-

sults, as shown in Figure 4.
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image image image GE image GE image
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LSS . ... S ...
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classification Structure Design

ITS classification based on H-CNNs

Evaluation of classification
accuracy and results comparison

Figure 4. Experimental flow chart.

3.1. GE Preprocessing

DenseNet-40 ‘

— e

Single temporal ITS
classification

In this study, five GE images over the Xishan Forest Park of Beijing were acquired
[15,43]. The downloaded GE images did not require radiometric calibration and atmos-
pheric correction. However, there were geometric rectifications for further high-precision
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tree species classification. Apparent surface objects that did not change on the time-series
image were selected as control points in the GE platform, such as road intersections and
building corners, and the five obtained GE images were corrected by ENVI 5.3 software
so that the roads, buildings, and trees of the five GE images corresponded well to each
other. In addition, approximately 20 control points (evenly distributed) were selected for
each image, with a root mean square error (RMSE) lower than 0.3 pixels. After geometric
rectification, each of the considered sampled points was located in an individual tree
crown on the GE images.

3.2. Construction of Remote Sensing Image Sets

To compare the performances of the single- and multitemporal GE data used for ITS
classification, two groups of image sets were produced to construct the sample sets in this
study. The first group was the single-temporal image set, and five single-temporal image
sets were generated from each of the five GE images. The other group was a multitem-
poral image set, which was formed by stacking the five GE images. After the removal of
non-crown areas, tree crown delineation was performed using multitemporal remote
sensing images [44]. In addition, this study used the final crown delineation map of the
multitemporal GE data for the construction of the subsequent sample sets.

3.2.1. Individual Tree Crown Delineation Using Multitemporal GE Images

The high accuracy of the individual tree crown delineation results facilitates the im-
provement in ITS classification accuracy [1,25]. The GE images have only red, green, and
blue bands and lack near-infrared bands to calculate vegetation indices, such as the nor-
malized difference vegetation index (NDVI). In the study area, the color of several artifi-
cial lakes was close to that of vegetation. Furthermore, there was no corresponding water
index in the visible band, which leads to difficulties in extracting tree crowns with high
precision. Since 1995, Woebbecke et al. have been working on vegetation-soil differentia-
tion based on vegetation indices in the red, green, and blue bands [45]. Subsequently, sev-
eral indices have been constructed for UAV RGB images to study vegetation coverage,
plant heights, and crop growing conditions. These indices include the green-red differ-
ence index NGRDI [46], normalized green-blue difference index NGBDI [47], super
green-ultra red difference index EXGR [48], green—red vegetation index MGRVI [49], red-
green-blue vegetation index RGBVI [50], and other RGB vegetation indices. In this study,
several RGB vegetation indices were applied to multitemporal GE images to extract
crowns.

RGB Vegetation Indices Used for Multitemporal GE Images

This study utilized the six vegetation indices listed in Table 2 below for crown extrac-
tion, where R, G, and B are the results of red, green, and blue channel normalization, re-
spectively. Six groups of vegetation indices were calculated for each of the five GE da-
tasets to obtain 30 different RGB vegetation index images as scalar maps. Thirty scalar
maps were compared to select the scalar maps with large differences between vegetation
and indistinguishable green non-vegetation features. Then, the combinations with se-
lected scalar maps were combined in different ways, and threshold segmentation was ap-
plied. The combination with the optimal threshold segmentation results was selected,
which can distinguish tree crowns from non-crown landforms such as water, roads, and
buildings. RGBVI was used for the August GE image, MGRVI was used for the October
GE image, and the threshold values were set to 0.14 and 0.5, respectively.
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Table 2. RGB vegetation indices.
Abbreviations Vegetation Index Name Formula References
ExG Excess green 2G-R-B [45]
NGRDI Normalized green-red difference index (G - R)/(G +R) [46]
NGBDI = Normalized green-blue difference index (G - B)/(G +B) [47]
2G-R-B-(14R -
EXGR Excess green minus excess red G G) ( [48]

MGRVI Modified green-red vegetation index  (G2-R?)/(G2+ R?) [49]
(G2-B xR)/(G*+B

RGBVI Red-green-blue vegetation index «R)

(50]

Individual Tree Crown Delineation

The method based on multiscale individual crown delineation proposed by Jing et
al. [44] was adapted so that it could be applied to multitemporal data. The differences in
the scale and spectral features of different crown horizontal slices were also employed,
which can effectively reduce oversegmentation and undersegmentation of the crown in
dense forests [44]. The specific steps were as follows: (1) Set the target crown horizontal
slice size and select a scale sequence with the crown of 2-pixel increments. (2) Transfer the
multitemporal GE image to obtain an image that contains a brightness component. (3)
Remove the non-vegetation areas in the multitemporal GE image set according to the op-
timal combination described above. (4) Calculate the similarity of the pixel values of ad-
jacent crowns and merge those with more remarkable similarity into the same crowns
(different branches); divide others into various crowns. (5) Integrate all the crown slices
generated by step 5. (6) Utilize the integrated layers generated by step 5 as markers and
use the watershed approach to segment the image generated by step 2 and yield the indi-
vidual tree crown delineation map. Figure 5a indicates a GE remote sensing image of
crowns with no delineation; Figure 5b displays the result of delineation using one RGB
vegetation index for a single-temporal image (any RGB vegetation index was subject to
oversegmentation or undersegmentation, as shown in Figure 5b); Figure 5c displays the
result of delineation using multiple RGB vegetation indices for a single-temporal image
(any RGB vegetation index combination in a single-temporal image was also subject to
oversegmentation or undersegmentation); Figure 5d suggests the results of delineation
using the optimal vegetation index combination described above for multitemporal im-
ages. In Figure 5b,c, there are signs of obvious oversegmentation or undersegmentation,
while water bodies, roads, and shadows are better eliminated in Figure 5d. As some
crowns were shaded in the other temporal images, they are not delineated in Figure 5d.
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Figure 5. Comparison of crown delineation results. (a) A GE remote sensing image of crowns with
no delineation; (b) the result of one RGB vegetation index for a single-temporal GE image; (c) the
result of multiple RGB vegetation indexes for a single-temporal GE image; (d) the results of the
optimal vegetation index combination based on a multitemporal GE image.

3.2.2. Sample Dataset Construction

The sample datasets were generated with respect to the sample points collected by
the field survey. The detailed steps were as follows: (1) The tree polygons in the crown
delineation map were labelled according to the tree species and positions of the sampling
points. (2) The GE images were clipped according to the smallest outer rectangle of each
labelled tree polygon. (3) The clipped subimages were grouped with respect to the labels
and then resized to the same image size. Based on the average size of the minimum outer
rectangles of the delineated tree crowns, 32 x 32 was chosen as the uniform size for the
sample set production [51]. Furthermore, there is a time lag between the collection of sam-
ple points and the acquisition of GE images. Therefore, the sample points corresponding
to trees that appear highly variable or hidden in shadows were not used to produce a
sample image.

A large number of samples is more effective for the training and classification of deep
learning methods, so data augmentation was employed to enlarge the sample sets. There
are two common methods of data augmentation: geometric transformations and color
space transformations. Geometric transformations mainly include flipping, dropout, ro-
tation, cropping, and adding noise. Color space transformations mainly involve satura-
tion, random brightness, and random contrast [52,53]. Moreover, each of five multitem-
poral remote sensing images was taken at different angles, which caused the trees to tilt
and distort in different directions. Therefore, this study utilized the flipping and rotation
geometric transformations to augment the number of sample sets. As shown in Figure 6,
the original sample set was processed by 90° rotations, 180° rotations, 270° rotations, hor-
izontal flipping, and vertical flipping to augment the sample set to six times the original
sample set.

After data augmentation, a total of 3162 sample sets were generated. In addition, the
training sets, validation sets, and testing sets were randomly divided in a 3:1:1 ratio before
data augmentation, which illustrated the generalization of deep learning classification,
with the specific sample numbers shown in Table 3.
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Figure 6. Schematic diagram of data augmentation. (a) Original individual crown sample; (b) 90°
rotation; (c) 180° rotation; (d) 270° rotation; (e) horizontal flipping; (f) vertical flipping.

Table 3. Numbers of sample sets.

Tree Species Training Samples Validation Samples Test Samples Total Samples

Pl.o 366 120 120 606
Pi. t 342 114 114 570
Ro.p 372 120 120 612
Ac. t 246 78 78 402
Qu.v 336 108 108 522
Gi.b 198 60 60 318
Ko.b 246 78 78 420

3.3. H-CNN Classification
3.3.1. CNN Algorithms

Yan et al. employed ResNet-18 and GoogLeNet for ITS classification, while Li et al.
utilized ResNet-18 and DenseNet-40, yielding approximately 7590% classification accu-
racy for each method [51,54]. Therefore, three CNNs, ResNet-18, GoogLeNet, and Dense-
Net-40, were selected in this study to combine with the hierarchical classification structure
for ITS classification. ResNet, proposed by He et al. [55], won the ILSVRC 2015 competi-
tion. The structure of ResNet can accelerate the training of neural networks so that they
are extremely fast, and the accuracy of the model has also been improved significantly.
Moreover, ResNet-18 has 18 weighting layers, starting with a convolutional layer, then 8
Resblocks (each containing two convolutional layers), and ending with a fully connected
layer. The relatively shallow model structure of ResNet-18 is suitable for sample images
of a small size (32 x 32) (Figure 7).

Resblockl Resblockl

Sample Sets

Resblock? Resblockl

UOTI[0ALIOD)
Surpood xepy

Reshlockl Resblock2

Resblockl Reshlock?

sapadg aaz],
papsuuod ATy
Burnood a8eraay

Figure 7. ResNet-18 model structure.

GoogLeNet was proposed in 2014 by Szegedy et al. [56]. The Google team clustered
sparse matrices into denser submatrices and approximated the optimal sparse structure
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by constructing dense block structures. Thus, improved performance can be achieved
without a large increase in computational effort. The original GoogLeNet model was used
to classify the ImageNet image set at 224 x 224 x 3. Thus, it was necessary to modify the
network to adapt to the small-scale samples in this study. GoogLeNet consists of one con-
volutional layer, nine inception modules, two max-pooling layers, one average pooling
layer, and one fully connected layer. To make sample sets of the 32 x 32 size function in
GoogLeNet, a flattening layer should be added before the fully connected layer, trans-
forming a multidimensional matrix into one dimension. As shown in Figure 8, this modi-
fication allows samples of any size with a uniform scale to participate in GoogLeNet.

Sample Sets
B B B = ol
0 2 z 2 z 2 3 ! E =
AREIRPIREIRPIREIRE AR IR
SIS g 8 g S o 8 g —»
AN SN NS R
2 g @ g @ o E el 7 8
fa 6] fa @ o

Figure 8. Modified GoogLeNet model structure.

DenseNet was proposed by Huang et al. [57] in 2017 and won the best paper award
at CVPR 2017. DenseNet uses dense blocks with a fully connected layer that alleviates the
vanishing gradient problem, enhances feature propagation, and significantly reduces the
number of parameters. This structure makes training much more accessible and mini-
mizes overfitting problems for tasks with small training sets (Figure 9).
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Figure 9. DenseNet-40 model structure.

3.3.2. Hierarchical Classification Structure Design

The core of H-CNNs is the construction of tree classifiers. The classification tree struc-
ture consists of coarse-grained modules and multiple parallel fine-grained modules. The
coarse-grained modules distinguish visually disparate categories, while the fine-grained
modules identify the visually less disparate categories. This structure effectively speeds
up prediction, reduces computational complexity, and improves the accuracy of predic-
tions within the same level by focusing different levels of classifiers on fewer categories
[31,38]. Different from the 3-layer module used by other works [31], this study did not
employ a shared layer to merge the first few layers of multiple CNNs. The first few layers
of CNNs usually learn information such as the color and edges of sample images [58],
while this study requires the classification of tree species based on their color-changing
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patterns. Therefore, the information acquired by training the first few layers of the CNN
is critical and cannot be merged into a CNN shared layer to reduce training time. Alt-
hough this design increased the number of parameters and the amount of calculation ef-
fort, it was essential for the accuracy of the ITS classification.

This study utilized a predefined conceptual tree structure to construct a classifier.
Specifically, the considered tree species were divided according to two depths of hierar-
chy based on different tree species. The flow of the sample set functioning in the H-CNN
is shown in Figure 10. The blue line in Figure 10 represents the flow of the input sample
set between the modules. The training and validation sample sets were first input into the
editing layer, where they were uniformly cropped and further divided into other modules
based on category labels. The editing layer connected both coarse-grained and fine-
grained modules. Both the coarse- and fine-grained modules consisted of a complete
CNN. The yellow line represents the prediction path, where the test sample set passed
through the editing layer and entered the coarse- and fine-grained modules sequentially.
In the coarse-grained module, the trained coarse-grained classifier performed coarse cat-
egory predictions on the test sample set. According to the different coarse prediction cat-
egories, the test samples were transferred to the corresponding fine-grained module for
further fine-grained category prediction. Finally, the classification accuracies of the H-
CNN methods were evaluated by comparing the predicted categories with the true labels.

Coarse grained

module
Fine grained module1
Test sample set
final
Edit layer prediction

Training,
Validation Fine grained module2
sample set

Figure 10. Flow chart of an H-CNN.

3.3.3. Experimental Environment

The H-CNN classification environment was implemented on a desktop with a Win-
dows 10 OS, an Intel (R) Core (TM) i7-9700K CPU, and an NVIDIA GeForce RTX 2080 Ti
GPU. This study employed CUDA11.0 and CUDNNS.0.5 to support the deep learning
GPUs [59]. The deep learning framework was built using front-end Keras 2.2.4 and
backend TensorFlow 2.4.0, and the programming language was Python 3.7.1.

3.3.4. Training and Prediction

As shown in Table 4, the seven major tree species in the study area were classified
into two categories based on their seasonal variation characteristics and tree species at-
tributes. A predetermined conceptual tree structure was constructed based on class I and
class II tree species in Table 4. The class I category corresponds to the coarse-grained mod-
ule, while the class II categories correspond to two different fine-grained modules. To
evaluate the effectiveness of the hierarchical classification method combined with the
CNNs, three typical CNNs (ResNet-18, GoogLeNet, and DenseNet-40) were trained and
utilized to predict ITS separately. According to the misclassification of trees in different
CNNs, CNNs with classification advantages for coarse- and fine-grained modules were
selected. Then, the advantaged CNNs were set to the corresponding coarse- and fine =-
grained modules to form H-CNNs. When the samples were entered into different coarse-
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and fine- grained modules, the irrelevant category data values were set to 0, which short-
ened the unnecessary training time and refined the training objectives for each module.
Finally, the prediction results of the two types of networks (CNNs and H-CNN) were
compared and evaluated. During the training of a CNN, if the accuracy does not improve
beyond five iterations, the learning rate was reduced by 0.005. The accuracy improved by
0.001 after five iterations, which was considered an improvement. For the early stop pa-
rameter’s setting, the training was ended if the test error increased or the accuracy im-
provement was less than 0.001 for more than 10 iterations. Based on hierarchical classifi-
cation, there was a small number and variety of training samples for each module. There-
fore, data augmentation was employed in the setting of the training parameters for each
module of the H-CNN. Data augmentation included random rotation, random miscut
transformation, random zoom in and out, random flipping, and random left-right and
top—down shifting. When shifting beyond the original image, ‘reflections’” were used to
pad the area. Furthermore, the training parameters of the fine-grained module were fine-
tuned according to the performances and the sample image sizes of different CNNs. The
learning rate, the number of learning iterations, and the early stop parameters were ad-
justed to more adequately train the samples. The sample image size, minimum learning
rate, and the number of iterations were set to 32 x 32, 0.5 x 106, and 500, respectively.

Table 4. Classification of tree species categories.

Class I Category  Conifers (Evergreens) Broadleaf (Deciduous) Trees
Class II category Pl. o Pi. t Ro.p Act Quv Gi.b Ko.b
4. Results

4.1. Classification Accuracy

In this study, three typical CNN models were used to classify each of the six sample
sets (five monotemporal GE sample sets and one multitemporal GE sample set), and the
confusion matrix was used to assess the accuracy. Furthermore, according to the classifi-
cation performance of different CNN models, four hierarchical classification CNN models
were constructed for multitemporal sample classification. Finally, the accuracy of the H-
CNN classification results was evaluated and compared. The evaluation metrics included
the overall accuracy (OA, Equation (1)), producer accuracy (PA, Equation (2)), user accu-
racy (UA, Equation (3)), and kappa coefficient (Equation (4)) [10,60]. Tables 5-10 show the
classification accuracies of the three typical CNN models for the GE single- and multitem-
poral testing sets, respectively. According to Tables 5-10, Table 5 shows the classification
results for the GE image of March. As the leaves had not grown in March, no broad-leaved
trees were delineated using the single-temporal image of March 2018. Therefore, only the
confusion of conifers and broad-leaved trees in March and the confusion of lateral Platycla-
dus orientalis and Pinus tabuliformis in conifers were discussed. As shown in Tables 6-9,
the highest OA of 77.29% was achieved on the November temporal sample set. On the
multitemporal sample set, the ResNet-8 model achieved the lowest OA of 84.37%, and the
DenseNet-40 model achieved the highest OA of 89.38%. The accuracy on the multitem-
poral sample set was significantly higher than the classification accuracy on the single-
temporal sample set.

TP + TN

OA = TP TN+ FP £ FN

x 100% 1)

TP

PA=——
TP + FN

(2)
TP

VA= 55 Fp
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b, — P

1-P,

Kappa = X 100% 4)
where TP is true positive, representing the number of correct predictions for positive sam-
ples; TN is true negative, showing the number of correct predictions for negative samples;
FP is false positive, indicating the number of incorrect predictions for positive samples;
EN is false negative, denoting the number of incorrect predictions for negative samples;
Po is the number of correctly predicted samples divided by the total number of samples;
and Peis equal to (a1 x b1+ azx b2+ ... + am x bm)/n x n, where a1 to am represent the number
of true samples for each tree species, and b1 to bm indicate the number of samples predicted
for each tree species.

In building the hierarchical classification model, the CNNs with the best classifica-
tion effects at different tree levels need to be selected according to the misclassification of
the tree species. In this study, H-CNNs are constructed separately according to the classi-
fication of different kinds of sample sets. According to Tables 5-10, the number of mis-
classified samples for different sample sets is shown in Figure 11 (misclassification of the
five broadleaf trees in March was not discussed). For the classification of coniferous and
broadleaf species using the five single-temporal sample sets, DenseNet-40 had the lowest
number of misclassified samples for the March, June, August, and October sample sets.
For the classification of Platycladus orientalis and Pinus tabuliformis, DenseNet-40 had the
lowest number of misclassified samples for the June, August, and October sample sets.
For the classification of five broadleaf species, DenseNet-40 had the lowest number of
misclassified samples for the July and August sample sets, whereas GooglLeNet provided
the lowest for the March and October sample sets. Therefore, two different H-CNNSs,
namely, H-CNN1 and H-CNN2, were set up according to the classification of the five sin-
gle-temporal sample sets. H-CNN1 used DenseNet-40 for the coarse-grained module, the
fine-grained module 1, and fine-grained module 2. H-CNN2 employed DenseNet-40 for
the coarse-grained module and fine-grained modules 1 and 2. Similarly, with respect to
the classification results of the multitemporal sample set shown in Figure 12, another two
H-CNNs, namely, H-CNN3 and H-CNN4, were constructed. H-CNN3 used DenseNet-
40, ResNet-18, and DenseNet-40 for the coarse-grained module, the fine-grained module
1, and fine-grained module 2, respectively. H-CNN4 employed GoogLeNet, ResNet-18,
and DenseNet-40 for the coarse-grained module, fine-grained module 1, and fine-grained
module 2, respectively.

The classification results of the four H-CNNs are shown in Table 10. Figure 11 shows
a graph of the misclassified sample numbers for different H-CNN models (Figure 12).
Comparing Tables 5-11 and Figures 11 and 12, an OA accuracy of 92.48% was achieved
for H-CNN4, which was 15.19% higher than the maximum OA of 77.29% for the single-
temporal sample sets, and 3.1% higher than the 89.38% for the multitemporal sample set.
Moreover, for the confusion matrices in Tables 5-11, the bolded words represent the num-
ber of correctly classified samples, and the underlined words represent the number of
incorrectly classified samples.

Table 5. ITS classification results for the March sample set.

Confusion Matrices Evaluation Indicators

CNN T -

receieSspe PLo Pi.t Ro.p Act Quv Gib Ko.b PA UA OA%/Kappa%

PLo 118 2 0 0 0 0 0 098 0.86

Pi.t 19 80 0 7 0 1 7 070 098

Ro. p 0 0 59 6 0 1 18 070 054 73.98/
ResNet-1 2 = =2
esNet-18 Ac. t 0 0 18 27 3 5 1 050 047 69.38

Qu.v 0 0 6 1 97 3 1 090 0.86

Gi.b 0 0 16 12 62 1 061 085
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Ko.b 0 0 10 5 12 1 32 053 0.46
Pl.o 107 13 0 0 0 0 0 0.89 0.85
Pi. t 19 79 4 5 0 1 6 0.69 0.86
Ro.p 0 0 65 1 2 13 3 0.77 059 72,74/
GoogLeNet Ac. t 0 0 6 19 9 15 5 0.35 0.61 6771
Qu. v 0 0 3 0 103 1 1 095 0.76
Gi.b 0 0 19 2 7 68 6 0.67 0.69
Ko.b 0 0 14 4 15 1 26 043 0.55
Pl.o 109 11 0 0 0 0 0 091 0.86
Pi. t 18 90 0 2 0 0 4 0.79 0.86
Ro.p 0 0 72 0 0 1 11 0.86 0.73 77,73/
DenseNet-40 Ac. t 0 0 6 13 11 24 0 024 0.57 73.56
Qu. v 0 0 0 0 108 0 0 1.00 0.82
Gi.b 0 0 11 8 0 78 5 076 0.72
Ko.b 0 4 9 0 12 6 29 048 0.59
The bolded words represent the number of correctly classified samples, and the underlined words
represent the number of incorrectly classified samples.
Table 6. ITS classification results for the April sample set.
Confusion Matrices Evaluation Indicators
CNN TreC(;eSSp ® PLo Pit Ro. p Act Quv Gi.b Ko.b PA UA OA%/Kappa
Pl.o 93 25 1 0 0 0 1 078 0.64
Pi. t 25 82 1 0 0 6 0 072 0.62
Ro.p 1 19 79 14 0 2 5 066 0.72 64.60/
ResNet-18 Ac. t 0 4 15 48 3 5 3 062 051 5821
Qu.v 3 0 0 7 85 3 10 079 090
Gi.b 4 2 2 14 0 26 12 043 055
Ko.b 19 0 12 11 6 5 25 032 045
Pl o 94 20 0 6 0 0 0 078 0.79
Pi. t 7 96 0 0 0 11 0 0.84 0.66
Ro.p 0 26 82 6 0 6 0 068 0.76 7021/
GoogLeNet Ac. t 0 0 11 52 0 9 6 0.67 0.62 64.91
Qu.v 0 0 0 8 90 6 4 083 094
Gi.b 2 4 6 5 0 28 15 047 042
Ko.b 16 0 9 7 6 6 34 044 058
Pl o 90 24 0 6 0 0 0 075 0.73
Pi. t 16 91 7 0 0 0 0 0.80 0.62
Ro.p 0 25 85 4 0 6 0 071 0.70 67.70/
DenseNet-40 Ac. t 0 0 12 44 5 3 14 0.56 0.56 61.88
Qu.v 6 0 0 6 84 0 12 078 094
Gi.b 6 6 0 10 0 32 6 053 0.59
Ko.b 5 1 17 9 0 13 33 042 0.51

The bolded words represent the number of correctly classified samples, and the underlined words

represent the number of incorrectly classified samples.



Remote Sens. 2022, 14, 5124 16 of 27

Table 7. ITS classification results for the June sample set.

Confusion Matrices Evaluation Indicators

CNN Tree Spe-

cies PlLo Piit Ro.p Act Quv Gib Ko.b PA UA OA%/Kappa%

Pl. o 90 21 1 0 1 5 2 0.75 0.69
Pi. t 29 76 0 0 9 0 0 0.67 0.63

Ro. p 1 11 55 7 17 7 22 046 0.57 55.31/

ResNet-18 Ac. t 0 0 7 46 3 2 20 059 048 47 40
Qu.v 10 5 11 12 62 4 4 057 0.59
Gi. b 0 6 9 6 2 24 13 040 0.52
Ko.b 0 2 14 25 11 4 22 028 0.27
Pl. o 94 12 1 10 1 1 1 078 0.72
Pi. t 29 70 9 0 6 0 0 064 0.72

Ro. p 0 6 54 2 17 4 37 045 048 58.70/

GoogLeNet Ac. t 0 0 19 51 0 4 4 0.65 047 51.40
Qu.v 6 6 1 16 74 4 1 0.69 0.67
Gi. b 2 2 6 6 1 36 7 0.60 0.73
Ko.b 0 1 23 23 12 0 19 024 0.28
Plo 97 16 0 7 0 0 0 0.81 0.75
Pi. t 24 76 2 0 5 7 0 0.67 0.66

Ro. p 2 13 68 5 11 7 14 057 057 62.98/

DenseNet-40 Ac. t 0 0 12 53 6 0 7 0.68 0.51 56.35
Qu.v 6 6 18 2 72 1 3 0.67 0.67
Gi.b 0 4 7 12 2 31 4 052 0.67
Ko.b 0 0 24 12 12 0 30 038 0.52

The bolded words represent the number of correctly classified samples, and the underlined words
represent the number of incorrectly classified samples.

Table 8. ITS classification results for the August sample set.

Confusion Matrices Evaluation Indicators

CNN Tree Spe-

cies l.o Pi.t Ro.p Act Qu.v Gi.b Ko.b PA UA OA%/Kappa%

Plo 84 5 5 1 11 7 7 0.70 0.61
Pi. t 32 46 13 2 8 4 9 0.40 0.54

Ro.p 1 18 66 0 6 4 25 055 0.58 5428/

ResNet-18 Ac. t 0 8 6 22 23 6 13 028 047 146.19
Qu.v 10 3 0 16 73 0 6 0.68 0.54
Gi.b 0 0 6 0 0 54 0 090 0.69
Ko.b 11 5 17 6 13 3 23 029 0.28
Pl.o 77 2 10 9 12 8 2 0.64 0.68
Pi. t 23 35 14 0 14 8 20 031 0.58

Ro.p 1 11 78 2 6 2 20 0.65 0.61 55.31/

GoogLeNet Ac. t 0 6 10 28 24 1 9 036 048 47 55
Qu.v 7 2 0 8 76 6 9 0.70 0.53
Gi.b 0 0 0 5 0 52 3 0.87 0.63
Ko.b 6 4 15 6 12 6 29 0.37 0.32
Pl. o 85 7 4 6 10 7 1 071 0.72

DenseNet-40 Pi. t 17 53 10 13 6 4 11 046 0.58 5591(;%/
Ro.p 0 20 61 13 0 3 23 051 0.60
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Ac. t 0 11 9 35 22 0 1 0.45 0.40
Qu.v 10 0 0 2 77 0 6 0.71 0.59
Gi.b 0 0 0 0 0 56 4 093 0.78
Ko.b 6 0 17 5 15 2 33 042 0.42
The bolded words represent the number of correctly classified samples, and the underlined words
represent the number of incorrectly classified samples.
Table 9. ITS classification results for the October sample set.
Confusion Matrices Evaluation Indicators
CNN Trece;esspe- Pl Piit Ro.p Act Quv Gib Ko.b PA UA OA%/Kappa%
Pl.o 99 12 6 0 0 0 3 0.82 0.68
Pi. t 25 81 8 0 0 0 0 0.71 0.76
Ro.p 11 4 90 0 0 0 15 0.75 0.75 73.45/
ResNet-18 Ac. t 0 8 6 62 16 0 0 0.79 091 68.67
Qu. v 6 1 1 3 83 0 14 0.77 0.75
Gi.b 0 0 0 0 0 54 6 090 0.90
Ko.b 4 9 15 3 12 6 29 037 043
PlL.o 92 25 3 0 0 0 0 0.77 0.63
Pi. t 23 86 1 0 0 0 0 0.75 0.61
Ro.p 17 22 73 0 0 0 8 0.61 0.75 70.80/
GoogLeNet Ac. t 0 0 0 66 12 0 0 0.85 0.85 65.50
Qu. v 6 0 2 2 92 0 6 0.85 0.79
Gi.b 0 0 0 0 0 51 9 0.85 0.89
Ko.b 4 8 18 10 12 6 20 0.26 047
Pl o 120 0 0 0 0 0 0 1.00 0.73
Pi. t 23 85 6 0 0 0 0 0.75 0.93
Ro.p 10 6 87 0 0 0 17 072 0.84 77.29/
DenseNet-40 Ac. t 0 0 9 62 16 0 0 0.79 0.84 7321
Qu. v 6 0 0 2 85 0 8 079 0.73
Gi.b 0 0 0 0 0 48 12 0.80 091
Ko.b 6 0 11 3 16 5 37 0.47 0.50
The bolded words represent the number of correctly classified samples, and the underlined words
represent the number of incorrectly classified samples.
Table 10. ITS classification results for the multitemporal sample set.
Confusion Matrices Evaluation Indicators
CNN Tre:iesspe' PLo Pit Ro.p Act Quv Gib Ko.b PA UA OA%/Kappa%
Pl.o 110 6 0 0 4 0 0 093 0.88
Pi. t 13 89 8 0 0 0 4 0.78 0.89
Ro.p 0 7 90 0 5 0 18 072 091 8437/
ResNet-18 Ac. t 0 0 1 67 3 0 7 091 0.84 31.65
Qu.v 0 0 0 2 103 0 3 094 0.88
Gi.b 0 0 0 0 0 54 6 095 0.85
Ko.b 0 2 4 2 0 7 63 0.72 0.63
Pl.o 109 ] 0 0 6 0 0 091 0.88
GooglLeNet Pi. t 15 88 1 0 0 0 0 0.77 0.89 88.35/
Ro.p 0 6 84 4 2 0 24 0.70 0.88 86.32
Ac. t 0 0 0 78 0 0 0 1.00 0.95
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Qu.v 0 0 0 0 108 0 0 1.00 0.93
Gi.b 0 0 0 0 0 60 0 1.00 091
Ko.b 0 0 0 0 0 6 72 092 0.75
Pl.o 108 6 0 0 6 0 0 090 0.86
Pi. t 18 84 12 0 0 0 0 0.74 0.88
Ro.p 0 5 96 6 0 0 13 0.80 0.89 89.38/
DenseNet-40 Ac. t 0 0 0 78 0 0 0 1.00 0.93 87. 53
Qu.v 0 0 0 0 108 0 0 1.00 0.95 '
Gi.b 0 0 0 0 0 60 0 1.00 091
Ko.b 0 0 0 0 0 6 72 092 0.85
The bolded words represent the number of correctly classified samples, and the underlined words
represent the number of incorrectly classified samples.
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Figure 11. CNN classification number of misclassified samples (a) Number of misclassifications be-
tween coniferous and broadleaf trees; (b) Number of misclassifications between Pl. o and Pi. ¢; (c)
Number of misclassifications between five broadleaf species.
Table 11. ITS classification results for the H-CNNs multitemporal sample set.
Model Evaluation Indica- : Tree Species :
tors Pl.o Pi. t Ro.p Ac. t Qu. v Gi. b Ko. b
Pl o 98 5 1 0 6 0 0
Pi. t 13 94 7 0 0 0 0
. Ro.p 0 0 108 12 0 0 0
f iz
Confusion v 0 0 78 0 0 0
GoogLeNet Matrix
ResNet-18  H-CNN1 Qu.v. 0 0 0 6 102 0 0
DenseNet-40 Gi.b 0 0 0 0 0 58 2
Ko.b 0 0 0 0 0 0 78
PA 0.82 0.82 0.90 1.00 0.94 0.97 1.00
UA 0.88 0.95 0.86 0.81 0.94 1.00 0.97
OA%/Kappa% 90.86/89.25
DenseNet-40 Confusion Pl o 100 11 0 0 6 0 3
H-CNN2 - - =
ResNet-18 C Matrix Pi. t 10 103 1 0 0 0 0
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DenseNet-40 Ro.p 0 6 102 12 0 0 0
Ac. t 0 0 0 78 0 0 0
Qu.v 0 0 0 6 102 0 0
Gi. b 0 0 0 0 0 58 2
Ko.b 0 0 0 0 0 0 78
PA 0.83 0.90 0.85 1.00 0.94 0.97 1.00
UA 0.91 0.86 0.99 0.81 0.94 1.00 0.94
OA%/Kappa% 91.59/90.12
Plo 113 1 0 0 6 0 0
Pi. t 13 101 0 0 0 0 0
. Ro.p 5 12 84 0 6 0 13
DenseNet-40 C?\Z‘;‘:;t’n Ac.t 0 0 0 78 0 0 0
DenseNet-40 H-CNN3 Quv 0 0 0 0 108 0 0
Gi.b 0 0 0 0 0 60 0
DenseNet-40
Ko.b 0 0 2 0 0 0 76
PA 0.94 0.89 0.70 1.00 1.00 1.00 0.97
UA 0.86 0.89 0.98 1.00 0.90 1.00 0.85
OA%/Kappa% 91.45/89.94
Pl. o 105 6 0 0 6 0 3
Pi. t 10 104 0 0 0 0 0
. Ro.p 0 4 97 0 0 0 19
DenseNet-40 C?\I;[lzfitclrsifn Ac.t 0 0 0 78 0 0 0
DenseNet-40 H-CNN4 Quv 0 0 0 1 106 0 1
Gi. b 0 0 0 0 0 60 0
GoogLeNet
Ko.b 0 0 1 0 0 0 77
PA 0.88 0.91 0.81 1.00 0.98 1.00 0.99
UA 0.91 0.91 0.99 0.99 0.95 1.00 0.77
OA%/Kappa% 92.48/91.67

The bolded words represent the number of correctly classified samples, and the underlined words
represent the number of incorrectly classified samples.
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Figure 12. Hierarchical classification number of misclassified samples.

4.2. H-CNN wvs. CNN Classification Results
The classification results of the four H-CNNss introduced in 4.1 are shown in Table 11

and Figure 12. As shown in Table 10, the results of classifying the multitemporal GE sam-
ple set using CNN indicated that the OA results of ResNet-18, GoogLeNet, and DenseNet-
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40 were 84.37%, 88.35%, and 89.38%, respectively. The four H-CNNs achieved a maximum
OA of 92.48% for classifying the multitemporal GE sample set, which was 3.1%-8.11%
higher than that of the CNN model. The overall classification accuracy of the H-CNN was
significantly improved. The sample confusion of the H-CNN models is shown in Figure
12. Among the classification results of the four H-CNN models, the H-CNN4 model had
the lowest number of confusion samples for the coarse-grained module (13 confusion
samples). For fine-grained module 1, the H-CNN4 model had the lowest number of con-
fusion samples with 16. For fine-grained module 2, the H-CNN2 model had the lowest
numbers of confusion samples (20). The minimum number of confused samples obtained
by the coarse- and fine-grained modules corresponding to the CNN for the multitemporal
sample set shown in Figure 11 was 23, 19, and 25, respectively. Each module of the CNN
had a 5-10 greater number of misclassified samples than the H-CNN, indicating that the
H-CNN effectively reduced confusion between tree species.

Furthermore, there are differences between the classification results of different H-
CNNSs. Compared with H-CNN1 and H-CNN2, the OA value of H-CNN4 yielded in-
creases of 1.62% and 0.89%, respectively. Compared to the other two CNN models, Res-
Net-18 was employed in H-CNN1 and H-CNN2 to classify Platycladus orientalis and Pinus
tabuliformis, which were not adequately trained for the small number of samples. Alt-
hough the learning rate and early stop parameters were adjusted in this study during hi-
erarchical training, they could not fully compensate for the small number of samples.
Therefore, the H-CNNs with ResNet-18 yielded only general classification accuracy for
Platycladus orientalis and Pinus tabuliformis. GoogLeNet and DenseNet-40 were slightly
better adapted to small sample image sizes, and the H-CNNs with these two models were
better at distinguishing Platycladus orientalis and Pinus tabuliformis.

4.3. Comparison of the Classification Results of Different Tree Species

In addition to the resolution of remote sensing data, factors affecting the accuracy of
tree species classification include the accuracy of crown extraction and delineation, the
number of samples, and the phenological features of the considered tree species, such as
the flowering and fruiting periods, flower color, and leaf color. From the single-temporal
sample classification results in Tables 5-9, it can be concluded that there was a large num-
ber of misclassified samples between Platycladus orientalis and Pinus tabuliformis, Pinus
tabuliformis and Robinia pseudoacacia, Robinia pseudoacacia and Koelreuteria bipinnata, and
Robinia pseudoacacia and Acer truncatum, and each pair had more than 10 misclassified
samples. The multitemporal sample classification results in Tables 10 and 11 show that
Platycladus orientalis, Quercus variabilis, and Ginkgo biloba have better classification accu-
racy values, where PA > 90% and UA > 80%. Robinia pseudoacacia, Pinus tabuliformis, and
Koelreuteria bipinnata have PA values mostly in the range of 70-80%, and misclassification
still exists. The reasons for the misclassification can be derived from Table 1. Platycladus
orientalis and Pinus tabuliformis are evergreen trees with similar phenological features and
leaf shapes. The blooms of Robinia pseudoacacia and Koelreuteria bipinnata are very close,
and both have yellowish flowers. Robinia pseudoacacia, Koelreuteria bipinnata, and Acer trun-
catum have similar leaf colors, varying with season. Robinia pseudoacacia and Pinus tabu-
liformis show little difference in leaf color during the growing period.

4.4. Comparison of the Classification Results of the Different Sample Sets

In this study, muititemporal GE data consisting of five selected images recorded on
31 March, 26 April, 11 June, 23 August, and 31 October were employed to create a mul-
titemporal sample set. Single-temporal sample sets were also constructed for each of the
five GE images. The classification results of the multitemporal sample set were compared
with those of the five single-temporal sample sets. As shown in Tables 5, the March sam-
ple set had the lowest number of misclassifications for conifers and broad-leaved trees
and the fewest misclassifications for Platycladus orientalis and Pinus tabuliformis compared
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to the other single-temporal sample sets. In the April sample set, the classification accu-
racy of Platycladus orientalis, Pinus tabuliformis, and Quercus variabilis had the highest accu-
racy, where the PA values were above 70%. Ginkgo biloba and Koelreuteria bipinnata had the
lowest accuracy values, and the PA values were below 50%. For the June sample set, only
Platycladus orientalis had a PA value that was above 70%, while Koelreuteria bipinnata had
a PA value that was below 30%. For the August sample set, Ginkgo biloba had the highest
PA value, which was above 85%, while the rest of the species had PA values between 30%
and 70%. For the October sample set, Platycladus orientalis, Acer truncatum, Quercus varia-
bilis, and Ginkgo biloba all had PA values that were above 75%, while Koelreuteria bipinnata
still had the lowest PA value, which was below 50%. Comparing the results of the four
single-temporal sample sets classifications except for March, the October sample set had
the highest OA value of up to 77.29%, while the June sample set had the lowest OA value
of approximately 60%. The classification accuracies of the October and April sample sets
were 1.62% to 14.31% higher than those of the other single-temporal sample sets, respec-
tively, but all of the single-temporal sample set accuracies did not exceed 80%. Table 10
and Figure 11 show the classification results for the multitemporal sample set. The OA
values were above 84% and up to 89.38%, which are much higher than the maximum OA
values ranging from 7.08% to 12.09% of the single-temporal sample sets. In the multitem-
poral classification results, all species had PA values above 70%. Koelreuteria bipinnata,
which did not exceed 50% in the single-temporal classification, reached a maximum PA
value of 92% and a minimum value of 72% in the multitemporal classification task. These
findings sufficiently demonstrate that multitemporal data cannot only improve the clas-
sification accuracy of indistinguishable tree species but also further reduce the confusion
between distinguishable species.

4.5. Classification Map

Based on the classification results in Tables 10 and 11, the H-CNN4 model corre-
sponding to the multitemporal GE samples with the highest overall classification accuracy
was selected for the classification of ITS in the whole study area, and the results are shown
in Figure 13. The distribution of Platycladus orientalis and Pinus tabuliformis dominates in
the western hills of Beijing, followed by Quercus variabilis, Robinia pseudoacacia, and Acer
truncatum, which is in line with the typical mixed forests of northern China.
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Figure 13. Map of the tree species distribution in the western hills of Beijing.

5. Discussion

5.1. Effect of Combining Multitemporal Data with RGB Vegetation Indices on Crown Delinea-
tion

Based on the advantages of RGB vegetation indices applied to UAV RGB imagery to
study vegetation and crop growth [47,48,50], this study employed RGB vegetation indices
for multitemporal GE remote sensing images to delineate tree crowns. Six vegetation in-
dices (NGRDIL NGBDI, EXG, EXGR, MGRVI, and RGBVI) were used in this study, com-
bined with the color and brightness differences of various features in the multitemporal
image. This approach removed the indistinguishable areas of artificial water, shadows,
and artificial buildings from the RGB images, which greatly compensated for the lack of
near-infrared bands in GE data. Moreover, the shadows in all the single-temporal GE im-
ages were excluded from the delineated tree crowns, which provided a solid basis for
highly accurate ITS classification. However, several experiments are needed to find the
optimal combination of different indices. Furthermore, the images from the multitem-
poral images of different study areas have different ground objects. Therefore, the optimal
combination of RGB vegetation indices should be determined according to the back-
grounds of different study areas.

5.2. Influence of the Selection of Multitemporal Data on the Classification of ITS

In this study, five GE images of five different months were selected with respect to
the climate of the study area, the tree species, and the trees’ phenological characteristics.
It was found that the broad-leaved trees in the study area have not leafed out by March,
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so they can be well distinguished from the evergreen conifers using the GE image of
March. In April, broad-leaved trees leaf out and grow, and they can be easily distin-
guished from green evergreen conifers according to the differences in greenness between
the new and old leaves. At the end of October, the broad-leaved trees are in a period of
pigmentation change and defoliation. The Ginkgo biloba leaves turn golden yellow, while
the Acer truncatum leaves turn red. These features can be used to better distinguish them
from each other using the GE image of October. Moreover, the crowns in June and August
are in the flourishing period. In both periods, the crowns and leaves of each tree species
have the largest areas, so the GE images covering these two periods were selected to ob-
tain more crown texture information. Therefore, the selection of two temporal images for
June and August in this study helped to distinguish between Platycladus orientalis and
Pinus tabuliformis, while the amount of data for CNN training was increased. This study
used a combination of the above five single-temporal GE images to facilitate the differen-
tiation of the seven major tree species in the study area for multitemporal ITS classifica-
tion. Compared to the highest OA value of 78.11% achieved by Guo et al. [14], who also
used multitemproal high-resolution satellite images of three phases and DenseNet-40, the
OA value of DenseNet-40 was 89.38% in this study. The multitemporal GE images con-
sisting of five temporal phases contributed to the significant increase in ITS classification
accuracy. The above comparative results illustrate that selecting temporal data according
to the categories of the target tree species and their phenological features can increase the
differences between tree species and effectively improve the classification accuracy of ITS
species.

5.3. Design of the Hierarchical Classification Structure

Hierarchical classification has been gradually applied to tree species classification
tasks. For example, Illarionova et al. represented the multiclass forest classification prob-
lem as a set of hierarchical binary classification tasks. For each classification task, the re-
searchers selected the most suitable neural network structure to obtain a classification ac-
curacy of up to 77% [12]. Currently, there are few studies that combine hierarchical clas-
sification and CNNss for tree species at the individual tree level. Unlike vegetation classi-
fication of land cover classes, individual tree species should be considered when con-
structing a classification tree. Therefore, predefined classification trees based on species
attributes are simpler, clearer, and more efficient than those generated by other methods.

In this study, we first classified the sample- and multitemporal images using typical
CNNs. Then, a predetermined classification tree structure was built based on the CNN
classification results and the species relationship of the considered tree species. Finally,
the dominant CNNs were inserted into the corresponding classification modules to im-
prove the accuracy of ITS classification. The H-CNNs obtained the highest accuracy of
92.48%, which increased by 2.66% to 3.72% compared to the highest OA values of typical
CNNs. The comparison above illustrates that composing an H-CNN based on advanta-
geous CNNs can improve the accuracy of tree species classification and reduce misclassi-
fication. According to the experimental results, there are two factors that affect the classi-
fication accuracy of H-CNNs. First, the coarse-grained module in the hierarchical struc-
ture was critical. When the coarse-grained module had classification errors, then its sub-
modules (fine-grained modules) could not correctly classify the categories. Second, the
hierarchical structure divides the samples into different modules, leading to a reduction
in the number of samples. Therefore, a large number of samples is important for the train-
ing of the parameters of H-CNNs.

6. Conclusions

This study explored multitemporal high-resolution data consisting of five GE images
recorded in different growing periods of tree species for ITS classification. Single- and
multitemporal GE sample sets for ITS classification were constructed and classified using
three typical CNNs. We explored the potential of low-cost multitemporal GE images for
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ITS classification in dense forests by comparing the CNN classification results of single-
and multitemporal remote sensing images. The hierarchical classification approach com-
bined three typical CNNs to construct four H-CNN models for ITS classification. The clas-
sification performance of the four H-CNN models was evaluated by comparing them with
the accuracies of CNN-based ITS classification. The results showed that the three CNNs
using the multitemporal sample sets offered the highest accuracies, indicating the poten-
tial of the low-cost multitemporal GE images used for ITS classification in dense forests.
This study combined a predefined hierarchical classification tree structure generated from
tree species categories with a corresponding dominant CNN. The construction of the H-
CNN had the potential to effectively improve the accuracy of tree species classification
and reduce the number of misclassifications. The proposed approach using H-CNN and
multitemporal images can help extract ITS information from large-scale dense forests at a
relatively low cost and with high accuracy, which could benefit foresters and natural re-
source managers in their day-to-day operations.

In the H-CNN classification, adjusting the training parameters improved the prob-
lem of the small sample size for training each module due to the hierarchical classification
structure in the study. However, the small sample problem can be improved in the future
by more methods, such as more data augmentation methods based on machine learning
or deep learning, and better network model structures for a small number of samples.
Furthermore, not every area has a full time series of high-resolution GE remote sensing
images. Therefore, in the future, it is possible to make use of other low-cost, large-scale
images, such as Gaofen-2, to greatly compensate for the lack of phases in GE multitem-
poral images for individual tree species classification tasks.
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