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Abstract
Background Accurate information on tree species is much in demand for forestry management and
further investigations on biodiversity and forest ecosystem services. Over regional or large areas,
discriminating tree species at high resolution is deemed challenging by lack of representative features
and computational power.

Methods A novel methodology to delineate the explicit spatial distribution of dominated six tree species
(Pinus, Quercus, Betula, Populus, Larch, and Apricot) and one residual class using the analysis-ready
large volume multi-sensor imagery within Google Earth Engine (GEE) platform is demonstrated and used
to map a 10 m classi�cation with detail analysis of spatial pattern for an area covering over 90,000 km 2
between 41° N and 45° N. Random Forest (RF) algorithm built into GEE was used for tree species
mapping, together with the multi-temporal features extracted from Sentinel-1/2 and topographic imagery
data. The composition of tree species in natural forests and plantations in city and county-level were
performed in detail afterwards.

Results The proposed model achieved a reliable overall agreement (77.5%, 0.71 kappa), and the detailed
analysis on the spatial distributing of targeted species indicated that the plantations (Pinus, Populus,
Larch, and Apricot) outnumber natural forests (Quercus and Betula) by 6%, and they were mainly grown
in the northern and southern regions, respectively. Moreover, Arhorchin had the largest total forest area of
over 4,500 km 2 , while Hexingten and Aohan ranked �rst in natural forest and plantation area, and the
class proportion of the number of tree species in Karqin and Ningcheng was more balanced.

Conclusions It is our belief that combined multi-source information of the machine learning algorithm
within cloud platforms is bene�cial to map a reliable spatial tree species over large areas on a �ne scale.
High-resolution tree species information based on online tools could be more easily considered for
practical forestry management and further studies on forest ecosystems.

Introduction
A clear understanding of spatial distribution of tree species is crucial for afforestation decision-making,
carbon cycle estimation, biodiversity assessment (Fassnacht et al., 2016; Grabska et al., 2019), as well as
further interest in analyzing tree-environment interactions (Blaschke, 2010; Turner et al., 2003).
Conventional forestry inventories, though time-consuming and ine�cient, have been a long history.
Remote sensing technology has greatly improved e�ciency because it is able to capture forest type
composition and forest structure information in a larger and inaccessible areas through multi-band and
multi-mode sensors in comparison to conventional �eld works (Grabska et al., 2019), which brings
possible solutions to the challenging but promising topic that tree species identi�cation based on
remotely sensed data.

Remotely sensed imagery data with very high spatial resolution (better than 5m or even sub-meter) have
been used for tree species discrimination (Adelabu et al., 2013; Karlson et al., 2016; Wangda et al., 2019;
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Yang et al., 2014), because they can assist in reducing the impact of the occurrence of mixed pixels on
tree species classi�cation, which is an inherent characteristic determined by remote sensing imaging
mechanism, especially in heterogeneous forests (Gri�ths et al., 2014; Xie et al., 2008). However, the
operational applications of high-resolution data are limited due to the high cost. The high similarity of
features captured by sensors among trees is another challenge that has been tried to address in many
studies using hyperspectral sensors. They provide narrow and contiguous spectral curves capable of
characterizing small differences in the biochemical components of vegetation that cannot be captured by
multispectral sensors (Ghosh et al., 2014; Van Coillie et al., 2015), which has been demonstrated in many
studies (Ballanti et al., 2016; Dudley et al., 2015). However, the processing process of hyperspectral image
is time-consuming due to its large volume (Shukla and Kot, 2016), and it is very delicate for optimal
bands �ltering from many high-correlation bands of hyperspectral image (George et al., 2014). With the
rapid development of airborne laser scanning (ALS) and unmanned aerial vehicle (UAV), their light
detection and ranging (LiDAR) data are also used in conjunction with high-resolution multi-spectral and
hyper-spectral images for tree species mapping and individual trees identi�cation studies, leading to a
high accuracy achievement (Burai et al., 2019; Dalponte et al., 2019; Sasaki et al., 2012; Shi et al., 2018;
Wang et al., 2019; Wu and Zhang, 2020).

Although these data mentioned above possess good potential for species identi�cation, they are
practically restricted owing to limited availability. Instead, the cost-free multispectral Landsat and
Sentinel-2 images appear to be the best solution to vegetation studies, especially to large regional areas,
in which distribution range of tree species is the preferred not individual trees extraction (Grabska et al.,
2019). Landsat data have been useful in many typical studies relevant to vegetation mapping (Adams
and Matthews, 2018; Chowdhury et al., 2021; Hobbs et al., 1989; Permana et al., 1998). Increasingly,
scholars begin to focus on forest type classi�cation without detailed in tree species composition in
collaboration with Landsat and other data (Immitzer et al., 2018; Townshend et al., 2012). Moreover, the
single-specie (e.g., mangrove, bamboo, and eucalyptus) studies were also undertaken based on time-
series Landsat imagery (Khairuddin et al., 2016; Long and Giri, 2011; Soares and Hoffer, 1995; Zhao et al.,
2018). Since the launch of Sentinel-2 mission in 2015, as another freely available data, it has brought
new opportunities for �ne monitoring of vegetation owing to its unique red-edge band and excellent
spatial and temporal resolution (Grabska et al., 2019). The high potential of red-edge and shortwave
infrared (SWIR) bands of Sentinel-2 data for vegetation mapping was con�rmed by Immitzer et al. in
2016 when they assessed the capabilities of pre-operational (August 2015) Sentinel-2 data for mapping
tree species in Austria (Immitzer et al., 2016). In addition, adequate studies have shown that, consistent
with Landsat data (Mickelson et al., 1998), the time-series metrics of multispectral Sentinel-2 are crucial
for tree species classi�cation (Misra et al., 2020). A case study realized the identi�cation of complex tree
species composition in mountains areas, and proved that using time-series Sentinel-2 features instead of
single-date images can improve accuracy by 5-10% (Grabska et al., 2019). Active imaging radar, because
of its all-weather and all-day working advantages, has become one of the important data for forest
monitoring. However, most former studies focused on the discrimination of broad forest types using
(synthetic aperture radar) SAR omitting the species level (Fabian et al., 2016).
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Regarding the methodology used for tree species identi�cation, the object-based method is generally
used for research that uses only extremely high spatial resolution images (Agarwal et al., 2013; Wang et
al., 2018) or collaborates with other remotely sensed data (Sasaki et al., 2012). Furthermore, the multi-
temporal approaches are indispensable to delineate tree species with multispectral images (Hoscilo and
Lewandowska, 2019; Mickelson et al., 1998). Machine learning algorithms have been commonly applied
for tree species classi�cation because of its convenience in coordinating multi-source features, and
relevant studies have given evidence that among machine learning models, random forest (RF) and
support vector machines (SVM) outperformed others (Wessel et al., 2018). Therefore, the two models
have been widely used to map tree species together with imagery data of multi-sensor (Ballanti et al.,
2016; Lv and Ma, 2016; Raczko and Zagajewski, 2017). The accuracy of the machine learning model is
very dependent on feature engineering affected by prior knowledge, while the deep learning model can
directly implement end-to-end image classi�cation based on the original image (Xi et al., 2020). Recently
deep learning algorithms have been applied in the studies on tree species classi�cation based on high
spatial resolution and hyperspectral images due to their strong capability of feature mining (dos Santos
et al., 2019; Fricker et al., 2019; Hartling et al., 2019; Nezami et al., 2020; Schiefer et al., 2020; Zhang et al.,
2020). However, deep learning models can only be driven by a large number of labeled samples and great
computational power, which is the major obstacle to its wide usage. (Ball et al., 2018). The advent of a
wide variety of tools facilitated the geospatial data processing of large-scale with the development of
high-performance computing systems (Gorelick et al., 2017), among which GEE has been widely used in
vegetation monitoring by remote sensing in large and even global regions with its easy-to-use advantages
(Mutanga and Kumar, 2019; Srinet et al., 2020; Venkatappa et al., 2020; Wu, 2020; Yang et al., 2019).

All the previous studies provided different solutions to tree species mapping, but they focused on the
small-scale without detailed analysis on the spatial pattern of tree species composition. In present study,
focusing on the remaining problem of how to reliably delineate and analyze spatial distribution for
complex tree species composition at regional scale, we built on previous studies using RF algorithm, but
also proposed a promising methodology for tree species mapping within Google Earth Engine (GEE)
cloud-computing platform that is as simple as possible and can be scaled for processing larger datasets.
The objectives were: (i) to map the seven tree species with high resolution (10 m); and (ii) to �gure out the
tree species composition of large regional area on the basis of at different scales within GEE.

Materials And Methods
Study area

Chifeng city, one prefecture-level cities, centered at 119°22′58.38″E, 60°35′07.2″N underlies over 90,000
km2 of ten counties in the southeast of Inner Mongolia in northeastern China (Fig. 1). The topography is
complex and diverse with only small mountain �ats and alluvial plains along the river, the abundant
forest resources and diversity tree species are deciduous-dominated by Quercus, Betula, Populus, Larch,
and Apricot trees, and the evergreen trees are mainly Pinus.
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Field measurements

The forest resources inventory sample plots were used as the ground-truth of the seven tree species in
this study, and a total of 342 square plots (60*10 m) surveyed in 2018 were distributed throughout the
area (Fig. 1). These plots have a high positioning accuracy because the reset accuracy of their position
once every �ve year is required to be above 98%. Therefore, they are enabled to function as a reliable
modeling and validation data. Additional measurements of natural forests and plantations polygons
from forestry inventory were also used as mask layers.

Satellite data in Google Earth Engine

Google Earth Engine (GEE) is a big data cloud platform with high performance computing where a
petabyte analysis-ready dataset is freely available and the programming interface is also quite access-
friendly (Gorelick et al., 2017; Kumar and Mutanga, 2018; Mutanga and Kumar, 2019). The study was
conducted based on the Sentinel-1A (S1) Ground Range Detected (GRD) scenes, Sentinel-2 (S2) surface
re�ectance (SR) images, and the Shuttle Radar Topography Mission (SRTM) digital elevation model
(DEM) dataset of GEE platform. The S1 GRD data was processed by thermal noise removal, radiation
correction, and terrain correction, and the 20 m dual band VV+VH and HH+HV of Interferometric Wide
Swath (IW) mode was selected for further processing. For the S2 SR image, geometric, radiation, and
atmospheric correction were performed, and the �nal SR image composites consisted of 10 bands with
two spatial resolutions, including 10 m visible and 20 m infrared and red-edge bands. Additionally, cloud
mask (QA60) band was also used to help mask could in image scenes, leaving only pixels cloudless with
good quality. To re�ect the temporal characteristics of different tree species in the four seasons of
summer, autumn and winter, the S1 and S2 images of four months (March, June, September, and
December) of 2019 were selected. The 30 m DEM data was used to depict the varied topographic feature,
generating aspect and slope variables. Table 1 provided details regarding the parameter of the satellite
data in this study.

Table 1 Details of adopted satellite dataset in Google Earth Engine.
Satellite image Year Month Bands Spatial resolution (m)

Sentinel-1A
GRD Images

2019 3, 6, 9, 12 VV+VH 20
HH+HV

Sentinel-2
SR Images

3, 6, 9, 12 Blue 10
Green
Red

Red Edge 1 20
Red Edge 2
Red Edge 3

NIR
Red Edge 4

SWIR 1
SWIR 2

SRTM DEM       30

 Methods
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 Tree species classi�cation overview

Our goal was to leverage the powerful computing ability of GEE platform for producing a high-resolution
typical tree species distribution map across Chifeng and �gure out the spatial pattern of each tree
species. We proposed and implemented the novel methodology within GEE could-computing platform,
which was designed as four processes including �eld sample plots addressing, multi-temporal feature
mining, RF model optimizing, and classi�cation and analyzing. Fig. 2 was an overview of our work�ow,
which will be described in detail in subsequent sections.

Addressing �eld plots

These plots were not built-in data of the GEE platform, and they were made up of 307 modeling and
independent 35 validation plots, of which the spatial distribution was provided in Fig. 1. Taking the
differentiation of regional scales into account, modeling and veri�cation points are reasonably distributed
throughout the study area to better represent the local characteristics of each tree species and reduce the
systematic errors in modeling and accuracy assessment. All pixels covered by polygon, not only the
geometric center pixels, were used in subsequent analysis.

Mining multi-temporal features from Sentinel-1/2 imagery

The multi-temporal features were all derived from the S1and S2 products accessed to GEE on line. We
imported the S1 and S2 datasets from the data catalog of GEE and �ltered out all the images covering
the entire study area in March, June, September, and December according to the image acquisition date.
Fig. 3 provided the visual characteristic changes re�ected by S2 surface re�ectance images of four
seasons, from which the serious in�uence of cloud occlusion on the application of optical satellite
images was also apparently told. Therefore, the cloud-mask operation was performed on each S2 scene
afterwards, while GRD images of S1 were further screened, leaving only image scenes of IW mode.

When all S1 and S2 images of four months were analysis-ready for further procedures, we made full use
of the advantages of the GEE platform to integrate the three-dimensional (time, space, and spectrum)
features mined from these multitemporal images. Speci�cally, 23 metrics derived from S1 and S2 dataset
were divided into seven categories, of which 16 were from SR images, and the others from S1 GRD
images (Fig. 4). For the S2 spectral index, we calculated eight commonly used indices incorporating the
visible, near-infrared, and red-edge bands, including Infrared Percentage Vegetation Index (IPVI ) (Crippen,
1990), Transformed Normalized Difference Vegetation Index (TNDVI) (Senseman et al., 1996), Green
Normalized Difference Vegetation Index (GNDVI) (Gitelson et al., 1996), the second Brightness Index (BI2)
(Escadafal et al., 1989), Meris Terrestrial Chlorophyll Index (MTCI) (Dash and Curran, 2004), Red-Edge
In�ection Point Index (REIP) (Guyot et al., 1988), Inverted Red-Edge Chlorophyll Index (IRECI) (Clevers et
al., 2000; Guyot et al., 1988), normalized difference vegetation index (NDVI), and enhanced vegetation
index (EVI) (Huete et al., 2002). To take full use of the high spatial resolution, Grey-Level Co-occurrence
Matrix (GLCM) was performed on the NIR bands with highest resolution (10 m) and sensitivity to
vegetation to generate four texture features (the second moment, contrast, homogeneity, and entropy) of
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S1 scenes. Furthermore, we addressed the like-polarization (VV/HH) and cross-polarization (VH/HV),
yielding four radar indices (division, difference, amplitude, and normalization). Finally, we applied linear
regression on the EVI and VH variables to capture the gradient of spectral and radar back scatter over
time in one month as well.

Table 2 summarized all the monthly variables, of which except for the four characteristics of slope,
aspect, EVI_scale, and VH_scale, we used the 20th and 80th percentiles of the remaining monthly
characteristics instead for subsequent analysis to reduce sensitivity to noise such as residual cloud and
shadows as well as taking full use of all the images with same scene in one month (Zhang and Roy,
2017), yielding 191 features of March, June, September, and December.

Additional ancillary features

Topographic factors (slope and aspect) closely related to the vegetation distribution were derived from
SRTM DEM data, which was widely used in forestry research (Xie et al., 2020). We used the built-in terrain
algorithm of GEE to calculate slope and aspect, which were then reclassi�ed to convert the two
continuous variables to categorical variables according to the technical regulations for continuous
inventory of forest resources. Table 3 listed the criteria of slope and aspect reclassi�cation. The result of
one-hot encoding of the two reclassi�ed variables was used as the �nal topographic feature.
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Table 3 Summary of slope & aspect reclassification criteria.
Slope Aspect

Value (°) Class  Value (°) Class
5 I   Non-directional

5-14 II 338 - 22 North
15-24 III 292.5 - 337.5 Northwest
25-34 IV 23 - 67 Northeast
35-44 V 68 - 112 East

45 VI 113- 157 Southeast
    158 - 202 South
    203- 247 Southwest
    248- 292 West
    293-337 Northwest

Optimizing Random Forest classi�er

Machine learning algorithm tuning is of great importance of obtaining a stable and high-performance
classi�er. Here, the Random Forest algorithm built-in GEE platform named “smileRandomForest” (RF) was
leveraged for capturing regional tree species distribution. Tree-based RF model was one of the most
commonly used typical bagging learning algorithms (Lv and Ma, 2016; Raczko and Zagajewski, 2017).
RF builds multiple decision trees and merges them to get a more accurate and stable model. The
prediction result for the sample is the prediction result of each tree in the forest for the sample, and then
the �nal result is selected from these prediction results by voting. The critical hyper-parameter
“numberOfTrees” of RF classi�er was supposed to be optimized by balancing model complexity and
model generalization accuracy. The learning curves was used to characterize the generalization
capability of RF model with “numberOfTrees” increasing from 1 to 100 (Fig. 5). Moreover, RF built-in
attribute of out-of-bag score (oob) was used in the model tuning process, which takes advantage of the
unused samples during the random decision tree generation process to evaluate the accuracy of each
tree, yielding the quanti�ed performance of RF algorithms by taking the average accuracy value of all
trees. The smaller the difference between kappa detailed in Eq. (1) and oob learning curves, the better the
robustness of the model given a speci�c parameter value.

Classi�cation, accuracy assessment, and zonal statistics

To map the spatial distribution of the six targeted tree species (Pinus, Quercus, Betula, Populus, Larch,
and Apricot) and one residual class, a bagging learning model was carried out using the optimal RF
classi�er based on multi-temporal features within GEE cloud-computing platform. Quality evaluation of
the classi�cation result is always of indispensability in remote sensing since it proves how well the used
classi�er is capable of identifying the desired objects from certain image. Here, we applied two accuracy
measures on the classi�cation validation and additional one metric on model optimization. As a �rst
evaluation, overall accuracy (OA), expressed as Eq. (1), gives quanti�ed evidence of the proportion of all
correctly classi�ed reference samples, that is, the class assignment of the classi�cation agrees with the
reference classi�cation. Eq. (2) represented another accuracy measure that is Cohen’s kappa coe�cient
(kappa), which measures the consistency of assigned and reference classi�cation assuming they are
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equally reliable and independent. To quantitatively clarify the tree species composition in whole areas
and local districts, on the basis of the spatial distribution area, the zonal statistics of each tree species of
the whole area and of local regions was respectively carried out, leading to assessment on the natural
forest and plantation forest areas.

Results
Multi-source feature composition

The feature dataset composed of 176 multi-temporal features (e.g., original image bands, spectral/radar
indices, textures and gradient) and additional two one-hot encoded topographic features (slope and
aspect). The multi-temporal features were listed as Fig. 6, of which the ordinate and abscissa individually
represented the feature name and feature score, which was computed by the importance attribute built
into RF classi�er within GEE and was proportional to the contribution of the corresponding feature to RF
model. Additional two terrain features were represented as Fig. 7 and Fig. 8 where the grayscale pictures
on the left were the unprocessed continuous numeric features extracted from terrain data, while the
classi�ed color images were their corresponding reclassi�cation results according to the criteria in Table
3.

Optimization of Random Forest model

Fig. 5 implied the accuracy of RF classi�er generally increased with the increase of parameter
numberOfTrees. The growth rate increased �rstly and then decreased, and �nally tends to be stable with
small �uctuations. The two learning curves (kappa and out_bag_score) had the minimum difference
(0.06), that was, RF model had the best generalization capability and robustness when the key hyper-
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parameter numberOfTrees reached 71. Therefore, we built a random forest model with 71 trees as the
optimal model for tree species classi�cation.

Tree species classi�cation and accuracy assessment

The spatial distribution mapping of objective tree species across Chifeng city was presented as Fig. 9, of
which the spatial pattern clearly depicted that Pinus was mainly distributed in the southern four districts,
while Quercus was concentrated in the northernmost part of Chifeng, additionally, Apricot and Populus
trees were found in the central region as well as in the western and eastern regions, respectively, as for
Betula, it was along the western and northwestern forest margins, and Larch was mainly distributed in the
western and southwestern regions.

There were signi�cant differences in the distribution range and tree species composition between natural
forests and plantations (Fig. 10). The planted forests were distributed in a wider area compared to natural
forests, and the former was distributed almost throughout the area but mostly in the south, while the
latter was dominated in the north. In addition, the planted trees in this region were composed of Pinus,
Populus and Larch, while the natural tree species mainly consisted of Quercus, Betula, and Apricot.

The classi�cation accuracy assessment was carried out to yield the confusion matrix as Fig. 11, from
which the quanti�ed accuracy of the classi�cation results was calculated according to the accuracy
evaluation metrics of OA and kappa that detailed in Section 2.4.6. The overall accuracy (OA) = 77.5% and
kappa = 0.71 for the seven classes in Chifeng based on the RF classi�er with multi-temporal features
within GEE.

Quantitative analysis on the tree species distribution

The tree species area results (Fig. 12) of the entire region revealed that Natural forests and plantations
separately accounted for 47% and 53% of the total forest area. Moreover, Apricot was roughly equal in
proportion to natural and cultivated trees, and it had the largest distribution area of more than 10,000 km2

followed by the Populus trees covering an area over 8,000 km2. Almost all Pinus (84%) and Populus
(80%) were planted trees, while Quercus (91%) and Betula (94%) were natural forest species.

The statistical results of tree species composition and spatial area at county-level was summarized as
Fig. 13. It quantitatively revealed the regional differences of forest resources among districts in Chifeng.
In terms of total forest resources, Arhorchin and Aohan ranked �rst and second with total forest area of
more than 4800 and 4100 km2, respectively, and the proportion of natural forest and arti�cial forest in the
former was relatively balanced, while the latter was mainly arti�cial forest. In addition, Linxi and
Ningcheng dominated by plantations, having the smallest total forest area, both were less than 2,000
km2. From the perspective of diversity of tree species, the distribution area of these typical tree species in
Kalaqin Banner and Ningcheng was more balanced, both with only slightly more Pinus, of which area
were separately about 280 and 480 km2. Pinus, Populus, and Apricot trees were dominant in multiple
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regions, and the regions of Pinus were Karqin and Ningcheng, of Populus were Aohan, Arhorchin, and
Ongniud, and of Apricot were Bahrain left & right, Hexingten, Linxi, and the municipal district.

Discussion
Tree species discrimination by use of remote sensing technique is a quite challenging topic due to the
mixed pixels and low separability among trees (Fabian et al., 2016). There are numerous studies have
been dedicated to tree species mapping using remotely sensed data, but they mainly focused on a
relatively small areas, of which the experiences are not representative enough to be applied to assist in
forestry inventories, environmental monitoring, and carbon cycle estimation, which require works in a
large area (Fassnacht et al., 2016). While greater computing capacity to handle a large volume satellite
images is a prerequisite for large geographic regions, while it is generally not available locally. This study
explored the use of non-parametric RF classi�er built into GEE cloud computing platform to classify the
dominant tree species over a regional area of more than 90,000 km2 to assess the potential of GEE in
identi�cation of forest �ne categories over large areas.

The satellite image features were extracted from the analysis-ready Sentinel-1/2 and SRTM images
within GEE by multi-temporal characteristics integration, and the multi-dimensional indicators, such as
radar back scatter, spectral index, gradient, and topography were considered for single-phase images. The
20th and 80th percentiles used to extracted from these indicators of same month and scene can avoid the
noise effect of the maximum and minimum value of the images (Zhang and Roy, 2017). Additionally, the
labeled samples, however, are also of importance to regional forest type discrimination, especially using
non-parametric models. The 307 ground-based polygons provided 2,272 training samples by collecting
all the pixels within their respective coverage.

The results detailed in Figs.9 and 10 are representative of the spatial pattern of forest across the study
area, in which most of the natural forests and plantations had their own concentrated areas, and together
with the composition of different dominant tree species, indicating the obvious the heterogeneity of forest
site conditions between the northern and southern regions. Clearly, however, the quantitative comparative
analysis outcomes illustrated in Figs. 12 and 13 further proved that although it varies in the distribution
of tree species in each county, on the whole, the composition of tree species in neighboring counties is
more similar, that is, there is homogeneity of class proportion and forest site among local districts.

The classi�cation results of the dominant species was validated by independent samples, which is a
recommended way to assess accuracy (Olofsson et al., 2014), and the distribution range of seven
targeted forest classes was delineated with an acceptable accuracy (kappa=0.71, OA=77.5%) across the
study area, which was comparable to the existing related studies, where the object-based methods was
used together with UAV or multi-temporal multi-spectral images, and an overall classi�cation accuracy
was achieved from 73%-82% (Apostol et al., 2020; Franklin and Ahmed, 2018; Liu et al., 2018; Michez et
al., 2016). Furthermore, some of previous studies obtained better accuracy, but the number of targeted
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category was relatively fewer, and they were very demanding in terms of spatial resolution of the image,
which is not applicable for studies on large areas (Fabian et al., 2016; Grabska et al., 2019).

Further work was suggested for two aspects: (i) monitoring the growth status of different tree species,
and (ii) particularly analyzing the driving factors of their spatial distribution patterns to �gure out the
interactions of trees and environment.

Conclusion
A novel methodology for regional tree species identi�cation using Sentinel-1/2 images in four months
(March, June, September, and December) within GEE platform was demonstrated in an area over 90,000
km2, yielding a 10-m spatial map of dominated six trees, including Pinus, Quercus, Betula, Populus, Larch,
and Apricot. The reliable l agreement (OA=77.5%, kappa=0.71) also facilitated the subsequent analysis
on global and local spatial patterns of different tree species.

There was a clear discordant distribution range between plantations and natural forests, the former was
mainly distributed in the southern region, while the latter is mainly distributed in the northern region. The
area of arti�cial forest was 6% more than that of natural forests. Moreover, Pinus and Populus were
mainly arti�cially planted, while Quercus and Betula are the typical natural forest species in this region.
Overall, Populus and Apricot trees had the most area in the study area, with an area over 8,657 km2 and
11,099 km2, respectively.

Through the comparative analysis of tree species distribution in different districts and counties, it was
found that Karqin and Ningcheng county were the areas where Pinus and Larch trees were concentrated,
and their category proportions were more balancing than any other regions. Besides, Populus were mainly
planted in Aohan, Arhorchin, Bahrain right, Nicheng, Ongniud, and the municipal district, and Quercus
trees mainly grown in Bahrain left and Karqin. Betula concentrated in Hexingten, while Apricot trees were
relatively evenly distributed across the whole region.

The �ndings demonstrate the proposed could-computing work�ow is capable of classifying forest type
and analyzing spatial pattern over a regional-scale area and yielding a su�ciently satisfactory accuracy
when using only freely-accessible Sentinel-1/2 imagery instead of more expensive high-resolution
multispectral or hyperspectral data. We conclude that the novel design is well-suited to be applied on
larger geographic areas to assist to helping forestry inventories.

Abbreviations
GEE: Google Earth Engine; S1: Sentinel-1A; GRD: Ground Range Detected; S2: Sentinel-2; SR: surface
re�ectance; SRTM: Shuttle Radar Topography Mission; DEM: digital elevation model; IW: Interferometric
Wide; RF: Random Forest; GLCM: Grey-Level Co-occurrence Matrix; OA: overall accuracy.
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Figure 1

The study area (the blue plots represent the �eld measurements and the enlarged one is the shape of the
square plots). Note: The designations employed and the presentation of the material on this map do not
imply the expression of any opinion whatsoever on the part of Research Square concerning the legal
status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 2

Work�ow overview (GLCM means Grey-Level Co-occurrence Matrix).
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Figure 3

The enlarged Sentinel-2 images of four months in south Chifeng city. (Each scene was the image with the
least cloudiness in the same area that month and was displayed in true color). Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.
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Figure 4

Monthly features composition of extracted from S1/2 data in GEE. (S1-OB=S1-Original bands, S1-RI=S1-
Radar index, S1-V=S1-Variation, S2-OB=S2-Original bands, S2-SI=S2-Spectral index, S2-T=S2-Textures,
S2-V=S2-Variation).
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Figure 5

Learning curve of random forest classi�er tuning process.



Page 25/31

Figure 6

Multi-temporal feature collection (The su�xes p20 and p80 of characteristic variables individually denote
20th and 80th percentiles, and the pre�xes Mar June Sep and Dec are the abbreviations of March, June,
September and December, respectively).
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Figure 7

The slope feature extracted from topographic data (the slope: VI>V>IV>III>II>I). Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.

Figure 8

The aspect feature extracted from topographic data. Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.
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Figure 9

Spatial distribution of the objective six tree species in Chifeng city. Note: The designations employed and
the presentation of the material on this map do not imply the expression of any opinion whatsoever on
the part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.
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Figure 10

Spatial distribution of the objective six tree species in natural forest and plantation forest, respectively in
Chifeng city. Note: The designations employed and the presentation of the material on this map do not
imply the expression of any opinion whatsoever on the part of Research Square concerning the legal
status of any country, territory, city or area or of its authorities, or concerning the delimitation of its
frontiers or boundaries. This map has been provided by the authors.
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Figure 11

The confusion matrix of objective seven tree species categories.
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Figure 12

Area statistics of tree species according to planting mode in Chifeng city.
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Figure 13

Quantitative description of spatial distribution of typical tree species at county level (The high saturation
in the same color was the natural forests, the light color represented the plantations, and the blue polyline
denoted the total area of the same tree species).


