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Abstract: The lack of long-duration, high-frequency grassland classification products limits further
understanding of the grasslands’ long-term succession. This study first explored the annual mapping
of grassland with fourteen categories at 30 m in Qinghai, China, from 1986 to 2020 based on Google
Earth Engine (GEE) and the Integrated Orderly Classification System (IOCSG). Specifically, we
proposed an image composite strategy to obtain annual source images for classification, by quarterly
compositing multi-sensor and multi-temporal Landsat surface reflectance images. Subsequently,
the 35-year area time series of each category was analyzed in terms of trend, degree of change, and
succession of each category. The results indicate that the different grasslands of the IOCSG can be
effectively differentiated by utilizing the designed feature bands of remote sensing data. Additionally,
the proposed annual image composition strategy can not only decrease the invalid pixels but also
promote classification accuracy. The grasslands transition analysis from 1986 to 2020 implies the
progressive urbanization, warming, and wetting trend in Qinghai. The generated 35-year annual
grassland thematic data in Qinghai can serve as an elementary dataset for further regional ecological
and climate change studies. The proposed methodology of large-scale grassland classification can also
be referenced to other applications like land use/cover mapping and ecological resource monitoring.

Keywords: alpine grassland ecosystem; grassland classification; grassland transition; Google Earth
Engine

1. Introduction

Grasslands are major terrestrial ecosystems on earth, occupying about 40% of Earth’s
land surface [1]. Grasslands deliver crucial ecosystem services such as biodiversity con-
servation, climate regulation, carbon recycling, and the sustainable development of so-
ciety [2,3]. A grassland type refers to a highly abstract generalization of grassland plant
populations and their combinations in different habitats [4];the transition of grasslands is a
synthetic action of anthropogenic disturbance and natural change, which is likely to alter
the composition of plant species [5]. Therefore, being conscious of the long-term spatiotem-
poral distribution and transition of different grassland types is significantly helpful for a
better understanding of regional and global change.

Grasslands in China occupy nearly 400 million hectares, accounting for 41.7% of the
country’s land area [6]. They are mainly distributed in the northern temperate region and
the western alpine region. In particular, the grasslands in the alpine region have received
enormous attention, since they are considered more ecologically fragile and sensitive to
climate change [7]. With regard to the high species diversity of the grasslands in China,
a commonly used classification system is the Integrated Orderly Classification System
of Grassland (IOCSG) [6]. The IOCSG involves a hierarchy of three classification levels
according to the grass habitat. At the first level, grasslands are grouped into nine classes
based on an index of moisture and temperature, including alpine meadow (AM), alpine
steppe (AS), alpine meadow-steppe (AMS), alpine desert (AD), lowland meadow (LM),
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mountain meadow (MM), temperate steppe (TS), temperate desert (ID), and temperate
desert-steppe (TDS). The other two levels progressively group the grasslands into sub-
class and types according to edaphic conditions and vegetation types, respectively. To
understand the extent and distribution of different grassland classes, China has conducted
three nationwide grassland resource survey projects since the 1950s. These projects relied
on the extensive manual interpretation of remote sensing imagery and field surveys during
the grass growing season, which is labor intensive and time consuming.

Over the past years, there has been a significant surge in the accessibility of satel-
lite remote sensing data along with advancements in machine learning techniques. As
a result, automated and semi-automated classification methods utilizing remote sensing
data are emerging as crucial tools for large-scale land surface mapping. Numerous stud-
ies have employed remote sensing data with diverse spatial and temporal resolutions,
such as the Moderate Resolution Imaging Spectroradiometer (MODIS), Landsat series,
Sentinel series, etc. [8-10], wherein Landsat is the only satellite program that can provide
fifty years’ continuous data with high spatial resolution (30 m) and temporal resolution
(16 days) [11,12]. Meanwhile, the development of the remote sensing community has
facilitated easy access to open-source datasets and geoprocessing algorithms on web-based
computing platforms. The Google Earth Engine (GEE) [13], an advanced computation
cloud platform for geospatial data analysis, combines planetary-scale analysis capabilities
with a multi-petabyte catalog of satellite imageries and products from the MODIS, Landsat
series, and Sentinel series, etc. GEE has spawned lots of geographical research at regional
and planetary scales over a long period of time, such as land use and land cover (LULC)
mapping [14,15], grassland monitoring [16,17], cropping intensity mapping [18], analyzing
the anthropogenic disturbances of the landscape [19], and exploring the spatiotemporal
patterns of certain biological parameters [20,21].

Nevertheless, most research in terms of large-scale grassland classification has been
devoted to distinguishing grasslands from other land cover classes. For example, there
exist several popular global LULC mapping products at a scale of 30 m or 10 m with a
broad classification system involving grasslands, trees, built up, bare lands, water, etc., such
as Finer Resolution Observation and Monitoring of Global Land Cover (FROM-GLC) [22],
Global Land 30 [23], European Space Agency (ESA) Land use and Land Cover (ESA
LC) [24], and ESA World Cover [25]. Meanwhile, most grassland-specific classification
studies merely considered a simple classification system with limited classes and focused
on restricted geographical regions. For example, Xu et al. [4] conducted a study aimed at
classifying grassland in a specific region in Hulunber, Inner Mongolia, China, which has a
temperate continental monsoon climate. They categorized the grassland into temperate
meadow steppe, temperate steppe, lowland meadow, and mountain meadow. In another
study, Wei et al. [26] examined the grassland classification in Three Rivers Source National
Park, Qinghai, China and identified swamp meadow, alpine meadow, alpine steppe, and
desert steppe as the classification categories. To our best knowledge, large-scale grassland
classifications based on IOCSG for alpine regions of China are rarely reported. There also
lacks specific grassland thematic products with a broad temporal range and fine temporal
frequency in practice, which hinders further insights into the historical condition and
long-term succession of grasslands.

When mapping large-scale grassland in alpine regions, a tricky problem is the avail-
ability of cloud-free images over a large area. Thanks to GEE, it not only provides global
ready-to-use surface reflectance images but also offers various temporal aggregation meth-
ods, such as mean, median, and min/max, to composite multi-temporal images. Aiming to
generate cloud-free images, an effective strategy is to use the temporal aggregation method
for all the available images with cloud masks within a preset time period. Generally, a
monthly composition is not adequate and the most popular strategy for compositing an
annual cloud free image is to use images acquired over three years [11]. However, this
strategy for annual composition cannot maintain the source information of the specific year
as much as possible, especially when there are land cover changes among different years or
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seasonal changes within a year. Another popular method is seasonal composition, which
selects only images between several months from a single year [27] or multiple years [28] for
composition. Seasonal composition can normally achieve a higher land cover classification
accuracy than annual composition because of the seasonality of typical land cover types
such as grasslands, trees, farmland, etc. [11]. However, the phenology information is not
well considered. Thus, an effective image composite method should be further explored
for accurate large-scale grassland classification with a high temporal frequency.

Considering the above-mentioned context, the aim of this study is to produce the
annual grassland classification products at 30 m from 1986 to 2020 based on IOCSG for the
Qinghai province of China, a grassland-dominated province in the alpine region of China,
and explore its long-term grassland transitions. Our main contributions include:

e  We proposed a methodological framework for the large-scale grassland classification
of alpine regions with broad temporal cover and fine temporal frequency.

e  We generated a public dataset composed of 35 annual grassland thematic images of
Qinghai from 1986 to 2020 at 30 m. The dataset can be fetched from https://drive.
google.com/file/d/1TtkFYnXFOuZsQUy_txX-j50rfeUB521t/view?usp=share_link
(accessed on 11 January 2023).

e  The grassland transitions of Qinghai from 1986 to 2020 were revealed.

The remainder of this article is organized as follows. In Section 2, we elaborate on the
study area, datasets, and methodology used in this article. Section 3 exhibits the results of
annual grassland mapping and the grassland transitions in Qinghai during 1986-2020. A
discussion is presented in Section 4. The concluding remarks are drawn in Section 5.

2. Materials and Methods
2.1. Study Area

Qinghai is an inland province in northwestern China (Figure 1), bounded by
31°36’ N-39°19’ N and 89°35’ E-103°04’ E. Qinghai occupies a land area of 722,300 square
kilometers, 60% of which is covered with grassland, breeding nearly 11% of the nationwide
grass resources. As part of Qinghai-Tibet Plateau, Qinghai has a plateau continental climate.
Qinghai experiences extremely cold winters, along with mild summers and significant
diurnal temperature variation. The average annual temperature ranges from approximately
—5 to 8 °C. In January, temperatures can vary from —18 to —7 °C, while in July they range
between 15 and 21 °C. Rainfall is predominantly observed during the summer season, while
winter and spring tend to have very low precipitation. The average altitude of Qinghai is
over 3000 m above sea level, with the lowest and highest points at elevations of 1644 m and
6851 m, respectively. Qinghai contains a number of high mountains such as the Kunlun
Mountain, Qilian Mountain, and Tanggula Mountain. There is also the headwater of the
Yangtze River, Yellow River, and Mekong River, called the Three Rivers Source Region. The
Qaidam Basin is located in the northwestern part of Qinghai, one-third of which is desert.
According to the IOCSG and the Code of Practice for Grassland Resource Survey of the
Ministry of Agriculture and Rural Affairs of China (NY /T 2998-2016) [29], the grassland
in Qinghai can be classified as nine categories including AM, AS, AMS, AD, LM, MM, TS,
TD, TDS. The social economy of Qinghai has experienced rapid growth thanks to national
strategies like the Great Western Development and the ‘Belt and Road’ initiative. This
progress has led the province to pursue a sustainable development path, aligning the social
economy with the eco-environment [30].
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Temperate steppe Lowland meadow

Temperate desert-steppe ¢  Mountain meadow

Alpine meadow-steppe Farmland
Alpine meadow ¢ Forest

Alpine steppe °  Bareland/Snow
Temperate desert ¢ Open water

Alpine desert

Figure 1. Study area and distribution of sample points.

2.2. Datasets

The datasets used in this study are listed in Table 1; they are elaborated individually
in the following subsections.

Table 1. Datasets used in this study.

Dataset Time Span Scale Provider

Landsat surface reflectance images
(Landsat 5, 7, 8) 1986-2020 30 m NASA /USGS
Digital elevation model (SRTM DEM) 2000 30m NASA
Grassland thematic map (QGLM) 2011 1:1,000,000 the Geom..atlcs Center of
Qinghai
Land cover data (World Cover 10) 2020 10 m ESA
Impervious surface (GISD30) every five years from 1985 to 2020 30 m Zhang et al. [31]

2.2.1. USGS Landsat Surface Reflectance

Among global satellite programs, the NASA /USGS Landsat program has provided
the longest continuous space-based record of Earth’s land surface since 1972. The fifty year
archives of Landsat Earth observations supply the world with an unparalleled view of
global change [12,32]. Because of the fine spatial resolution and broad temporal coverage,
Landsat datasets are considered an ideal data source for the long-term, large-scale mon-
itoring of grasslands. Landsat scenes with the highest available data quality are placed
into Tier 1 and are considered suitable for time-series analysis. Tier 1 includes Level-1
Precision and Terrain (L1TP) corrected data that have well-characterized radiometry and
are inter-calibrated across the different Landsat instruments [33]. Considering the large
extent and high temporal frequency of this study, we used all available Landsat Collection
2 Tier 1 surface reflectance (SR) products from Landsat 5 Thematic Mapper (TM), Land-
sat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager
(OLI) during 1986-2020. Figure 2 shows the distribution of Landsat Worldwide Reference
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System-2 (WRS-2) paths (131~140) and rows (33~38) that cover the geographical region of
Qinghai; the total number of image frames is 50.

Figure 2. Landsat WRS-2 codes of Qinghai.

2.2.2. Digital Elevation Model (DEM) Data

The temperature and precipitation in Qinghai are spatially heterogeneous, along with
different terrains. Consequently, altitude largely determines the distribution of different
grassland classes in relation to temperature and humidity. We used The Shuttle Radar
Topography Mission (SRTM) DEM [34] as a feature band for classification, which is directly
available on GEE. The SRTM DEM is an international research project that has produced
DEM at 30 m resolution almost worldwide.

2.2.3. Referenced Grassland Thematic Map and Land Cover Data

In this study, the 2011 grassland thematic map of Qinghai (QGLM 2011) at a scale of
1:1,000,000, authorized by the Geomatics center of Qinghai, was uploaded to GEE; it was
used to identify training and testing samples for the classifier. The thematic information of
QGLM 2011 includes nine grassland classes from the IOCSG and four land cover classes
such as farmland, open water, forest, and bare land/snow (in accord with the sample point
categories in Figure 1). At the same time, to mitigate the ambiguity of class boundaries in
QGLM 2011, the ESA World Cover 10 m 2020 product [25] with a finer resolution (10 m)
was applied to constrain samples selected from QGLM 2011 in accord with the land cover
type from the ESA World Cover 10 m 2020 by taking their intersections.

2.2.4. Impervious Surface Data

Due to the absence of impervious surface (IS) samples from QGLM 2011, as well as
the spectral complexity of IS, the existing IS product GISD30 [31] was adopted to directly
update the annual classification result. GISD30 is a global IS dataset that reflects every five
year IS dynamics from 1985 to 2020 in each 5° x 5°geographical tile. The IS dynamics at an
interval of five years are designated with a label ranging from one to eight correspondingly,
and the every five year IS maps can be further generated by progressively masking the
labelled regions. Eight geographical tiles of IS maps with a longitude code of E85 to
E100 and a latitude code of N35 to N40 were mosaiced and uploaded to GEE. The IS
maps, updated every five years, were ultimately utilized as masks to revise the grassland
classification outcomes by designating the masks as IS. Consequently, the classification
system for grassland mapping in Qinghai encompassed a total of fourteen categories,
comprising the previously mentioned nine grassland classes and four land cover classes.
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2.3. Methodology

Figure 3 illustrates the methodological framework of annual grassland classification
of Qinghai from 1986 to 2020, which consists of three major components: annual image
composition, classifier training, and annual grassland mapping. In the first part, the
annual source images were prepared by quarterly compositing multi-sensor and multi-
temporal Landsat surface reflectance images. Then, a Random Forest (RF) classifier was
trained according to the composite image of the year 2011 and its referenced grassland
thematic map. The final component involves the generation of annual grassland maps from
1986 to 2020 by applying the trained classifier and post-classification processes. Detailed
information on the procedures of annual grassland classification will be presented in
subsequent sections.

Annual Image Composition Classifier Training

Google Earth Engine

Landsat 5, 7, 8 Surface
reflectance (SR) archives
(1986-2020)

2011 grassland

thematic map ESA WorldCover 10m

¢ Time & Geometry filtering
» Cloud Masking

—v—'l 2011 composited image |

+ Stratified Random Sampling

| Training Samples '——' Testing Samples |

i

1

1

I

I

|

1

Trained Random !
—’| Accuracy Assessment | ;
1

1

]

[}

I

]

NASA SRTM DEM

SR image composition by quarters for each year

Forest Classifier

i— ______________________________________________________ + Spatial filtering i
: *  GISD30 replacement !
I 1
i Classification results from 1986 to 2020 i
| B 2 |
! g g :
1 b 'y Y 5 |
! 1986 & 2020 % !
| |
| |
I I

Annual Grassland Mapping

Figure 3. Methodological framework of annual grassland classification from 1986 to 2020.

2.3.1. Annual Image Composition

The high temporal frequency, wide geographic coverage, and frequent cloud cover
makes it difficult to map the grassland of Qinghai annually from 1986 to 2020. Thus, we
made full use of all Landsat archives by compositing multi-sensor, multi-temporal images
covering the 50 frames through the GEE platform. Table 2 lists the available Landsat
satellites for each year according to their different service periods and GEE archives.

Table 2. Available Landsat satellite for image composition during 1986 to 2020.

Year Available Satellite
1986-1998 Landsat 5
1999-2012 Landsat 5, 7
2013-2020 Landsat 7,8
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In a specific year, the available SR data from Landsat 5, 7, and 8 were first filtered
based on the given year and the boundary of Qinghai. At the same time, the corresponding
bands of multi-sensors were selected, including blue band (B), green band (G), red band
(R), near-infrared band (NIR), and two shortwave infrared bands (SWI1, SWI2). Then,
the QA_PIXEL band, which indexes the pixel quality attributes from the C Function of
Mask (CEMASK) [35] algorithm, was employed to mask dilated clouds, clouds, and cloud
shadows. Subsequently, the annual image collection was reduced quarterly by a statistical
median reducer on GEE for images dated from January to March, April to June, July to
September, and October to December, respectively. The obstinately masked pixels in the
annual image collection can be filled by the median value of pixels from the neighbored
two years. In this way, the Landsat archives are fully utilized to fill in the missing data
due to cloud masks and striping problems of the Landsat-7 sensor. At the same time, the
successive seasonal spectrum information has also been integrated into the final annual
composite image. Finally, the terrain data, namely SRTM DEM, was added as a band. Each
final annual image consists of 24 spectral bands (6 spectral bands per quarterly composite
image) and a DEM band, namely, 25 bands in total. They were used as input features for
subsequent grassland classification.

The effectiveness of the proposed annual image composition method was verified in
terms of two aspects. One is the percentage of invalid data in the final composite image.
Taking the third quarter from July to September for example, the composite image based on
the proposed strategy was compared to the composite image from a single Landsat sensor.
The other aspect is the accuracy of final classification result based on the composite image.
Similarly, the quarterly composite of the year was compared to the composite image of the
third quarter. In addition, the accuracies of whether considering the elevation information
or not for both the two cases were also compared.

2.3.2. Classifier Training

In this study, the training and testing samples were taken from the 2011 annual image
using the QGLM 2011 as a reference map. As shown in Figure 1, thirteen classes of the
designed classification system (except for IS) were sampled from QGLM 2011 based on
stratified random strategy. Each class has four thousand samples and they were split into
training and testing samples at 7:3. The inter-class spectral separability among the thirteen
classes were further analyzed based on the Jeffries-Matusita (JM) distance [36], which
ranges from 0 to 2 with increasing inter-class separability. The Random Forest classifier has
been used in many large-scale classification tasks on GEE owing to its reliability [37-39].
We trained an RF classifier with one hundred trees based on the training samples. The
performance of the trained RF classifier was evaluated by commonly used metrics such
as user’s accuracy (UA), producer’s accuracy (PA), overall accuracy (OA), and kappa
coefficient. These metrics are calculated based on a confusion matrix, which is a table that
provides statistics on the number of predicted and actual labels of the testing samples from
QGLM 2011.

2.3.3. Annual Grassland Mapping

In this study, the referenced grassland samples are limited and only samples from
QGLM 2011 are available. A lack of historical reference samples is a common problem
when conducting large-scale and long-term land cover classification. A previous study by
Gong et al. [40] successfully transferred a global training sample set developed in 2015 at
30 m resolution to classify 10 m resolution images acquired in 2017 with a sensor on board a
different satellite, using RF as the classifier. Experiment results from [40] indicated that the
classification result using the RF classifier in global land cover mapping is still stable at a 1%
loss of overall accuracy even if there are 60% fewer sample points, the land cover changes
by 20%, or the training samples contain a 20% error. Similar research can also be seen in
urban land classification [41] and land cover mapping at a regional scale [42]. Moreover,
the surface reflectance images from different Landsat instruments have well-characterized
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radiometry and are inter-calibrated [33]. Thus, the same strategy was adopted due to
the absence of historically referenced grassland samples. We transferred the RF classifier
trained on training samples from QGLM 2011 (Section 2.3.2) to the classification of the
other years’” annual composite images from 1986 to 2020. In terms of post-classification
processing, a majority spatial filter with a 3 x 3 window was used to replace isolated
pixels with the mode of surrounding pixels’ labels. The final annual thematic map was
produced by updating the classification result every five years with IS masks generated
based on GISD30.

2.3.4. Grassland Transition Analysis

Once the annual grassland classification data are generated, grassland transition in
Qinghai can be further analyzed. We first counted the area of each thematic class over
35 years and a time series decomposition method named Seasonal and Trend decompo-
sition using Loess (STL) [43] was used to obtain the trend item for each thematic class.
Subsequently, we calculated the transition matrix among different grassland classes from
1986 to 2020 in order to obtain the quantitative statistics of changes for each thematic class
in terms of area and percentage. For each thematic class, the changed area is calculated by
subtracting area in 2020 from area in 1986; the changed percentage is calculated by dividing
the absolute value of area change by the area in 1986. In addition, the spatial distribution
of the changes of AM, AS, and bareland/snow were illustrated as they cover the most land
surfaces in Qinghai.

3. Results
3.1. Annual Grassland Mapping

The separability among different grassland classes and the feature importance of the
25 bands for the RF classifier were firstly investigated in this study. Figure 4 illustrates
the JM distance matrix for the 13 classes and demonstrates the measures of separability
between every two grassland classes. As a whole, the JM distance of most pairs of classes
is greater than 1.90, which means the majority of grassland classes in Qinghai have strong
separability in terms of the 25 bands. Meanwhile, the JM distance between TD and TS is
smaller at 1.708 and AS and AM have the smallest JM distance at 1.487.
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Figure 4. JM distance matrix of the thirteen sampled classes.
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Figure 5 shows the feature importance of the 25 bands when the RF classifier was
trained. It shows that the elevation and the Q3_NIR band are of remarkable importance
during the classification. The NIR, SWI1, and SWI2 bands in the second and third quarters,
i.e., from April to September, are more important than other quarters. These facts indicate
that the elevation and infrared bands during the grass growing period are vital factors to
distinguish different classes when training an RF classifier.

Elevation

0.0 0.2 04 0.6 0.8 1.0
Feature importance

Figure 5. Feature importance of RF classifier.

Figure 6 illustrates the classification result of a composite image of Qinghai in 2011;
the result was quantitatively evaluated by testing samples. Table 3 presents the confusion
matrix providing statistics on the number of predicted (Prediction) and actual labels (Truth)
of the testing samples from QGLM 2011. As a whole, the classifier achieved an overall
accuracy at 0.892 and the kappa coefficient is 0.883. Most thematic classes received a
user accuracy (UA) and producer accuracy (PA) above 0.90. It is worth noting that the
PA and UA are relatively lower for alpine meadow, alpine steppe, temperate desert, and
temperate steppe, which is in accord with the inter-separability analysis we discussed in
Figure 4. As shown in Figure 6, the Qinghai 2011 grassland mapping accurately shows the
distribution of the different grassland classes. Overall, the grassland exhibits a horizontal
zonality ranging from the warm and humid southeast to the dry and cold northwest, with
a sequence of alpine meadow, alpine steppe, desert steppe, and alpine desert that include
sand dunes [44]. Three detailed regions of the Qinghai 2011 grassland map with different
landscapes, denoted as A, B, and C in Figure 6, are presented in Figure 7. Figure 8 depicts
the corresponding regions every five years during 1995-2020. The results have shown fine
classification results of intricate grasslands, finespun rivers, as well as dilated IS regions
from GISD30.
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Figure 6. Qinghai grassland mapping in the year 2011 (Georeference: WGS-84, Projection: Albers
Equal Area Conic, central meridian: 96° E, 1st standard parallel: 27° N, 2nd standard parallel:
45° N, unit: m). A, B and C represent the exampled regions demonstrated in Figures 7 and 8. Crosses
represent the coordinate grid.

Table 3. Accuracy assessment for grassland mapping of Qinghai in 2011 1.

Prediction
TS TDS AMS AM  AS TD AD LM MM  Farmland Forest ~ Dareland/  Open .
Snow Water
TS 913 91 19 18 2 111 4 4 8 11 11 5 0 0.744
TDS 40 1164 2 1 0 10 0 0 0 2 0 1 0 0.954
AMS 2 2 1085 70 46 0 0 0 0 0 0 1 0 0.900
AM 14 4 83 788 126 11 14 0 70 3 15 12 0 0.691
AS 40 8 71 52 877 69 54 0 3 1 0 25 0 0.731
D 63 14 1 2 31 992 20 34 1 1 2 18 0 0.841
Truth AD 0 0 10 5 4 15 1165 0 0 0 0 5 0 0.938
LM 2 0 0 0 0 10 0 1126 0 1 0 3 1 0.985
MM 5 0 0 10 0 0 0 0 1141 0 4 0 0 0.984
Farmland 26 1 0 0 0 4 0 4 0 1183 1 0 0 0.970
Forest 7 0 0 1 0 1 0 0 5 2 1192 0 0 0.987
Bareland/ 2 0 3 9 58 26 28 6 0 0 0 966 5 0.876
Snow
ng; 1 0 0 1 0 2 0 0 0 0 1 5 1190 0.992
UA 0819 0907 0852 0823 0742 0793 0907 0959 0929 0959 0972 0.928 0.995
Overall Accuracy: 0.892 Kappa: 0.883

1 TS: temperate steppe, TDS: temperate desert-steppe, AMS: alpine meadow-steppe, AM: alpine meadow, AS:
alpine steppe, TD: temperate desert, AD: alpine desert, LM: lowland meadow, MM: mountain meadow.
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Temperate desert-steppe [ | Open water [ ] Lowland meadow
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Figure 7. Detailed regions A, B, C (from left to right) in Qinghai grassland map of 2011.
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I Impervious surface I Forest [ ]Bareland/Snow [ ] Farmland
[ ] Temperate desert-steppe [ ] Open water [ ] Lowland meadow
[ ] Temperate desert [ Alpine meadow [ Alpine steppe

Figure 8. Detailed regions A, B, and C (from up to down) of Qinghai grassland map every five years
during 1995-2020.

Moreover, the effectiveness of the proposed annual image composition method was
further verified according to the scheme in Section 2.3.1. On the one hand, Table 4 shows the
percentage of invalid data in the quinquennial composite image obtained by compositing
single Landsat satellite sensor images from July to September and by the proposed strategy
from the same period. It is apparent that all the composite images with the proposed
strategy hold a significantly low ratio of invalid data, which ensures the integrity of the
grassland classification results to a large extent. On the other hand, Figure 9 illustrates
the effects of different image composite strategies on classification accuracy. As seen
in Figure 9, if the 2011 annual composite image only has spectrum information during
July to September (noted as the composite of the third quarter), the overall accuracy and
kappa coefficient is the lowest, at 0.814 and 0.798, respectively. Nevertheless, the quarterly
composite of the whole year with temporal features of grassland spectrum achieved an
overall accuracy and kappa coefficient at 0.870 and 0.859, respectively. It is notable that
elevation is an important feature in Qinghai grassland classification (see Figure 5); the
integration of elevation information has also greatly promoted the classification accuracy
for both the foregoing two cases. The proposed strategy achieved the highest overall
accuracy and kappa coefficient at 0.892 and 0.883, respectively.

Table 4. Percentages of invalid data in the different composite images during Jul.-Sept.

Year Landsat 5 Landsat 7 Landsat 8 The Pr.o posed
Composite Image
1990 10.011% \ \ 0.462%
1995 12.048% \ \ 0.026%
2000 3.026% 12.935% \ 0.0003%
2005 11.451% 12.347% \ 0.006%
2010 4.665% 11.598% \ 0.002%
2011 4.534% 11.738% \ 0.006%
2015 \ 3.774% 1.331% 0.001%

2020 \ 3.481% 4.493% 0.003%
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Figure 9. Effects of different image composite strategies on classification accuracy.

3.2. Qinghai Grasslands Transition during 1986-2020

With the 35-year grassland mapping products of Qinghai, the grassland transition
can be further analyzed. Figure 10 shows a batch of 35-year area time series for different
thematic classes. As shown in Figure 10, the area of IS and bareland/snow shows a
persistent trend of rise and decline, respectively. Meanwhile, it can be found that the areas
of most thematic classes such as TS, TDS, AMS, AM, AS, TD, MM, farmland, and forest
have experienced apparent increases around the year 2000. While around the same year,
the AD, LM, and open water came across a decrement. From 2016 to 2020, the areas of
AMS, AS, MM, and TDS showed a trend of decline of various extents. The areas of AD,
forest, open water, and AM have shown a clear growth trend. TS, TD, LM, and farmland
maintained a stable situation over a longer historical period since the year 2000.

Figure 11a,b presents quantitative statistics of change for each thematic class during
the 35 years in terms of area and percentage, respectively. Figure 12 is a stacked bar chart
of the thematic classes in 2020; each bar exhibits the proportional contribution of different
thematic classes from 1986. Figure 13 demonstrates more detailed transitions of classes in
Qinghai from 1986 to 2020 with a Sankey diagram. Seen from Figure 11, it is eye-catching
that the area of IS has increased by 281.9% during the 35 years. Meanwhile, the areas of
AMS, AS, MM, and bareland /snow have declined by around 30% and the percentage of
decline for LM is relatively small at 2.6%. In contrast, the areas of the other nine classes
experienced varying degrees of growth; the grassland in Qinghai increased by 46,400 km?
in total. As the two dominant grassland classes in Qinghai, the area of AM increased by
56,900 km? at a percentage of 31.4%, while the area of AS decreased by 34,200 km? at a
percentage of 28.9%. The forest area also increased by 57%, with 10,400 km?.
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Figure 10. Time series of areas and trends of SLT decomposition for fourteen thematic classes.



Land 2023, 12, 1686

TS A 4.3
TDS 4 0.4
AMS A 3.4
- e
TD 4 9.3
AD - L B s
TDS
LM A -0.2 ANE
MM 4 -3. . AM
L =
Farmland - 3.1 D
s AD
Forest -10.4 LM
-65.1 . MM
Open water - 8.5 BN Forest
[ Bareland/Snow
Impervious surface |0.4 Open water
BN Impervious surface
-60 -40 —20 0 20 40 60
Area (x103km?)
(a)
TS
TS 17.8 TDS
AMS
TDS - 67.2 - AM
. AS
AMS 1 -39.3 ™
1 314 N AD
AM e o
AS A 289 - MM
- Farmland
TD - 434 BN Forest
[0 Bareland/Snow
AD 1 I Opesaes
LM A 26 B Impervious surface
wi |
Farmland - 66.3
Bareland/Snow - —25.9-
Open water - 384

Imperviouse surface -

100 150 200

Percentage (%)

(b)

o 4
o
[=}

-50

Figure 11. Area and percentage of change for each thematic class from 1986 to 2020. (a) area of

change; (b) percentage of change.

250




Land 2023, 12, 1686 17 of 22

TS
EE TDS
AMS
. AM
- AS
Farmland A l I D
s AD
rorest | [N [ o
N MM
aretanc/snow | I Furmiand
Open water ‘- EEE Forest
B [ Bareland/Snow
Impervious surface -‘ IOpenv»ta(er )
| impervious surface
T

0 50 100 150 200
Area (x103km?)

Figure 12. Area of each thematic class in 2020 and transformational contributions of different thematic
classes from 1986.
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Figure 13. The Sankey diagram of grassland transitions from 1986 to 2020.

As shown in Figures 12 and 13, AM, bareland/snow, and AS are the three largest
land surfaces of Qinghai. Notably, the variations in these land surfaces from 1986 to 2020
are particularly significant. In this period, there has been a conversion of approximately
40,000 km? of AS to AM, while around 70,000 km? of bareland /snow has transformed into
grasslands such as AM, AS, TD, and AD. The spatial distribution of transitions between
AM and AS can be observed in Figure 14a. Primarily, the transformations from AS to
AM occurred at the junctions of these two classes. Furthermore, the scope of AM has a
trend of expanding westward. The distribution pattern of the bareland/snow decrease
from 1986 to 2020 is exhibited in Figure 14b. These changes primarily occurred around
the Qaidam Basin, where bareland has undergone a substantial conversion to grasslands.
Other reductions in bareland /snow are observed in the southwestern border of Qinghai,
encompassing snowcapped high mountains like the Tanggula Mountain. These alterations
may be attributable to the melting of snow and ice in these regions.
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Figure 14. Distribution of changes for typical classes. (a) transitions between AM and AS.
(b) changes of bareland /snow.

4. Discussion
4.1. Grassland Mapping of Qinghai

In this study, the classification of the large-scale grassland of Qinghai in terms of the
IOCSG was comprehensively investigated by means of remote sensing.

The IOCSG is a grassland classification system proposed by Ren et al. [6] in the 1960s;
it has been commonly used in the practice of grassland classification for the past several
decades in China. The IOCSG determined the first-level class of grassland by using the
>0 °C annual accumulated temperature and moisture index [6]; thus, it can be utilized to
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classify grassland according to climate materials. For example, Wei et al. [45] analyzed the
changing characteristics of thermal and moisture conditions over the past 30 years in Inner
Mongolia and illustrated the distribution and spatiotemporal variation in grassland types
based on the IOCSG. However, the classification result tends to be imprecise because of
the coarse resolution of climate data, typically reported at a kilometer level. This study
successfully utilized Landsat data at a 30 m resolution to conduct grassland classification
in terms of IOCSG. The JM distance among nine grassland classes and four land cover
classes (Figure 4) indicated the feasibility of classifying these classes with the designed
25 feature bands. In addition, the feature importance analysis for the trained RF classifier
suggested that the elevation and infrared bands during the grass growing period are vital
factors to distinguish different classes when training an RF classifier; this is further verified
by the accuracy comparison of different composite strategies in Figure 9. Utilizing the
composite image of only the third quarter can achieve a classification overall accuracy at
0.814. Elevation can further promote the accuracy for either a composite image of the third
quarter or a quarterly composite image of a year.

When mapping large-scale grassland in alpine regions, it is critical to generate annual
baseline images for classification facing the challenges of large spatial extent, large time
span, high temporal frequency, and heavy cloud cover. When aiming to relieve missing data
and cloud masks, a straightforward strategy for a given pixel is to generate a composite
value by using satellite observations as much as possible. Phan et al. [11] explored the role
of image composition when classifying land cover by using an RF classifier on GEE. Their
results show that all images available in a year produce lower accuracy than seasonal image
composition and composition images from multiple years’ data produce land cover maps
with lower accuracy than those from a single year. Different from seasonal composition
in [11], our strategy is to generate the quarterly composition of all the available images of
a year from multiple Landsat sensors. The effectiveness and advantages of the proposed
strategy mainly lie in two perspectives. On the one hand, it can significantly decrease the
invalid data in the final composite image (see Table 4). On the other hand, the proposed
annual image composition strategy can promote the accuracy of grassland classification by
integrating the temporal information of grassland into the final annual composite image
(see Figure 9).

The generated annual grassland thematic data in Qinghai from 1986 to 2020 can serve
as an elementary dataset for further studies like the vegetation productivity of different
grasslands and the response characteristics of different grasslands to climate change. The
proposed methodology of large-scale grassland classification can also be referenced to
applications like land use/cover mapping and the monitoring of other ecological resources.

4.2. Grassland Transitions in Qinghai

In recent decades, Qinghai has witnessed sustained population growth and the accom-
panying urban expansion. Warming on the Qinghai-Tibet Plateau has been greater than
the global average level [45]. These anthropogenic disturbances and climate change have
greatly promoted the possibility of grassland change in Qinghai. The products of Qinghai
grassland annual maps from 1986 to 2020 provide a long-term time series dataset for such
transition analysis at a 30 m resolution. In general, the area of IS and bareland/snow
has kept a persistent trend of rise and decline, respectively, during the 35 years. These
observed patterns can be attributed to progressive urbanization and an increased awareness
of grassland conservation. Meanwhile, the grassland area of each category in Qinghai ex-
hibits a fluctuating trend under the combined and comprehensive effects of anthropogenic
disturbances and climate change. For example, the grassland changes around the year 2000
can be partly interpreted and supported by the alteration of the grassland management
policy. According to [46], in the 1980s, the household owned livestock and grazing rights
to specified tracts of grassland under the household contract responsibility system. The
livestock numbers surged under the loose restrictions on livestock inventories. As a result,
there was an alarming degradation of grassland nationwide until the national campaign of
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livestock exclusion from grasslands commenced in the early 2000s [47]. A large number
of herder families have been moving from the Three Rivers Source Region to centralized
resettlement areas and urbanization was continuously promoted (see IS area time series
in Figure 10). Prominent warming and wetting in Qinghai-Tibet Plateau since the 1980s
has been reported in studies [48,49]. Lou et al. [50] revealed rapid vegetation greening
in the changing climate from 1988 to 2018 on the Qinghai-Tibet Plateau. They claimed
that precipitation and air temperature are the dominant factors in the greening of the
Qinghai-Tibet Plateau and that the greening is mainly a transition from bareland to alpine
grassland. This is in accord with our results that the extent of bareland /snow in Qinghai
has decreased by 65,100 km? from 1986 to 2020, whereas grasslands have expanded by
46,400 km? during the same period. Additionally, as the IOCSG determine the moisture
index (K-value in [6]) of AM is at >1.5 while AS is at 0.9-1.2, the AM tends to be more
suitable for humid environments than AS. In our results, there has been a conversion of
approximately 40,000 km? of AS to AM. This conversion is also in line with the wetting
trend observed in Qinghai.

4.3. Limitations

Uncertainties still exist to some extent in the 35-year Qinghai grassland mapping
products on account of the complexity of the Qinghai grassland ecosystem over such
a broad geographical and temporal cover, as well as the scarcity of historical reference
grassland samples. Additionally, the long-term transition of Qinghai grassland is a result
of the comprehensive effects of human activities and climate change. In future studies, we
will explore detailed driven factors of grassland transition and its mechanisms in Qinghai
in terms of long-term meteorological data.

5. Conclusions

In this work, the large-scale classification of alpine grassland in terms of IOCSG with
fine temporal range and frequency was systematically investigated on GEE. A strategy
of compositing multi-sensors and multi-temporal Landsat surface reflectance data was
designed to obtain baseline images against the difficulties of high temporal frequency, wide
geographic coverage, and frequent cloud cover across alpine regions. Annual classification
products of grasslands in Qinghai, China, from 1986 to 2020 at 30 m were produced with
14 thematic classes. The quantitative and qualitative analyzes of the results have shown
the effectiveness of the proposed methodology. Ultimately, the grassland transitions in
Qinghai during 1986-2020 were analyzed. Our main findings include: (1) The different
grasslands in Qinghai can be effectively differentiated in terms of the IOCSG by utilizing the
designed feature bands of remote sensing data. (2) The proposed image composite strategy
can significantly decrease the invalid data and promote classification accuracy. (3) The
transitions of grassland in Qinghai from 1986 to 2020 imply the progressive urbanization,
warming, and wetting trend in Qinghai.
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