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Estimation of Grassland Height Based on the
Random Forest Algorithm and Remote Sensing

in the Tibetan Plateau
Jianpeng Yin , Qisheng Feng, Tiangang Liang, Baoping Meng, Shuxia Yang, Jinlong Gao, Jing Ge ,

Mengjing Hou, Jie Liu, Wei Wang, Hui Yu, and Baokang Liu

Abstract—Grassland height is one of the main factors used to
evaluate grassland conditions. However, the retrieval of natural
grassland height at the regional scale by remote sensing data and
conventional statistical models will result in large errors, especially
in the heterogeneous alpine grassland of the Tibetan Plateau (TP).
In this article, we aimed to construct a model based on multiple vari-
ables (biogeographical, meteorological, and Moderate Resolution
Imaging Spectroradiometer (MODIS) product) using a random
forest (RF) algorithm to predict the spatial distribution of grassland
height in the TP from 2003 to 2017. The results show the following
conditions. 1) Seven variables (elevation, slope, aspect, enhanced
vegetation index, reflectance in band seven of MODIS (B7), annual
accumulated temperature (≥0 °C), and annual precipitation) that
were selected by recursive feature elimination from 11 variables
have high importance in the RF model. The final model exhibits
good performance, with mean R2 and root mean squared error
values of 0.51 and 6.15 cm, respectively, which were determined via
10-fold crossvalidation. 2) The mean grassland height (2003–2017)
predicted by the RF model ranges from 5 to 10 cm in most areas
of the TP, and the mean height is 10 cm. The grassland height in
the east and southeast of the TP is significantly higher than that in
other areas. 3) This article achieves a relatively accurate estimation
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of grassland height over a large spatial scale at 500-m spatial
resolution, which plays an important role in accurately estimating
aboveground biomass and evapotranspiration over grassland.

Index Terms—Grassland height, random forest (RF), Tibetan
Plateau (TP).

I. INTRODUCTION

THE GRASSLAND ecosystem in the Tibetan Plateau (TP)
plays a significant role in the global carbon cycle [1], global

climate change [2], and the development of the pastoral economy
[3]. As a typical biophysical characteristic, grassland height
is used not only to accurately assess grassland aboveground
biomass [3], [4], but also as an important indicator for estimating
grassland degradation [5]. In addition, grassland height is an
indispensable prediction parameter for the early warning and
intensity estimation for snow disasters [6]. Grassland height also
has an impact on the estimation of sensible heat flux and surface
evapotranspiration in the TP [7] where grassland is the dominant
vegetation type [8]. Therefore, accurate and dynamic monitoring
of grassland height is of utmost importance.

To date, grassland height has been predicted by remote
sensing data derived from various sensors, including LiDAR
[9]–[11], reflected GPS signals [12], ultrasonic sensors [13],
unmanned aerial vehicles [14]–[16], airborne synthetic aperture
radar sensors [17], and airborne hyperspectral images [18].
These sensors provide fast- and high-accuracy monitoring of
grassland height over a small scale. At the regional scale, the
height retrieved in heterogeneous natural grasslands usually de-
pends on multispectral satellite data and conventional statistical
models. For example, Marsett et al. [19] mapped the height
of herbaceous vegetation in arid grasslands at 30-m resolution
based on a linear model constructed by using the near-infrared
band of Landsat 5 (R2 = 0.85); meanwhile, they found this
method is not applicable when forbs account for more than
30% of the total vegetation cover. He et al. [20] retrieved the
grassland height in Grasslands National Park of Canada using a
regression model of leaf area index (LAI) acquired from SPOT 4
HRV images, and the accuracy of the canopy height map reached
83.1% because the measured LAI was strongly correlated with
the grassland height in the study area. Chen et al. [7] constructed
a canopy height model to predict vegetation height, which as-
sumed that the grassland height changes throughout the growing
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season as a function of the normalized difference vegetation
index (NDVI).

However, the above methods of retrieving grassland height
at the regional scale do not consider the influence of other
factors (i.e., climatic and topographic) on grassland height,
and these models were applied to homogeneous grassland with
small height variability. Compared to these study areas, the
alpine grassland of the TP is vast, with many vegetation types
and large community composition differences, which lead to
increased variability in grassland height. Our previous research
indicated low accuracy of alpine grassland height retrievals
that were obtained by combining a simple power model and
enhanced vegetation index (EVI) from Moderate Resolution
Imaging Spectroradiometer (MODIS) (R2 = 0.2496, RMSE =
7.02 cm), although EVI is sensitive to alpine grassland height [3].
Therefore, it must be acknowledged that conventional statistical
models have limitations in accurately predicting the height of
alpine grassland at the regional scale. A model for improving
the prediction accuracy of alpine grassland height is urgently
needed.

The random forest (RF) algorithm is a machine learning
method for regression and classification [21]. RF exhibits im-
proved performance in addressing high-dimensional regression
problems [22] owing to several advantages such as avoiding
overfitting, processing the nonlinearity of variables [23], and
reducing calculation time [24]. For these reasons, the RF al-
gorithm has been mainly used to construct predictive models
for estimating forest height at large spatial scales in recent
years [25]–[28]. Above all, the complex models constructed
by the machine learning algorithm provide support for accurate
prediction over large spatial scales. The combination of the RF
algorithm and multispectral satellite data for the prediction of
alpine grassland height is worth exploring.

In this article, we collected many field-measured grassland
height data and remotely sensed data from 2003 to 2017 in the
TP. The primary aims of this study are to 1) develop a predictive
model based on multiple variables using the RF algorithm and
2) map the spatial distribution of grassland height using a RF
model over the TP.

II. METHODS AND MATERIALS

A. Study Area

Known as the “third pole” of the Earth [29], the TP (26.5–
39.5°N, 78.3–103.1°E) lies in southwest China [Fig. 1(a)] and
has an average elevation of over 4000 m and an area of approx-
imately 2.5 million km2 [30]. The annual average temperature
is usually below 0 °C, and the annual precipitation gradually
decreases from more than 1000 mm in the southeast to less than
50 mm in the northwest [31]. Grassland is a major vegetation
type in the TP, and grassland is a fragile ecosystem that accounts
for more than 50% of the area [32]. The main grassland types
are alpine meadow, alpine steppe, and alpine desert, which cover
approximately 47%, 43%, and 9% of the total grassland area in
the TP, respectively [Fig. 1(b)]. In the areas with extensive grass-
lands, the grassland height is variable because of variations in the
climate, grazing patterns, and complex species compositions.

Fig. 1. Distribution of sample plots from 2003 to 2017 (a) and grassland types
(b) in the TP.

B. Field Data Collection

Grassland height was measured during the peak growing
season (July and August) from 2003 to 2017. To ensure spatial
matching with the MODIS pixel size, the sample plots were
established with an area of at least 1 km2 over flat terrain and in
representative grassland areas [Fig. 1(a)]. The distance between
sample plots was more than 5 km. In each sample plot, five
quadrats were uniformly set with a size of 0.5 m×0.5 m for
homogeneous grassland and 1 m×1 m for complex grassland.
In each quadrat survey, we selected more than 10 individual
plants along the 2 diagonal direction of the quadrat to manually
measure their natural plant height and then averaged all mea-
sured heights as the mean height of the sample plot. Meanwhile,
the latitude, longitude, grassland type, and cover of each quadrat
were recorded. A total of 4090 samples were collected over the
past 15 years.

C. MODIS Data and Processing

MOD13A1 (version 006) data with 500-m resolution during
the peak season (July and August) over 15 years (2003–2017)
were downloaded from the NASA data system (https://earthdata.
nasa.gov/). There are two composite images per month, and

https://earthdata.nasa.gov/
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TABLE I
ACQUIRED MOD13A1 PRODUCT

NIR represents the near-infrared band and MIR represents the mid-infrared band; 6/26
represents the date of the first day of the 16 day’s images in the product, as well as 7/12,
7/28, and 8/13.

TABLE II
EQUATIONS AND REFERENCES FOR THE INDEXES

R represents the red band, and NIR represents near-infrared band; L = 0.5 in the SAVI
equation.

detailed descriptions are shown in Table I. The data processing
included several steps as follows.

1) Transforming and registering original images in HDF
format to ESRI grid format with the Albers map projection
by using the MODIS Reprojection Tool (MRT).

2) Extracting B1, B2, B3, and B7 from the MODIS data
layers to compute three other VIs (i.e., SAVI, MSAVI,
and OSAVI) (Table II).

3) Averaging the five VIs and B7 to generate approximate
monthly data for July and August in each year (flagged
invalid values were not included in the processing) [33],
[34].

4) Matching monthly data from the sample plots according
to sampling time.

D. SRTM Data

The Shuttle Radar Topography Mission data with 90-m res-
olution were downloaded from http://srtm.csi.cgiar.org in Geo-
TIFF format to generate high-quality elevation, slope, and aspect
data. Because the aspect is a circular variable, it was then
sine transformed in the present study [see (1)], where aspect_T
is the new aspect value after transformation. For subsequent
modeling, elevation, slope, and aspect_T were resampled at the

Fig. 2. Spatial distribution of meteorological stations in the TP.

TABLE III
PREDICTOR VARIABLES IN THIS STUDY

same resolution as the MOD13A1 data and extracted as variables
corresponding to the sample plots.

aspect_T = sin

(
aspect × π

180

)
. (1)

E. Meteorological Data

Hydrothermal conditions are strongly correlated with vege-
tation growth [38]. Annual accumulated temperature (≥0 °C)
and annual precipitation data were collected from 151 meteoro-
logical stations from 2003 to 2017 (Fig. 2), and the data were
acquired from http://data.cma.cn/.

The ANUSPLIN software (version 4.3) was developed for
accurate spatial interpolation of meteorological data [39] and
was widely used [40]. According to working principle of thin-
plate spline, the surface of precipitation and temperature was
fitted. Because topographical factors have a great impact on the
spatial distribution of temperature in mountainous regions [41],
elevation was considered a covariate in the spatial interpolation
[42]. The final spatial distribution of meteorological data had a
resolution of 500 m.

http://srtm.csi.cgiar.org
http://data.cma.cn/
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TABLE IV
DESCRIPTIVE STATISTICS OF THE MEASURED GRASSLAND HEIGHT AND CORRESPONDING MODIS EVI DURING THE PEAK GROWING SEASON FROM 2003 TO 2017

F. RF Model Construction

The RF model was established using the random Forest
package (version 4.6-14) in R software (version 3.5.1). Because
the RF algorithm is based on bootstrap resampling and the
decision tree method [43], there are two key parameters that can
optimize the accuracy of the model: ntree and mtry. The ntree
parameter is the number of decision trees, and the accuracy of the
model usually increases as ntree increases, which increases the
calculation time. The mtry parameter determines the number
of node splits per tree, and its default value is one-third of
the number of independent variables [44]. After the optimal
parameter exploration process, mtry, and ntree were set to 2
and 900, respectively.

A total of 11 predictors were initially selected as variables
(Table III). To improve the accuracy and efficiency of the RF
model, the variables were further selected using recursive feature
elimination (RFE), which is a popular automatic method for
feature selection provided by the caret package (version 6.0-81)
in R software [45]–[47]. The process iteratively calculates the
importance of all variables added into the RF model and removes
the least important variables until there is one remaining variable
in the model. Finally, the optimal model with the minimum
number of variables will be determined according to a threshold
of model performance.

G. Accuracy Evaluation

The performance of the RF model was evaluated by a 10-fold
crossvalidation approach, which ensured effective generaliza-
tion [48]. All data were divided equally into 10 groups before
establishing the model. Each time the algorithm ran, one group
was removed and set aside as the test set, and the other nine
groups were used as training sets to establish the model. There-
fore, each process generated a determination coefficient (R2) and
root mean squared error (RMSE) for the training set and test set.
After 10 runs, the mean R2 and RMSE values of the test set
were regarded as indicators for evaluating model accuracy and
stability.

III. RESULTS

A. Descriptive Statistics of Grassland Height and EVI from
2003 to 2017

Table IV shows the descriptive statistics of the measured
grassland height in July and August and the corresponding EVI
over the past 15 years in the TP. During the peak growing season,
all observed grassland heights ranged from 2 to 67.6 cm (65.6 cm

TABLE V
VARIABLES SELECTED BY RFE AND THE VARIATIONS IN R2 AND RMSE WITH

THE ADDITION OF THE RESPECTIVE VARIABLE

difference), and the coefficient of variation (CV) was 0.7. The
corresponding MODIS EVI was 0.1–0.76 (0.66 difference), with
a CV of 0.33. For the five grassland types in the study area, the
average height ranged from 7.2 to 13.9 cm and the corresponding
CV varied from 0.53 to 0.73. The CV of marsh was the largest
among five grassland types, followed by alpine meadow, alpine
steppe, alpine desert, and shrubby tussock. The CV of the EVI
for the five grassland types (0.26–0.43) was far less than that of
height.

B. Variable Selection

Table V shows the selection results via RFE from the initial
11 variables. Four redundant variables (NDVI, SAVI, MSAVI,
and OSAVI) are excluded, and seven variables are selected for
constructing the optimal RF model. The best bivariate model
includes elevation and T with mean R2 and RMSE values of
0.41 and 6.76 cm, respectively. When P and B7 are added to the
model, the R2 and RMSE are 0.49 and 6.26 cm, respectively.
With the addition of the other three variables (slope, aspect_T,
and EVI), the R2 increases slightly from 0.49 to 0.51, and RMSE
slightly decreases from 6.26 to 6.16 cm.

The importance values of the selected variables are shown
in Fig. 3. Elevation is the most important biogeographical pa-
rameter affecting grassland height, while aspect_T and slope are
the least important biogeographical parameters. Of the MODIS
parameters, B7 is more important than EVI. Meteorological
parameters (P and T) are also of high importance.

C. Accuracy Assessment of the RF Model

The training of the final RF model contains seven variables
selected by RFE (Table V). After 10-fold crossvalidation, the
mean R2 and RMSE of the training set are 0.93 and 2.85 cm,
respectively. For the test set, the mean R2 and RMSE are 0.51
and 6.15 cm, respectively, which indicates that the RF model
exhibits good performance for predicting grassland height.
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Fig. 3. Importance of selected variables in the RF model.

Fig. 4. Density of estimated grassland height (a) and violin plot of estimated
height and observed height (b).

The comparison between the estimated height and observed
height is shown in Fig. 4. Overall, the RF model underestimates
grassland height in the range of high observed values (above 30
cm) [Fig. 4(a)] and overestimates in the range with low observed
values (below 3 cm) because the grassland heights below 3 cm
(3.6% of the overall observation values) were not predicted
by the model [Fig. 4(b)]. Meanwhile, the median estimated
grassland height is higher than the observed grassland height
[Fig. 4(b)].

D. Spatial Distribution of Grassland Height

The spatial distribution of grassland height in August of
each year (2003–2017) is predicted (shown in Fig. 5) by the
optimal RF model (mentioned above). Fig. 6 shows the spatial
distribution and pixel frequency of the mean grassland height

Fig. 5. Spatial distribution of the grassland height in August from 2003 to
2017 in the TP.

over the past 15 years. The predicted grassland height ranges
from 3 to 44 cm, and the mean value is 10 cm. Overall, the
areas with grassland heights below 5 cm account for only 2%
of the total grassland area, which are distributed in a part of the
southwest TP. In most regions of the study area (especially in
the middle and most part of western of the TP), the grassland
height is between 5 and 10 cm, which covers approximately
75% of the total grassland area. The area with grassland heights
of 10–15 cm is similar to the area with grassland heights of
15–20 cm (11 vs 9%, respectively). These areas are located in a
part of northeastern and some marginal areas in the north of the
TP. The area with tall grassland heights (20–25 cm and above
25 cm) accounts for less than 3% of the total grassland area
but is distributed in the east and southeast of the TP, where the
environmental conditions for grassland growth are superior to
the conditions in other regions.

Among the five main grassland types, the predicted grassland
height is mostly between 5 and 10 cm in alpine meadows, alpine
steppe, and alpine desert, accounting for 70, 86, and 54% of the
total area for each grassland type, respectively. In the part of
marsh, the predicted heights of 15–20 cm and 20–25 cm cover
a large proportion (more than 68%). The predicted height in
shrubby tussock is obviously higher than that in other grassland
types, and the grassland with heights above 25 cm cover more
than 30% of the area.
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Fig. 6. Spatial distribution and pixel frequency of the mean grassland height
in August from 2003 to 2017 in the TP.

IV. DISCUSSION

A. Selection of Variables

Variable selection is the most critical step before modeling.
Although RF model has many advantages, their accuracy is still
reduced by the influence of multicollinearity among variables
[49], [50]. Hence, this problem is worth considering when using
RF models. In the present study, RFE was used for further vari-
able selection, and the results showed that the final model with
seven variables performed better than the model with all eleven
variables. The outcome was affected by higher multicollinearity
between five of the VIs (EVI, NDVI, SAVI, OSAVI, and MSAVI)
among the 11 variables, and only the EVI was retained in the
final RF model.

In addition, RFE also inevitably selected variables with
marginal contributions. As shown in Table V, when slope,
aspect_T, and EVI were added to the model, the R2 increased by
only 0.02, and the RMSE decreased by only 0.1 cm compared
to the model with four variables. This issue, on the positive side,
will increase the robustness of the model.

B. Influence of Variables on Grassland Height

The seven variables selected for predicting grassland height
are comprehensible. Previous studies have declared that bio-
geographical parameters and meteorological parameters are

Fig. 7. Partial dependence of the variables based on the RF model.

important factors that influence vegetation distribution and
growth [51]–[53]. The MODIS band 7 (B7) is in the short-
wave infrared section of the spectrum (centered at 2130 nm)
and is closely related to cellulose and lignin [54], which are
indispensable elements for increasing vegetation height. EVI
is the most sensitive vegetation index for predicting alpine
grassland height than other MODIS VIs [3]. In addition to these
variables, LAI is extremely correlated with both grassland height
and aboveground biomass [20]. However, the LAI provided by
the MODIS MOD15A2H product has more null values in the
western and northern TP, which results in deficiencies in map-
ping the grassland height. Thus, we abandoned LAI in this study.

Fig. 7 shows the partial dependence of the variables, which
quantifies the influence of each variable on grassland height in
the RF model. Overall, the response of grassland height to each
variable is nonlinear. The grassland height decreases rapidly
with increasing elevation and B7 [Fig. 7(a) and (c)]. In contrast,
grassland height increases with increasing slope [Fig. 7(f)].
When the annual precipitation is greater than 450 mm, its
positive effect on grassland height is obvious [Fig. 7(d)]. When
the annual accumulated temperature (≥0 °C) is within approx-
imately 1100 to 4200 °C, the influence on grassland height is
great [Fig. 7(b)], while it has almost no influence on grassland
height when it is higher than 4200 °C [Fig. 7(b)]. Aspect affects
the change in grassland height by only approximately 1 cm,
which reflects that it has little contribution to the accuracy of the
RF model. The influence of EVI on grassland height is slightly
higher than that of aspect [Fig. 7(e)].

C. Model Evaluation

Mtry and ntree are hyperparameters in the RF model. In
this article, we tested several mtry and ntree values to observe
the performance of the RF model via 10-fold crossvalidation.
Because the final RF model used in this study contains only
seven variables, mtry is set to 2–7 and ntree is set to 100–1000
at intervals of 100. Fig. 8 shows the model performance using
different mtry and ntree values. However, there are not relatively
large differences in the mean RMSE and R2 values of the
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Fig. 8. Mean RMSE and R2 of the models using different mtry and ntree
values.

different models. When mtry and ntree are set to 2 and 900,
respectively, the model exhibits the best performance. Fig. 8
also reflects that the RF model is insensitive to the adjustment
of hyperparameters [55].

Although the RF model has high retrieval accuracy, there are
still unavoidable factors that affect model accuracy. First, spa-
tiotemporal inconsistency exists between field-measured data
and satellite data. Because MODIS images are more susceptible
to clouds over the TP in the summer, the approximate monthly
MODIS product is generated by averaging two MODIS products
over 16-day intervals, which minimizes the impacts from bad
pixels and cloud pixels. Therefore, to ensure a large amount of
valid data to train the RF model, we use the monthly MODIS
data to match the field-measured data. Because the study area
has complicated topography, the representation of the sample
plots is not perfect. When grassland tends to degenerate, other
surface features (i.e., bare soil and rock) in the MODIS pixel
have some influence on vegetation indices (e.g., NDVI and
EVI), which were used to establish the model. Hence, we will
consider using high spatiotemporal resolution images to aid
in future research, such as Landsat and Sentinel, whose band
reflectivity is correlated with grassland height [56]. Second, the
uneven distribution of the sample plots produces some errors
and uncertainty in the construction of the model. Most of the
sample plots are distributed in the eastern part of the TP, while
the number of sample plots in the middle and western regions
is limited due to limited road access and altitude restrictions.
Third, due to the uneven distribution of meteorological stations
on the TP, there are some errors in the spatial interpolation of
meteorological data.

V. CONCLUSION

In this article, a large number of field-measured grassland
height data from 2003 to 2017 provides powerful support for
constructing a reasonable model using the RF algorithm to pre-
dict the alpine grassland height in the TP. According to previous
research, we consider biogeographical parameters (elevation,
slope, and aspect), meteorological parameters [annual accumu-
lated temperature (≥0 °C) (T) and annual precipitation (P)],
and MODIS remote sensing parameters [NDVI, EVI, SAVI,

MSAVI, OSAVI, and band 7 (B7)] as possible variables. Out of
the 11 variables, the 7 variables of elevation, slope, aspect, T, P,
EVI, and B7 are finally selected by RFE. Of the biogeographical
parameters, elevation is more important than slope and aspect.
Both T and P are of high importance for grassland height. Of
the MODIS parameters, B7 is more important than EVI.

Finally, the RF model has good performance for predicting
alpine grassland height (R2 = 0.51 and RMSE = 6.15 cm).
Therefore, the model was used to map the spatial distribution
of the mean grassland height in August in the TP over the past
15 years. We found that the distribution of grassland height
was reasonable. In most areas of the TP, the grassland height
is between 5 and 10 cm, and the grassland heights in the east
and southeast are significantly higher than those in other areas.

The RF algorithm cannot only construct a robust model with
higher accuracy than conventional statistical models but also
provide more auxiliary analysis methods for understanding the
mechanisms of the process. In future studies, we will try to use
more predictors (e.g., hyperspectral remote sensing and high
spatiotemporal resolution images) to increase the precision of
alpine grassland height inversion models.
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