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ABSTRACT 

 

Grassland is an essential component of terrestrial ecosystems. Biomass is a key indicator 

of ecosystem quality. It is of great significance to estimate the grass biomass yield effectively 

and accurately for the grassland management and utilization of grass resources and other related 

research. In order to pursue efficient and rapid estimation of the above-ground biomass of 

grassland, this study aims to find the relationship between satellite imagery data and ground 

survey biomass data through machine learning and Google Earth Engine (GEE) platform; and 

estimate the aboveground biomass using random forest (RF) regression algorithm and remote 

sensing data. In this study, a 16-acre research site was used as the research area. After evaluating 

the RF model performance, the R^2 of this model is about 0.75. The prediction of grass biomass 

yield in 2021 was presented. Finally, the advantages and disadvantages of the model and 

improvement methods are discussed. 
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INTRODUCTION 

Accurate estimation of grassland biomass is not only helpful for effective and reasonable 

utilization and management of grassland resources but also can save a lot of time, human and 

material resources for field investigation. In this study, I use aboveground grass biomass yield 

data of the study site from 2018 and 2020 (data of 2019 is not available); and predict the 

aboveground grass biomass yield from remote sensing data by using a Random Forest (RF) 

algorithm. Then, demonstrate that the RF is an effective method in the grass biomass yield 

estimation in this study site. The entire analysis was done on Google Earth Engine, with no 

local storage or computational capability limitations. 

Traditional grass biomass estimation is mainly based on ground surveys and hand 

harvesting data. It is difficult to develop on a large scale because of its shortcomings, such as 

being time-consuming, high cost, and destructive (Jobbágy et al.,2002). However, remote 

sensing makes up for the shortcomings of ground measurement with its various spatial 

resolutions, temporal resolutions, multi-spectral, and a large amount of data availability. 

Remote sensing technology can effectively help estimating grass biomass on the ground and it 

has been widely used for grassland resource management.   

Satellite-derived vegetation indices (VIs) (e.g., normalized difference vegetation index 

(NDVI), enhanced vegetation index (EVI) ) are traditionally used to approximate or estimate 

biomass yield since they show strong relationships between plant yields and integrated NDVI 

over the entire growing season (Moriondo et al., 2007; Zhu et al., 2015; Xiao et al., 2019;). The 

method used for estimating the aboveground grass yield biomass in this study is: use GEE to 

generate different features based on remote sensing data, such as vegetation index(NDVI), 

enhanced vegetation index (EVI); use the ground survey data and remote sensing data to 
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conduct a regression model. This method is recognized as an effective method for estimating 

vegetation biomass at a regional scale in many research papers (Zeng et al.,2019). 

Google Earth Engine 

Google Earth Engine (GEE) is a powerful cloud-based geospatial processing platform of 

remote sensing data on large scales. Google Earth Engine uses the JavaScript programming 

language. This great research tool's advantage lies in its remarkable computation speed, no 

storage limit, and a variety of constantly updated data sets. This platform provides access to the 

public (Gorelick et al., 2017) and allows users to perform highly interactive algorithm 

development and develop data products at a global scale (Xiao et al.,2019). It can complete pre-

processing and calculation analysis efficiently, as processing is outsourced to Google servers 

(Xiu et al. 2019). 

 

 

 



 

3 

METHODS 

Experimental Site 

The study site was a 10-ha field at Ithaca, New York, USA (42° N 28.20′, 76° W 25.94′) 

(Fig. 1) with three soil series: well-drained Canaseraga, somewhat poorly drained Dalton and 

poorly drained Madalin. The field topography is undulating, with slopes in the sampled areas 

varying from 0 and 8% (Das et al., 2018). The site’s vegetation was dominated by Reed 

canarygrass (Phalaris arundinaceae L. Bellevue) and switchgrass (Panicum virgatum L. 

Shawnee). In this study, we do not discuss the influence of topography or soil drainage. 

+ 
Figure.1 Map of study site with location of sample points 

 

Biomass Sampling 

This study area has total 88 biomass sampling points distributed across the site. The 

aboveground yield from each sample plot was determined using hand-harvesting of replicate 1-

m2 quadrants, then followed by weighing and dry matter analysis. Root crowns were not 
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sampled (Das et al., 2018). The harvesting time is about November every year. Biomass 

harvesting is a traditional method for grassland above ground biomass estimation and can 

provide an accurate assessment in a small area. 

Remote Sensing Data  

This study uses remote sensing data from the Google Earth Engine. All remote sensing 

data processing is completed on the GEE platform. Check table 1 for more data source details. 

Table 1. Satellite data source sheet 
Data Source Spatial Resolution Data Availability 

Sentinel-2 MSI: MultiSpectral 
Instrument, Level-2A 10 meter 2017-03-28 -- 

Sentinel-1 SAR GRD: C-band Synthetic 
Aperture Radar Ground Range 

Detected, log scaling 
10 meter 2014-10-03 -- 

USGS Landsat 8 Surface Reflectance 
Tier 2 30 meter 2013-04-11 -- 

CHIRPS Pentad: Climate Hazards 
Group InfraRed Precipitation With 

Station Data (Version 2.0 Final) 
5566 meters 1981-01-01 -- 

 

Satellite Image Processing  

First, import the biomass data table and location information into Google Earth Engine 

(GEE). The second step is preprocessing the satellite imagery: removing clouds. For more 

detail: for Sentinel-2, the QA60 band contains information on whether the pixel is cloudy in the 

10th and the 11th bit for opaque and cirrus clouds. So we can check that by checking values 

which have 1 on the 10th and 11th bit, or we can use "bitwiseAnd" to achieve the same goal 

(Damien, 2021). 

Then, for the feature visualization figure 2 & figure 3: remote sensing data was used to 

obtain different features in the study area. Use data from sentinel-2 to get features for 
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Normalized difference vegetation index (NDVI) and Enhanced vegetation index (EVI); use data 

from Sentinel-1 to get the feature of VV (VV: single co-polarization, vertical transmit/vertical 

receive); data from Landsat 8 to get LST(Land Surface Temperature) feature; data from 

CHIRPS to get the feature of precipitation. NDVI helps researchers determine the density of 

vegetation in an area. Set the time range from October to November for each year. 

The calculation formula for the different indexes are as follows： 

Table 2. Table 2 Definition of spectral indices 

 
ρNIR is the reflectance of near-infrared (835.1nm (S2A) / 833 nm (S2B)), ρRed is the reflectance of red 
(664.5nm (S2A) / 665nm (S2B), ρBlue is the reflectance of blue (496.6nm (S2A) / 492.1nm (S2B)) and 
ρNIR is the reflectance of short-wave infrared (835.1nm (S2A) / 833 nm (S2B)) of the solar spectrum 
(Sentinel-2 MSI, 2021). The parameters adopted in the EVI algorithm are L = 1, C1 = 6, C2 = 7.5 and 
G (gain factor) = 2.5.(Islam et al., 2009) 

 
Figure 2. Feature Visualization for 2018          Figure 3. Feature Visualization for 2020   
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Data Exploration 

To better visualize the correlation between the features and ground survey biomass yield 

data, draw two-color plot graphs of each feature via GEE. In order to better visualize the 

correlation between different features and ground survey biomass yield data, I used GEE to 

draw a two-color plot of a total of 176 biomass sample point data and the values of each feature 

from 2018 and 2020.  

 

 
Figure 4. The correlation plot of a total of 176 sample point biomass data and the values of 

each feature for 2018 and 2020 from October to November.  
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According to the plot graphs, there is a certain relationship between these independent 

variables and dependent variables, especially for VV and NIR; they fit well the biomass data. 

So I believe it is reasonable to build a model to make predictions. In addition, ecosystem and 

environmental data usually consist of continuous data and categorical data. In order to ensure 

that the model can be applied to the data set composed of multiple types of data, the random 

Forest model was selected to ensure the optimal results of the model with limited data sets. 

The precipitation feature value is a straight line because: during the study time range, the 

precipitation feature value is the same within the study area based on remote sensing data. This 

is because the spatial resolution of the precipitation dataset is 5566 meters(1 pixel), which is 

much larger than our 16-acre study site. The value of each pixel in the study area is the same, 

which is also why the color of the participation feature visualization is consistent. 

Feature Processing 

Used the normalization method to preprocess the dataset to optimize the model accuracy 

and modeling speed. The normalization process shrinks the original data value to a range of 

[0,1]. The normalized dataset was used to run the random forest model.  

Train Test Split 

Ensure that the training samples are uncorrelated with the evaluation samples. Splitting 

the dataset into the training and test dataset, where 70% of the original dataset was used to 

model train, and the other 30% of the original dataset were used as test data for model validation 

(Zeng et al., 2019). The training dataset will be used for training the data, and the test data will 

be used in evaluating the performance of the model. 
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Random Forest Model 

Random forest (RF) is a machine learning algorithm used for classification and regression 

developed by Breiman (2001). One of the main advantages of RF is its ability to accurately 

describe complex relationships between its independent and dependent variables when 

introducing complex ecosystem and environmental variables (Fu et al., 2017). Compared with 

the traditional linear regression model, the random forest model used the bootstrap method to 

resample the original dataset, which utilized the original dataset efficiently. Since our dataset is 

relatively small for a machine learning model, this study chooses to use the random forest model 

for grassland biomass estimation.  

In this study, the dependent variable is the biomass, and the independent variables are the 

seven features: RGB, NDVI, LSWI, EVI, VV, LST, Precipitation. Those features were selected 

as inputs in the RF modeling process. 



 

9 

RESULTS AND DISCUSSION 

Evaluation of RF Model 

The performance of the models was assessed based on the R-squared value(R^2), Mean 

Squared Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE). The 

result showed: 

 
 

The result of R^2 is about 75%. R^2 score is a metric that tells the performance of your 

model. Usually, this is a good result which demonstrates that the RF model is an effective 

method in the grass yield estimation in this site. It shows that the satellite's multi-spectral image 

can meet the needs of remote sensing inversion of grassland biomass. 

Model Performance 

Using the ground harvesting biomass data and the predicted value to draw a dot plot.  

The closer the slope of the trend line is to 1, the closer the predicted value is to the actual 

data. 
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Figure 5. Random Forest Model Performance 

 

Feature Importance 

One benefit from the Random forest model is the feature importance score. The higher the 

score of a feature, the more important this feature is in the modeling process. Based on the 

result, we can say that VV and NIR play more important roles in the biomass prediction process 

compared with other features.  

Generally speaking, NDVI determines the density of green on an area of land (Weier and 

Herring, 2000). The results of Zhu's research clearly show that NDVI has a strong correlation 

to aboveground biomass (AGB) as well (Zhu et al.,2015). However, in this study, NDVI only 

showed the third-highest importance. The reason that VV's importance is higher than NDVI is: 

NDVI is from optical remote sensing, and VV is from Radar (SAR). Different from optical 

remote sensing, Radar provides superior penetration capability through any type of weather 

condition and can be used in the day or night time. Sentinel-1 collects C-band synthetic aperture 

radar (SAR) imagery at a variety of polarizations and resolutions. Unlike optical remote 

sensing, radar data is not affected by cloud cover, and THE revisit time of SAR is shorter and 

more efficient. 
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Figure 6. Graph of Random Forest Variable Importance 

 

Prediction Result 

By changing the year parameter in the Google Earth Engine script, GEE will request the 

corresponding year dataset to generate prediction results output.  Use the RF model to generate 

prediction results for 2019 and 2021. Then export the TIFF file of the result and convert it to a 

CSV file by ArcGIS.  

 

 
Figure 7. 2019 Prediction Image  & 2021 Prediction Image for Grass Biomass Yield  
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Figure 8. The plot of Predicted Biomass Value for 2019 & 2021 

 

The advantages of this RF model are: effectively save human resources spent on field 

investigations; help manage and properly utilize grass resources. It is based on the 

implementation of the GEE remote sensing cloud platform, which got rid of the limitations of 

data storage and computing capabilities, and has great application potential (Zeng et al., 2019). 

Although our study provides the assessment of the RF model, some limitations still exist. 

First, the sample size is small; it may limit the accuracy of the estimation on this study area. 

Second, the RF models contain a stochastic element that results in a different biomass model in 

each iteration when they are applied to the same data(Zeng et al., 2019). Each time we run GEE, 

we get slightly different results. Third, the spatial resolution of remote sensing data limited the 

accuracy of the estimation in this study area. 

Traditional grassland biomass remote sensing estimation generally require weeks of effort 

for remote sensing data acquisition and preprocessing; while the GEE platform has a wide range 

of data sources, convenient and free access, and can efficiently preprocess massive satellite 

image data. The calculation and analysis greatly shorten the working time and provide an 

effective reference for the estimation of scattered grassland biomass in a larger area. 
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Potential Solution in the Future 

In order to optimize the RF model, collecting more data and expanding the data size will 

be helpful. Also, using cross-validation can improve the RF model. With the development of 

data science, advanced machine learning techniques and deep learning techniques could provide 

more appropriate methods to model the biomass estimation. Meanwhile, with the development 

of data collecting process, the higher resolution dataset could cooperate with these advanced 

techniques well to solve these problems. 

Moreover, collecting higher resolution multi-spectral images and using efficient 

equipment to collect data (e.g., unmanned aerial vehicle (UAV)) can help people get more 

comprehensive data faster. Due to light detection and ranging (LiDAR)'s great ability of 

collecting large amounts of data with high accuracy,  this remote sensing technique is being 

increasingly applied to obtain informative topographic maps (Torre-Toja et al.,2020). However, 

high-density point sampling LiDAR data obtained in dedicated flights are usually costly for 

available research budgets.  
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