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ABSTRACT 

The aim of this study is to investigate the application of RS-based vegetation indices to biomass estimation, 

perform a random forest (RF) classification for estimating biomass and compare the performance of RF method 

for high resolution and medium resolution images. As data sources, orthorectified QuickBird (QB) and Landsat 

8 images acquired over Bornuur soum of Tov province, Mongolia are used. Firstly, the spectral indices were 

calculated for both images and the correlation between field measured biomass and spectral indices was 

estimated using partial least square regression. Then, the RF classification was performed to estimate the 

biomass. For all vegetation indices, VARVI yielded the highest correlation coefficient value for the Landsat 

data, while SR was considered the highest correlated index for the QB data. For both imageries, G-RVI and 

VARI were the best vegetation indices to explain the ground biomass. The relationship between the measured 

biomass and QB derived vegetation indices resulted in an r
2
 value of 0.337 and RMSE=83.435 g/m

2
, while the 

vegetation indices from Landsat performed relatively well in predicting the groundcover with a r
2
 value of 0.617 

and RMSE=50.881 g/m
2
. This could be explained by the fact that high spatial resolution images have lots of 

shadows from trees and terrain, resulting in errors for AGB estimation. 
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1. INTRODUCTION 

Generally, remote sensing (RS)-based above ground 

biomass (AGB) estimates use three types of remotely 

sensed data, namely, optical, radar, and LiDAR 

images, depending on the spatial resolution required 

and the application purposes. Optical RS datasets are 

the most widely available type of data and commonly 

used optical data include low-resolution AVHRR and 

MODIS [1], medium-resolution Landsat and SPOT 

data [2; 3] and high-resolution IKONOS, Quickbird 

(QB), Worldview, and drone data. High spatial 

resolution images have a significant number of 

shadows from trees and terrain, resulting in errors for 

AGB estimation [4]. In contrast, medium-resolution 

Landsat (30 m) data are widely used in combination 

with sample plot data for AGB estimations because 

of their free of charge availability. 

Biomass is defined as the dry weight of both AGB 

and belowground biomass living mass of vegetation, 

such as wood, bark, branches, twigs, stumps, or roots 

as well as dead mass of litter associated with the soil 

[5]. Therefore, it can be considered as a measure of 

objects’ structure and function. Thus, by knowing the 

spatial distribution of biomass, it is possible to 

calculate the new flow of terrestrial carbon, nutrient 

cycling, forest productivity, biomass energy, and 

carbon storage and sequestration by the forest, 

reducing the uncertainty of carbon emission and 

sequestration measures to support climate change 

modelling studies [6]. 

In the past 20 years, a great number of studies 

aiming at AGB estimation using RS data have been 

published. One of the most common methods to 

estimate biomass is the regression analysis, which is 

a statistical technique to investigate and model the 

relationship between dependent and independent 

variables. Some estimation methods have been 

established as a nonparametric alternative to the use 

of regression approaches for biomass modeling: k-

nearest neighbor, artificial neural network, regression 

tree, random forest, support vector machine, and 
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maximum entropy [7]. Regression tree and random 

forest (RF) are a family of tree-based models; in the 

first one, data are stratified into homogeneous subsets 

by decreasing the within-class entropy, whereas in 

the second one, a large number of regression trees are 

constructed by selecting random bootstrap samples 

from the discrete or continuous datasets. In fact, the 

RF algorithm is now widely used for biomass 

estimation [8; 9]. It is efficient in dealing with large 

input datasets while requiring few parameters [10]. 

The main objective of this study is to investigate 

the applicability of RS-based vegetation indices to 

biomass estimation. For this aim, we applied a RF 

classification for estimating biomass and compared 

the performance of RF for high resolution and 

medium resolution images.  

2. STUDY AREA AND DATA 

The study was conducted over an area about 2420 

square.km located in Bornuur soum of Tov province, 

Mongolia. The area belongs to a forest-steppe zone 

and has an elevation of 1000-1500 m above sea level. 

In terms of physical geography, the top of the ridge is 

included in the Khentii Mountains. The mean annual 

precipitation is between 250 and 350 mm and a mean 

annual temperature in July is +20°C, while it is -30°C 

in January (http://ldi.nda.gov.mn/). 

We selected an orthorectified QB and Landsat 8 

images acquired in August of 2009 and 2014 to 

estimate AGB. The Landsat 8 image was downloaded 

from the U.S. Geological Survey Earth Explorer web 

site (https://earthexplorer.usgs.gov/). Using the 

metadata associated with both of satellite imagery, 

radiometric correction was applied to convert digital 

numbers into reflectance and mitigate the impact of 

scene illumination and viewing geometry. Dark 

object subtraction was applied for atmosphere 

correction, which was intended to remove the effects 

of atmosphere scattering and absorption. Both 

radiometric and atmosphere corrections were 

performed using ENVI 5.2.  

Fieldworks were conducted in Aug of 2009 and 

Aug of 2014. A total of 40 sample plots for 2009 

measurement with data range of 12–318.8 g/m
2
 and a 

mean value of 147.43 g/m
2
 and a total of 34 sample 

plots for 2014 measurement with data range of 44.38-

407.08 g/m
2
 and a mean value of 150.40 g/m

2
 were 

collected and used in this research. The distribution 

of the field measured biomass is shown in Figure 1. 

 

  
a.  b.  

Figure 1. Location of field measured biomass. a) QB and b) Landsat. 

3. METHODOLOGY 

First of all, the spectral indices were calculated for 

both of imagery and stacked as one layer. Second, the 

correlation between field measured biomass and 

spectral indices was estimated using partial least 

square regression. Third, multiple vegetation indices 

were selected if their correlation coefficient are more 

than 0.5. Finally, the RF classification was performed 

to estimate biomass using these indices.  
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A myriad of vegetation indices have been 

developed and researched over the years, we 

calculated 25 indices commonly used for vegetation 

analysis in this study (Table 1). Testing multiple 

indices is useful, because at low fractional vegetated 

groundcover factors such as soil reflectance may 

interfere with the vegetation signal, and different 

indices are more sensitive in different ranges of 

biomass and groundcover. 

Partial least squares (PLS) regression is a quick, 

efficient and optimal regression method based on 

covariance. The principle of PLS regression is to 

firstly decompose explanatory variables into a few 

non-correlated latent variables or components using 

information contained in the response variable; then 

to regress the new components against the response 

variable [7]. In the present study, we used XLSTAT 

software and the correlation coefficients (r), the root 

means square error (RMSE) and the coefficients of 

determination (r
2
) between predicted and measured 

biomass were two criteria used to select the best 

model with optimal number of components. 

RF is a non-parametric machine learning algorithm 

that was implemented in this study using the 

“RandomForest” package [11] within the R software 

environment (http://www.R-project.org). RF can be 

used for regression or classification depending on the 

type of variable to be estimated. Compared with 

linear regression techniques, RF has lower bias and 

avoids overfitting [12]. The advantage of RF is that it 

can run effectively on large and multi-source data 

sets and it is relatively robust to outliers, a reduction 

of training data and noise [13; 14; 15]. For each tree, 

approximately two-thirds of the original data was 

randomly chosen to build the tree, and the remaining 

data was used for estimating out-of-bag error and 

calculating variable importance. In this study, RF was 

applied to develop biomass estimation using filed 

measured biomass as reference data and Landsat and 

QB derived spectral indices with an r value of 0.5< as 

predictors. 

Table 1. Vegetation indices used for the study 

No. 
Vegetation 

index 
Formula Name References 

1 DVI ρNIR – ρred Difference vegetation index [16] 

2 EVI 
2.5 * (ρNIR – ρred) / (ρNIR + 6 * ρred - 7.5 * 

ρblue + L) 
Enhanced vegetation index [17] 

3 G-RVI (ρgreen – ρred) / (ρgreen + ρred) Greed-red vegetation index [18] 

4 GARI 
ρNIR – ( ρgreen – γ * (ρblue- ρred) / ρNIR + 

(ρgreen + (ρblue - ρred) 

Green atmospherically resistant 

vegetation index 
[19] 

5 GDVI ρNIR – ρgreen Green difference vegetation index [20] 

6 GNDVI (ρNIR – ρgreen) / (ρNIR + ρgreen) Green NDVI [21] 

7 GRVI ρNIR / ρgreen Green ratio vegetation index [20] 

8 GVI 
(-0.2848 * TM1) + (-0.02848 * TM2) + (-

0.5836 * TM3) + (0.7243 * TM4) + (-

0.1800 * TM5) 

Green vegetation index, Tasseled 

cap [22] 

9 IPVI ρNIR/ (ρNIR + ρred) 
Infrared percentage vegetation 

index 
[23] 

10 LAI 3.618 * EVI - 0.118 Leaf area index [24] 

11 MCARI1 
1.2 * (2.5 * (P800 - P670)– 1.3 * (P800 – 

P550)) 
Modified chlorophyll absorption ratio index [25] 

12 MSAVI 
((2 * (P800 +1) – ((2 * P800 +1)

2 
– 

8 * (P800 - P670)))
0.5

) / 2 
Modified soil-adjusted vegetation index [26] 

13 MSR (P800 / P670 – 1) / (P800 / P670 + 1) Modified simple ratio [27] 

14 NDVI (ρNIR – ρred) / (ρNIR + ρred) 
Normalized difference vegetation 

index 
[28]  

15 NLI (ρNIR
2
 – ρred) / (ρNIR

2
 + ρred) Non-linear vegetation index [29] 

16 OSAVI (ρNIR – ρred) / (ρNIR + ρred+0.16) Optimization of SAVI [30] 

17 RDVI (ρ800 – ρ670) / (ρ800 + ρ670)
0.5

 
Re-normalized difference 

vegetation index 

[31] 

18 SAVI (ρNIR – ρred) / (ρNIR + ρred+L) Soil adjusted vegetation index [32] 

Advances in Engineering Research, volume 206

111

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/vegetation-index
https://www.sciencedirect.com/science/article/pii/S0303243415000525#tbl0010


 

 

19 SR ρNIR / ρred 
Ratio vegetation index, simple 

ratio 
[33] 

20 TDVI (0.5 +(ρNIR – ρred) / (ρNIR + ρred))
0.5

 Transformed vegetation index [34] 

21 TVI 
0.5 * (120 * (ρNIR – ρgreen) / (ρNIR + 

ρgreen)) 
Triangular vegetation index [35] 

22 VARI (ρgreen – ρred) / (ρgreen + ρred- ρblue) 
Visible atmospherically resistant 

vegetation index 
[36] 

23 VARVI (ρgreen – ρred) / (ρgreen + ρNIR + ρred) 
Visible Atmospherically Resistant 

Index (VARI) 
[36] 

24 WDVI ρNIR – a*ρred 0.2 
Weighted difference vegetation 

index 
[37] 

25 WV-VI (ρNIR * 2 – ρred) / (ρNIR * 2 + ρred) World view NDVI [38] 

4. RESULTS AND DISCUSSION 

The correlation coefficients estimated for satellite 

data are presented in Table 2. For all vegetation 

indices, VARVI (r=0.712) yielded the highest 

correlation coefficient value for Landsat data, while 

SR (r=0.522) was considered the highest correlated 

index for QB data. In terms of both of the imagery, 

G-RVI (r=0.502 and 0.700) and VARI (r=0.513 and 

0.696) were the best vegetation indices to explain 

ground biomass. On the other hand, EVI (r=0.049 

and -0.383) and LAI (r=0.049 and -0.383) showed the 

lowest performance to estimate measured biomass. 

As a result of the PLS, five vegetation indices, 

namely, IPVI, NDVI, OSAVI, SAVI and TVI, had 

multi-collinear correlation.  

Table 2. The results of correlation coefficients. 

 QB Landsat  QB Landsat 

DVI 0.471 0.454 NDVI 0.508 0.525 

EVI 0.049 -0.383 NLI 0.441 0.444 

G-RVI 0.502 0.700 OSAVI 0.508 0.525 

GARI 0.510 0.508 RDVI 0.490 0.488 

GDVI 0.478 0.382 SAVI 0.508 0.525 

GNDVI 0.500 0.429 SR 0.522 0.507 

GRVI 0.506 0.424 TDVI 0.505 0.527 

GVI  -0.541 TVI 0.500 0.429 

IPVI 0.508 0.525 VARI 0.513 0.696 

LAI 0.049 -0.383 VARVI 0.305 0.712 

MCARI1 0.463 0.508 WDVI 0.423 0.335 

MSAVI 0.497 0.529 WV-VI 0.441 0.444 

MSR 0.518 0.517    

The relationship between measured biomass and 

QB derived vegetation indices resulted in an r
2
 value 

of 0.337 and RMSE=83.435 g/m
2
. On the other hand, 

vegetation indices from Landsat performed relatively 

well in predicting the groundcover with a r
2
 value of 

0.617 and RMSE=50.881 g/m
2
. This may 

demonstrate that high spatial resolution images have 

a significant number of shadows from trees and 

terrain, resulting in errors for AGB estimation. 

The biomass map was generated using vegetation 

indices with a correlation coefficient value of more 

than 0.5. For QB image, 11 vegetation indices (G-

RVI, GARI, GRVI, IPVI, MSR, NDVI, SAVI, SR, 

TDVI, TVI and VARI) were used as predictors to 

estimate biomass, whereas 13 indices (G-RVI, GARI, 

IPVI, MCARI, MSR, NDVI, OSAVI, SAVI, SR, 

TDVI, TVI, VARI and VARVI) derived from 

Landsat data were selected to train the RF. The 

results of RF classification are presented in Figure 2. 

As could be seen from the Figure 2, the most 

applicable vegetation index for predicting the 

biomass is the G-RVI. Then, the GARI, GRVI, IPVI, 

MSR, NDVI, SAVI, SR, TDVI, TVI and VARI 

indices could be successively used for the estimation 

of the AGB.  Nevertheless, thorough comparison 

illustrated that the difference between these 

vegetation indices was not very high. Meanwhile, the 

comparison between the QB and Landsat datasets 

showed that the finer spatial resolution led to lower 

performance than Landsat 8 imagery. 
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Figure 2. The results of biomass estimation for a) QB and b) Landsat data 

5. CONCLUSION 

This study aimed to investigate applicability of 

vegetation indices to remotely estimate biomass and 

to test the possibility of using high resolution and 

medium resolution satellite images for the biomass 

estimation in Bornuur soum of Tov Province using 

the RF algorithm. Among the 25 vegetation indices, 

VARVI (r=0.712) had the strongest correlation with 

biomass of the Landsat data, while SR (r=0.522) 

yielded the highest correlation coefficient value for 

the QB data.  The most useful vegetation index for 

predicting biomass was G-RVI followed by GARI, 

GRVI, IPVI, MSR, NDVI, SAVI, SR, TDVI, TVI 

and VARI; however, the difference between these 

vegetation indices was not very high. Also, the study 

compared QB and Landsat data for biomass 

estimation. Our results showed that the finer spatial 

resolution led to lower performance than Landsat 8 

imagery. 
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