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ABSTRACT 
 

Assessment of aboveground biomass (AGB) at ICESat/GLAS footprint level was done by integrating 

datasets from spaceborne LiDAR (ICESat/GLAS) and WorldView-2 data using the predictive 

modeling approaches. Neural network, decision tree and multivariate regression approaches were 

studied and compared. The results of the study were very encouraging. The forest height was 

predicted with an RMSE of 1.35m and R² value of 0.966 by the GLAS waveform derived parameters. 

The biomass estimation accuracies of Multilayer Perceptron (MLP), Boosted Regression Tree (BRT) 

and Multivariate Adaptive Regression Spline (MARS) were studied. Multiple Linear Regression 

equations were developed from the most important variables using MLP and BRT algorithm. 

Optimum results were obtained using the top 25 parameters derived from GLAS waveform and 

WorldView-2 in the MLP and BRT models. The MARS model with maximum basis function 14 was 

able to give the best results.The MLP model was able to explain 86.6% of variability in AGB 

prediction with an RMSE of 15.50 Mg/ha, BRT model could only explain 64.10% of variability in 

AGB prediction with an RMSE of 18.18 tons/ha. The MARS algorithm was able to explain 

94.98 % of the variability in prediction of AGB with RMSE of 6.26 tons/ha. This study 

showed that the synergistic use of spaceborne LiDAR and high resolution satellite dataprovided much 

better AGB estimation accuracies as compared to those obtained by GLAS waveform and texture 

parameter individually.  

 

Keywords: ICESat/GLAS, footprint, Multilayer Perceptron, Boosted Regression Tree, Multivariate 

Adaptive Regression Spline, forest height, aboveground biomass, multiple linear 

regression. 
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1 INTRODUCTION 

1.1 Background 
Regional and national estimates of ecosystem carbon content, and changes  in ecosystem carbon 

content  over  time,  are  important  in understanding the global  carbon  cycle  and  its  impact  on  

atmospheric greenhouse gases and climate. The United  Nations’  Framework  Convention  on 

Climate  Change  (UNFCCC) have made efforts for the  reduction in  carbon emissions  and  

greenhouse  gases  (GHGs) (UNFCCC, 1997). 

Forest ecosystems play an important role in global carbon budget because they are recognized as one 

of the largest reserves of terrestrial carbon. About 80% of all aboveground and 40% of all below 

ground terrestrial organic carbon are stored in forests (IPCC, 2000). Lot of research efforts in recent 

years have been made for biomass estimation as it can be simply converted to carbon storage which is 

very important in understanding the carbon cycle of the environment. Biomass is defined as the oven-

dry mass of the aboveground portion of a group of trees in forestry (Brown, 1997, 2002; Bartolot and 

Wynne, 2005; Momba and Bux, 2010).  

The assessment and monitoring of aboveground biomass (AGB) has its relevance to international 

climate negotiations and in the quantification of stocks and fluxes within global carbon cycle. This 

requires the accurate and precise knowledge on the carbon capacity of forest ecosystems. The 

assessments also help in addressing the issues of global warming (Eckert, 2012).  

Remote Sensing is the most practical and cost effective alternative for the assessment and monitoring 

of AGB. Investigations  of  the  applicability  of  multispectral  sensors  for  estimating  biophysical  

parameters  of  forest are  underway,  in  light  of  the  relatively  large  coverage  areas  of these  

systems.  Multispectral  remote  sensing  has  been  widely  used  for  modelling  and mapping  the  

traditional  forest  structural  parameters  such  as  stem volume,  biomass,  tree  height,  leaf area 

index,  and  basal area (Ozdemir and Karnieli, 2011). Recently, for the estimation of forest parameters 

from spaceborne platforms in a consistent manner the ability of remote sensing instruments, such as 

radar and LiDAR, have been established. However the accuracy and sensitivity of optical and radar 

data drops off in the areas of closed canopies and high biomass (Hudak et al., 2002).  

Optical remote sensing, theoretically, has limited ability to estimate the vegetation structure as the 

recorded spectral responses in optical images are predominantly related to the interaction between the 

sun radiance and vegetation cover at the uppermost canopy layers (Steininger, 2000). LiDAR (light 

detecting and ranging) directly measures the vertical component of vegetation, thus has the potential 

to measure structural attributes of vegetation with reasonable accuracy (Drake, 2002; Lefsky et al., 

2005).     

Recent focuses on studies attempting to combine the multi – sensor approaches for understanding the 

vegetation structures have revealed newer insights into the behavior and functions of forest 

ecosystems. The use of very  high resolution optical data along with LiDAR data can help in 

prediction of accurate biomass, due to complementary information content provided by the two 

datasets (Hudak et al., 2002). 
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AGB cannot be directly measured by any sensor from space. Land cover stratification combined with 

ground sampling is the traditional method to inventorize the biomass of a region. Remote sensing data 

is playing an increasingly important role in forest biomass estimation. Biomass data from field 

measurements, spaceborne LiDAR (GLAS—Geoscience Laser Altimeter System) data and satellite 

data from LANDSAT, MODIS have been used together to obtain regional biomass (Rosette et al., 

2009). 

In  the  last  a  few  decades, several  studies  have reported  that  the textural  information  improves  

classification  accuracy for forested areas (Kushwaha et al., 1994). The structural attribute of 

vegetation can be studied using image texture parameters from high resolution data (Kushwaha et al., 

1994). Recent studies have also found that the texture measures correlated more with biomass and 

carbon than spectral parameters (Eckert, 2012).  

Nowadays there is a new field of computational science that integrates the different methods of 

problem solving that cannot be described easily without an algorithmic focus. These methods use the 

various predictive modelling approaches for providing solutions to the problems being addressed. In 

order to find out the relationship between the GLAS waveform derived parameters and forest 

structural attributes, namely tree height and AGB, various modelling approaches like neural network, 

boosted tree and multivariate adaptive regression spline were examined to obtain the best 

combination of waveform derived parameters along with texture parameters to predict AGB. In this 

process the best potential model along with optimum parameters to estimate AGB was evaluated. 

Thus, the motivation of the present study lies in generating a large number of input parameters from 

different datasets and then selecting an optimum set of parameters which can predict biomass with 

reasonable accuracy. 

1.2 Research Problem 
 The present study focused on the development of a method wherein the texture parameters from 

very high resolution imagery and waveform parameters the spaceborne LiDAR were combined to 

estimate the AGB. 

 Significance of accurate biomass and canopy height demands its accurate quantification and 

understanding, especially combining the WorldView2 dataset (because of its relation between texture 

features and structural parameters) and GLAS data (because of its accuracy and global coverage). In 

this context, the present study entitled “Synergistic use of Spaceborne LiDAR and High 

Resolution Satellite Data for Mapping Aboveground Forest Biomass using Different Modelling 

Approaches” was done to achieve the below mentioned research objectives. 
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1.3 Research Questions 
 Which sampling design can identify a balanced subset of the random GLAS data to be treated as 

a simple random sample in model-based biomass estimation?  

 What combination of window size, displacement and angle can be used for correlation of texture 

with forest structural characteristics? 

 What combination of textural and GLAS parameters from the multi-sensor synergize for 

estimation of forest AGB at footprint level? 

 Which predictive modeling algorithm performs best in estimation of biomass at footprint level? 

 Whether there exists a synergy among the texture parameters and footprint to predict forest 

biomass accurately? 

 

1.4 Research Objectives 
The objectives of this research are: 

i. To extract waveform parameters from ICESat/GLAS data using   Gaussian decomposition 

ii. To identify a sampling design for consistent biomass estimation using LiDAR data from the 

Geoscience Laser Altimeter System (GLAS) 

iii. To extract image texture parameters from WorldView-2 data using Grey Level Co-occurrence 

Texture Matrices (GLCM), Law’s Texture and First order texture  

iv. To correlate waveform parameters and texture parameters along with field data using predictive 

modelling techniques for optimum parameters for computation of the forest AGB at GLAS 

footprints 

 

  



15 
 

2. LITERATURE REVIEW 

2.1 Forest biomass assessment 
Forest biomass accounts for approximately 90% of all living terrestrial biomass on the earth (Olson et 

al., 1983; Dixon et al., 1994) and is affected by succession stages and anthropogenic and natural 

disturbances such as wild fire, pest outbreaks, climate extremes and atmospheric pollutants (Brown et 

al., 1999). Forest biomass has been recognized as one of the most significant areas of priority by 

International Union of Forest Research Organizations (IUFRO) (Zhao and Zhou, 2005) and identified 

by the United Nations Framework Convention on Climate Change (UNFCCC) as an Essential 

Climate Variable (ECV) needed to reduce uncertainties in our knowledge of the climate system 

(GCOS, 2003; Sessa and Dolman, 2008). A strong impetus to improve methods for measuring global 

biomass comes from the Reduction of Emissions due to Deforestation and Forest Degradation 

(REDD) mechanism, which was introduced in the UNFCCC Committee of the Parties (COP-13) Bali 

Action Plan. Accounting for baseline carbon stocks in forests has been noted as essential for the 

implementation of climate change policies (Rosenqvist et al., 2003) and as necessary for increasing 

the accuracy of global carbon cycle models (Goodale et al., 2002). Dry weight AGB, which 

constitutes all living or dead material above the soil surface in a forested ecosystem, is made up of 

approximately 50% carbon (Darke et al., 1992). 

 Traditional AGB inventory links ground measurements and tree parameters to their biomass using 

species-specific allometric relationship (Jenkins et al., 2003) and further extrapolates these 

measurements to entire forest stand (Hall et al., 2006). In recent years remote sensing techniques have 

become prevalent in estimating AGB (Nelsonet al.2000a, Steininger 2000, Zheng et al.2004, Lu 

2005).The advantages of remotely sensed data, such as in repetivity of data collection, a synoptic 

view, a digital format that allows fast processing of large quantities of data, and the high correlations 

between spectral bands and vegetation parameters, make it the primary source for large area AGB 

estimation, especially in areas of difficult access. 

There are severe limitations on the use of remote sensing to measure biomass; optical data are not 

physically related to biomass, although estimates of biomass have been  obtained  from  leaf  area  

index  (LAI)  derived  from  optical  greenness  indices. However,  these  are  neither  robust  nor  

meaningful  above  a  low  value  of  LAI (Myneni  et  al., 2001).Radar  measurements,  resulting  

from  the  interaction  of  the  radar  waves with  tree  scattering  elements,  are  more  physically  

related  to  biomass,  but  their sensitivity  to  forest  biomass  depends  on  the  radar  frequency.  C-

band  (ERS,  Radarsat and  ENVISAT  ASAR)  backscatter  in  general  shows  little  dependence  on  

forest biomass.  C-band  interferometric  measurements  do  better (Schmullius et al., 2001); from 

Advanced Land Observing Satellite (ALOS) mission,  Phased  Array  L-band SAR  (PALSAR)  data  

are  being  systematically  collected  to  cover  major  forest biomes. Results have shown PALSAR’s 

ability to map forest but retrieval of forest biomass is still typically limited, which excludes most 

temperate and tropical forests (http://www.ies.aber.ac.uk/en/subsites/the-alos-kyoto-amp-carbon-

initiative).  
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2.2 AGB estimation using optical datasets 
Generally, AGB can be directly estimated using remotely sensed data with different approaches, such 

as multiple regression analysis, K nearest-neighbour and neural network (Roy and Ravan 1996, 

Nelson et. al. 2000a, Steininger 2000, Foodyet al. 2003, Zheng et al.2004) and indirectly estimated 

from canopy parameters (e.g. crown diameter), which are first derived from remotely sensed data 

using multiple regression analysis or different canopy reflectance models (Wu and Strahler1994, 

Woodcock et al.1997, Phua and Saito 2003, Popescu et al.2003). Lefsky et al.(2002) has evaluated 

the utility of Geoscience Laser Altimeter System waveforms  for estimating stand structure attributes 

like age, basal area, biomass, and diameter at breast height (DBH). 

The time-series Landsat data is probably the most frequently used data which has become the primary 

source in many applications, including AGB estimation at local and regional scales (Roy and Ravan 

1996, Mickler et al.2002, Foody et al.2003, Zheng et al.2004, Lu 2005). Foodyet al.(2001) found that 

neural networks were useful for the AGB estimation using Landsat TM data in a Bornean tropical 

rain forest. In Finland and Sweden, Landsat TM data were used to estimate tree volume and AGB 

using theK nearest-neighbour estimation method (Halme and Tomppo 2001, Franco-Lopezet al.2001, 

Tomppo et al.2002). Tomppo et al.(2002) combined TM and IRS-1C Wide Field Sensors (WiFS) 

data to estimate tree stem volume and AGB in Finland and Sweden.Wylie et al.(2002) estimated grass 

biomass through scaling Landsat TM to coarse spatial-resolution satellite data (AVHRR) over the 

Great Plains of North America. The AVHRR data are most extensively used datasets for studies of 

vegetation dynamics on a continental scale. The AVHRR NDVI data were used to estimate boreal 

and temperate forest woody biomass in six countries (Canada, Finland, Norway, Russia, USA, and 

Sweden) (Dong et al.2003). The SPOT VEGETATIO data with 1 km X 1km spatial resolution has 

also been used to estimate AGB in Canada (Fraser and Li 2002). De Jong et al.(2003) used digital 

airborne imaging spectrometer (DAIS) data to estimate biomass using stepwise linear regression 

analysis in southern France. Thenkabail et al. (2004) used IKONOS data to estimate AGB of oil palm 

plantations in Africa. The large number of spectral bands of readily available MODIS data may be 

beneficial to improvement of AGB estimation accuracy at the continental or global scale. Baccini et 

al.(2004) used MODIS data in combination with precipitation, temperature, and elevation for 

mapping AGB in national forestlands in California, USA.  

Spectral signatures or vegetation indices are often used for AGB estimation and many vegetation 

indices have been developed and applied to biophysical parameter studies (Lu et al.2004). Image 

texture also has shown its importance in AGB estimation (Lu 2005). A combination of spectral and 

spatial information extraction techniques shows promise for improving estimation performance of 

forest stand parameters (Lu 2005).Research in the moist tropical forest in the Brazilian Amazon has 

indicated that image textures are more important than spectral responses for AGB estimation in the 

forest sites with complex vegetation stand structures (Lu 2005).  

 

2.3 AGB estimation using microwave datasets 
Radar data finds extensive use in biomass estimation due to its relative weather independence. The 

major approaches for biomass estimation using radar data are backscatter, coherence and phase based. 

Previous research has shown the potential of radar data in estimating AGB (Imhoff et al. 2000, 

Castelet al. 2002, Santos et al. 2003, Treuhaft et al. 2004). 
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Different radar data have their own characteristics in relating to forest stand parameters (Leckie 

1998). Height is a very important parameter while developing highly accurate allometric equations 

for biomass estimation. A phase-based interferometric approach was used by Baltzer et al. (2007), in 

which they used an E-SAR data L-band HH for ground height and X-band VV for canopy height 

measurements. SAR L-band data have proven to be valuable for AGB estimation (Sun et 

al.2002).Beaudoin et al.(1994) found that the HH return was related to both trunk and crown biomass, 

and the VV and HV returns were linked to crown biomass. Kuplich et al. (2000) used JERS-1/SAR 

data for AGB estimation of regenerating forests and concluded that these data had the potential to 

estimate AGB for young, regenerating forests following block logging rather than selective logging. 

Sun et al.(2002) found that multi-polarization L-band SAR data were useful for AGB estimation of 

forest stands in mountainous areas. Castel et al. (2002) identified the significant relationships between 

the backscatter coefficient of JERS-1/SAR data and the stand biomass of a pine plantation. The 

JERS-1/SAR data improved AGB estimation results for young stands, compared to estimation for old 

stands. Santos et al.(2002) used JERS-1/SAR data to analyze the relationships between backscatter 

signals and biomass of forest and savanna formations. Austin et al. (2003) indicated that forest 

biomass estimation using radar data may be feasible when landscape characteristics are taken into 

account. Milne and Dong (2002) argued that, for forest biomass mapping, longer wavelength bands 

are generally better than shorter wavelength bands since they have greater foliage penetration, better 

linear correlation with woody biomass and higher saturation levels of the backscattering response to 

AGB. 

The saturation problem always occurs in radar data because saturation level depends on the 

wavelengths, polarization and the characteristics of vegetation structure and ground conditions (Lu, 

2006). Kasischke et al. (1997) summarized saturation problem in their review study as the saturation 

point was higher for longer wavelengths and the HV polarization was most sensitive while VV was 

the least. The topography can considerably affect vegetation reflectance and backscattering values in 

rugged and/or mountainous regions, thus some approaches have been developed for topographic 

correction of SAR data. Radar signals are highly affected by the variations of moisture in both canopy 

and soil which are often difficult to measure i.e., the same stand could produce a significantly 

different radar backscatter value depending on environmental conditions that effect either soil 

moisture or canopy moisture. 

 

2.4 AGB estimation using LiDAR datasets 
LiDAR (light detection and ranging) uses laser-pulse time-of-flight data to measure distances and 

corresponding back-scatter intensities LiDAR is an active remote sensing technique, which involves 

the emission of laser pulses from an instrument positioned on a platform, towards a target. The area 

illuminated by the laser pulse is known as the LiDAR footprint, the size of which is determined by the 

laser divergence and altitude/distance from the target of LiDAR instrument. Interactions of the laser 

pulse with the target depend on wavelength of the emitted pulse and its reflectance, transmittance and 

absorption rates. The time for reflected pulse echoes to be returned to sensor is measured and the total 

return distance travelled between sensor and intercepted surfaces is calculated using the fact that laser 

pulse travels at speed of light. This permits the three-dimensional reproduction of the earth surface 

relief and above-surface object structures (e.g. vegetation, ice cover, atmospheric aerosols and cloud 

structure). Time is measured by a time interval counter, initiated on emission of the pulse and 
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triggered at a specific point on the leading edge of the returned pulse. The steepness of the received 

pulse (rise time of the pulse) is a principal contributory factor to range accuracy and depends on the 

combination of numerous factors such as incident light wavelength, reflectivity of targets at that 

wavelength, spatial distribution of laser energy across the footprint and atmospheric attenuation 

(Baltsavias, 1999).  

There are basically two categories of LiDAR systems: Discrete Return Device (DRD) which 

measures time elapsed between emission and return of laser pulse (Hudak et al.  2002) resulting in 3D 

point cloud and Waveform Recording Device (WRD) which captures continuous energy return from 

every emitted laser pulse (Patenaude et al. 2005). LiDAR system is also classified on the basis of 

width of laser pulse: large-footprint system having diameter of laser beam greater than 5 m on ground 

and small-footprint system having diameter less than 50 cm (Bortolot and Wynne, 2005). LiDAR 

systems can be further classified based on height of the platform; airborne having sensor height less 

than 2 km and spaceborne LiDAR with sensor height of platform as 600 km. 

 

2.5 LiDAR system for forestry applications 
It has been demonstrated  that  LiDAR  can  provide  accurate estimations  of  many  key  forest  

characteristics.  For  example,  canopy  height,  topography and vertical distribution can be directly  

retrieved  from  LiDAR  data;  aboveground biomass, average basal area, average stem  diameter  and  

canopy  volume  can  be modeled; and leaf area indices and canopy cover can be inferred by 

combining LiDAR and optical sensor data (Dubayah and Drake 2000). Results based on the 

integration of LiDAR and hyperspectral digital image data sources have been shown to be superior to 

results obtained using a single data source (Pang et al. 2008). 

LiDAR data alone, as well as in combination with other sensor or ancillary data, can be an important 

data source for forest parameter estimation. Airborne laser and lidar systems have widely been used 

for forest parameter estimation (Lefsky et al. 2002, Zimble et al. 2003, Næsset et al. 2005). Lim et al. 

(2003a) reviewed the application of lidar data to forest studies; airborne laser data were used to 

estimate timber volume (Næss et al.1997b), tropical forest biomass (Nelson et al.1997), and stand 

height (Næsset and Bjerknes  2001, Næsset et al. 2005). The lidar data were used to estimate Douglas 

fir western hemlock biomass (Means et al.1999), temperate mixed deciduous forest biomass (Lefsky 

et al. 1999b), tropical forest biomass (Drake et al., 2003), tree height and stand volume (Zimble et al. 

2003), stand height (Wulder and Seemann, 2003), tree crown diameter (Popescu et al. 2003), and 

canopy structure (Lovell et al.2003). Because a lidar sensor can directly measure components of 

vegetation canopy structure, such as canopy height, previous research has indicated that use of lidar 

data is a promising approach for biophysical parameter estimation (Lim et al. 2003).  

Full waveform LiDAR technology, which is digitized by recording the amplitude of the return signal 

at fixed time intervals, makes an important contribution to biomass estimation (Shan and Toth, 2009). 

For forest AGB estimation studies, large footprint, full waveform LiDAR is more efficient than small 

footprint, discrete return LiDAR (Drake et al., 2002) as they fully digitize the return laser pulse, thus 

providing enhanced vertical structural information of forests. Extensive researches (Lefsky et al. 

2002; Reitberger et al. 2009)  have  shown  that  waveform  shape  is  directly  related  to  canopy  

biophysical parameters  including  canopy  height,  crown  size,  vertical  distribution  of  canopy,  
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biomass, and leaf area index. However, these systems have high associated cost and relatively low 

spatial coverage, and consequently are inappropriate for AGB estimation studies at regional or global 

scale. Hence, attention has been shifted to satellite based platforms, the devices primarily designed for 

measuring vegetation properties. The ICESat (Ice, Cloud and Land Elevation Satellite) Geospatial 

Laser Altimeter System (GLAS), launched in January 2003, is the only operational spaceborne 

LiDAR available till date.  

 

2.6 ICESat/GLAS full waveform large footprint LiDAR in forestry 
ICESat was an experimental scientific satellite launched by the National Aeronautics and Space 

Administration (NASA) in January 2003 with the Geoscience Laser Altimeter System (GLAS), which 

comprises three lasers (Laser 1, Laser 2and Laser 3) as the primary instruments on board, lasers each 

of which has a 1064 nm laser channel for surface altimetry (NSIDC, 2012). The primary purpose of 

the GLAS instrument is to detect ice-elevation changes in Antarctica and Greenland (Bae and Schutz 

2002). However, the application of these data reached far more aspects than the initial purpose. These 

data have been used widely in other fields, including deriving sea-ice freeboard, forest canopy height, 

cloud heights, aerosol-height distribution and land-terrain changes (Zwally 2010). 

The first laser failed shortly after the start of its operational period in 2003 and the ICESat’s science 

mission ended in February 2010 with the failure of its third laser instrument there by completing 18 

laser operation campaigns successfully during the whole lifespan. ICESat/GLAS system has proved 

its utility for biomass assessment. There is a new mission planned for ICESat-2 in 2016. Even though 

this is the only currently scheduled mission with a spaceborne LiDAR system, it can be expected that 

the topic will receive increasing attention from other space agencies.   

Many studies have demonstrated that the breadth of GLAS waveform can be used for AGB 

estimation in relatively flat homogenous forest area (Harding and Carabajal, 2005; Lefsky et al. 2005; 

Rosette et al. 2008).Harding and Carabajal (2005) modified the waveform with an instrument model 

according to a high-resolution DEM, and then compared it with the actual waveform of GLAS; they 

confirmed that the extraction of biophysical parameters over tree-covered areas of low relief can be 

accomplished with ICESat data. Lefsky et al.(2005) extracted maximum forest height in tropical 

broadleaf forests, temperate broadleaf forests and temperate needle leaf forests using GLAS 

waveform data and a knowledge of local topography, as well as an above-ground biomass estimation 

with an empirical method. Sun et al.(2008) reported forest height extraction over a forested area in 

the USA using GLAS data from autumn2003 to summer 2005 and airborne LVIS data. Forest heights 

determined from these two types of data were in good agreement. Dolan et al.(2009) derived forest 

growth rate from GLAS data and Landsat-based disturbance history maps in three regions of the 

USA, as well as the estimation of above-ground wood productivity from height–biomass allometric 

relations. Chen (2010b) used GLAS data to extract forest canopy height over mountainous areas (with 

mean slope of around 20o) and pointed out that the direct canopy height from GLAS waveform 

metrics tended to be higher than that derived from airborne LiDAR data and that it was difficult to 

identify signal start time and terrain ground elevation. Lefsky (2010) estimated forest heights over the 

world with Moderate Resolution Imaging Spectro-radiometer (MODIS) data determining the forest-

covered areas and GLAS data estimating height. 
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2.7 Neural network approach for predicting AGB 
For real world problems inference of variables, fault detection and classification, performance 

forecasting, nonlinear function approximation and pattern identification are required, which make the 

solutions expensive and complex if traditional models describe the system's behavior. This is due to 

several  factors: the typically  large amount of information  involved in the problem; the limitations of 

a deterministic model to generalize from the given data; the  susceptibility  of  conventional  

empirical  models to  perturbing signals or new process states, the complexity of  the  describing 

models or simply  because the models are non-existent (Ascencio and Galicia, 2000). The traditional 

models adopt a linear or simple nonlinear form that must be explicitly designed by a researcher. 

Coefficients are then fitted by traditional regression or simple numerical routines. If the complex 

functional relationships between input and output data have not been correctly envisioned, this 

approach does not work well, indicating the need of a structure which adaptively develops its own 

basis functions and their corresponding coefficients from collected data (Kimes et al., 1998). 

Numerous researches in the recent years have shown that artificial neural networks (ANN) can 

provide a better solution due to their parallelism, fault tolerance, generalization capability and 

multiple input multiple output architecture. Neural networks have the ability to learn patterns or 

relationships given training data, and to generalize or extract results from the data (Zornetzer et 

al.1990). After training, the network is a machine that approximately maps inputs to the desired 

output(s). 

 

2.8 Multilayer Perceptron (MLP) 
MLP neural networks have been shown to have desirable approximation properties by Hornik et 

al.(1990) and Fu (1994).Jiang et al.(1994) developed methods for optimizing the network size (i.e. 

the number of hidden layers and nodes within a layer) of trained MLP neural networks. Pierce et 

al.(1994) used a MLP network as the initial model to predict trunk density, average trunk diameter, 

and average trunk height of Loblolly pine using AirSAR data (P, L, and C bands with HH, VV, and 

HV polarizations). Several vegetation indices were tested (SAVI, TSAVI, MSAVI, PVI, GEMI, and 

NDVI) with simple MLP network (Verhoef 1984,Kuusk 1991). The neural network approach 

generally performed significantly better than the vegetation index techniques.  

Kimes et al.(1996) used a MLP network as an initial model to extract forestage in a Pacific Northwest 

forest using TM and topographic data. Understanding the changes of forest fragmentation through 

time are important for assessing alterations in ecosystem processes (forest productivity, species 

diversity, nutrient cycling, carbon flux, hydrology, spread of pests, etc.).Various MLP networks were 

trained and tested to predict forest age from TM and topographic data (Kimes et al.1996). The results 

demonstrated that neural networks can be used as an initial model for inferring forest age. Gopal and 

Woodcock (1996) developed a MLP to extract conifer mortality (represented as change in basal area) 

using TM data during a prolonged drought in Lake Tahoe Basin in California between 1988 and 

1991. 

MLP can be used as a variable selection tool to define a set of variables which accurately predict 

variable(s) of interest. They are readily adaptable and can easily incorporate new information that 
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would be difficult or impossible to use with conventional techniques. MLP’s are ideally suited to 

learning new relationships among ancillary information, other input variables and the desired output 

variable. New input variables can be introduced to the network and tested easily.  

MLP neural networks attempt to find the best nonlinear function based on the network’s complexity 

without the constraint of linearity or pre-specified nonlinearity which is required in regression 

analysis. They represent a much more powerful and adaptive nonlinear equation form. This power 

and flexibility is gained by repeating nonlinear activation functions in a network structure. This 

unique structure allows the neural network to learn complex functional relationships between the 

input and output data that cannot be envisaged by a researcher. 

 

2.9 Boosted Regression Tree (BRT) 
Boosted decision trees are a relatively new technique that has within the past decade burst onto the 

scene of predictive modeling. Boosting is a technique used to enhance the predictive performance of 

regression trees, its main point being sequential application of the weak learning algorithm to 

repeatedly modified versions of the data, hence creating a sequence of weak learners (i.e., base 

classifiers). The predictions from all of the weak learners are combined through a weighted majority 

vote to produce the final prediction (Hastie et al.2009). In boosting, models are fit iteratively to the 

training data using methods to increase emphasis on observations that are modeled poorly by the 

existing collection of models (Elith et al.2008).  

Elith et al.(2008) explains BRT as: the initial regression tree is the one that reduces the loss function 

the most. At each iteration the focus is on the residuals and root mean square error reduction. In the 

second step, a regression tree, which can contain different variables and split points than the first tree, 

is fit to the prediction residuals of the first tree. The overall model now contains two trees (i.e., two 

terms), and the residuals from this two-term model are estimated. The process is stage-wise, i.e., 

existing trees are left unchanged as the model grows increasingly larger. Only the fitted value for each 

observation is re-estimated at each step to reflect the contribution of the newly added tree. In the end, 

the final BRT model is a linear combination of numerous trees and can be thought of as a regression 

model with each term being a tree. 

Drucker (1997) used regression trees as the fundamental building blocks in “boosting committee 

machines.” Ridgeway et al.(1999) brought together ideas from boosting, naïve Bayes learning, and 

additive modeling, to create a “BNB.R” algorithm that fit a boosted naïve Bayes regression model. 

Zhou et al.(2005) assessed the performance of boosted decision trees on publicly available email data 

in filtering out unsolicited bulk emails, while comparing this method to various other methods. 

Deconinck et al.(2007) evaluated BRT for the modeling and predicting blood brain barrier passage of 

drugs. De’ath (2007) proposed a form of boosted trees, “aggregated boosted trees,” and through a 

simulation study on regression data showed that this form of boosted trees reduced prediction error 

relative to other forms of boosted trees. Robinson (2008) assessed the ability of “regression tree 

boosting” to risk-adjust health care cost predictions, and he used diagnostics groups and demographic 

variables as inputs. Abeare (2009) evaluated the performance of BRT as a potential tool for catch-rate 

standardization of Yellow Fin tuna. Carslaw and Taylor (2009) used BRT to analyze air pollution 

data at a mixed-source location. Li et al.(2010) used BRT to identify modern processor configurations 



22 
 

between a key processor structure’s “architectural vulnerability factor” and various performance 

metrics. As evident from citations, boosted decision tree modeling for prediction is a contemporary 

statistical-based data mining topic applied to many fields, most notably medicine and ecology. 

 

2.10 Multivariate Adaptive Regression Splines (MARS) 
MARS  is  a  non-parametric  regression  method  in  which  no  assumption  is  made  regarding  the 

functional  relationship  between  dependent  and  independent  variables.  Instead, MARS builds this 

relationship from a set of coefficients and basic functions, which in turn are heavily influenced by the 

regression of the data. The operating method involves partitioning the area of entry into regions, each 

with its own regression equation (Hill and Lewicki, 2006).  

This method was proposed by Friedman(1990), and it is essentially an algorithm based on recursive 

partitioning and  multi-stage  regression  that  uses  spline  functions  to  align  data  with  an  arbitrary  

regression function (Bonilla et al.2003).  Thus far, the MARS method has been widely used for 

predictive and simulation efforts (Heikkinen et al., 2007; Leathwick et al., 2006; Prasad et al., 2006). 

Other authors have compared this technique with other existing models.  Muñoz and Felicísimo 

(2004)  indicated  that  MARS  is  better  suited  to  model  situations  that  include  a  high  number  

of variables,  non-linearity,  multicollinearity  and/or  a  high  degree  of  interaction  among  

predictors.  In addition, works done by Francis (2008) and Dwinnel (2008) have praised the rigorous 

statistical basis  upon which the MARS technique  has  been  built,  and  they  have  highlighted  the  

clear  advantage  of  MARS  results  as compared to the "black box" results generated by neural 

networks. 

The MARS method can be extended to handle classification problems (Hastie, 2001). It  should  be  

emphasized  that  (Duda, 2000)  and (Molina, 1994)  included  the  MARS  method  in  the  neural  

multilayer networks  classification  group,  but  it  appears  that  the  MARS  method  has  not  yet  

been  applied  in  the context  of  multi-spectral  imaging  classification  efforts.  

The present study made the first attempt to use MARS model to predict AGB using high resolution 

imagery textural parameters and spaceborne LIDAR satellite. Comparative studies in AGB 

estimations using LIDAR and High resolution satellite imagery (Migolet et al., 2007; Li et al., 2010) 

suggested that MARS offers a similar level of performance as compared to other non-linear 

modelling techniques such as GAM, artificial neural nets, and classification and regression trees 

(Breiman et al., 1984). The relative lack of difference in performance between several methods that 

fit non-linear relationships, suggested that MARS performs well against issues like computational 

demands, ability to use analysis results for accurate predictions and the sensitivity in predictions by 

inclusion of nondiscriminatory predictors (Friedman and Meulman, 2003). 
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3. STUDY AREA AND MATERIAL USED 

3.1 Selection of the study area 
To fulfill the objectives of the present study, a forest location with high biomass, varying topography 

and heterogeneous forest composition is required. Another important criterion for the selection of the 

study site is the availability of the ICESat/GLAS waveform data in the study area whose WorldView-

2 imagery data is also present. This is very necessary in order to relate the biomass with the textural 

parameters and LiDAR datasets. All the above criteria were fulfilled in the Timli range (Doon valley), 

which is an accessible area on the ground for the purpose of field data collection. 

 

3.2 Description of the study area 
The area selected for the present study is in the western part of Doon valley (29.7-30.7º N and 77.4 -

78.2º E) (Fig. 3.1). The forests of the area can be broadly classified as Tropical Moist Deciduous 

Forest dominated by Shorea robusta and its associates. Major trees species present here are Shorea 

robusta, Mallotus philippensis, Terminalia tomentosa, Ehretia laevis, Largerstroemia parviflora and 

plantations of Tectona grandis. The area has a predominantly subtropical climate with temperature 

ranging from 2°C to 40°C. The climate of the entire study area is influenced by monsoon pattern of 

rainfall. The average annual rainfall is 2000 mm. The abundance of forest cover, accessibility, data 

availability (LiDAR, WorldView-2 and field) along with the available timeframe acted as guiding 

force for the choice of the area of study. 

 

   

 
 

Fig. 3. 1: Location of the study area in India 
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3.3 Material used 
 Satellite data: ICESat/GLAS data products (GLA01 and GLA14) (NSIDC, 2008, 2009),   

WorldView-2 MSS (8 bands). 

 Ancillary data: Ground truth, Topographic maps. 

 Software:ENVI 5.0, MATLAB R2012a, ArcGIS 10, STATISTICA 10.0, ERDAS IMAGINE 

2013, IDL, Statistics 21.0 

 Field instruments: GPS (Trimble Juno SD) and Laser Rangefinder. 

 

3.3.1 Satellite data 

3.3.1.1 ICESat/GLAS data 
The Geosciences Laser Altimeter System (GLAS) is a spaceborne LiDAR system. It is the sole 

scientific instrument on ICESat. Its principle objective is to measure polar ice-sheet elevation change, 

atmospheric profiles of cloud and aerosol properties, land topography profiles referenced to a global 

datum and height of vegetation canopies (Zwally et al., 2002).The ICESat-2 mission is planned to 

provide elevation data to find out ice sheet mass balance and information of vegetation coverage. 

GLAS shots used in this study is acquired for the period (2004 – 2009) comprising of 11 satellite 

passes and total footprints of about 376 Nos. (Forest) over the western part of the Doon valley area 

(Fig. 3.2). The data belongs to acquisition campaigns L2A, L2B, L2C, L3A, L3B, L3C, L3D, L3E, 

L3K and L2D. GLAS has fifteen data products (GLA01 and GLA15) out of which two data products 

(GLA01 and GLA14) of release 33 were used in this research. A description of each data product is 

summarized in Table 3.1. 

The data were downloaded from the data portal of National Snow and Ice Data Center (NSIDC) (Fig. 

3.2). GLA01 is Level 1A Global Altimetry data product which includes the transmitted and received 

waveform from the altimetry. GLA14 (Level 2 Global Land Surface Altimetry) data product provides 

surface elevations for land. It also includes the laser footprint geolocation and reflectance, as well as 

geodetic, instrument and atmospheric corrections for range measurements. The relevant specifications 

of ICESat GLAS are listed in Table 3.2 
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Product Name Product Long Name 

GLA01 L1A  Global Altimetry Data 

GLA02 L1A Global Atmosphere Data 

GLA03  L1A Global Engineering Data 

GLA04 L1A Global Laser Pointing Data 

GLA05 L1B Global Waveform-based Range Corrections Data 

GLA06 L1B Global Elevation Data 

GLA07 L1B Global Backscatter Data 

GLA08 L2 Global Planetary Boundary Layer and Elevated Aerosol Layer Heights  

GLA09 L2 Global Cloud Heights for Multi-layer Clouds 

GLA10 L2 Global Aerosol Vertical Structure Data 

GLA11 L2 Global Thin Cloud/Aerosol Optical Depths Data 

GLA12 L2 Antarctic and Greenland Ice Sheet Altimetry Data 

GLA13 L2 Sea Ice Altimetry Data 

GLA14 L2 Global Land Surface Altimetry Data 

GLA15 L2 Ocean Altimetry Data 

 
 

 

 

ICESat/GLAS Parameter Specification on Land Surface 

Wavelength 1064 nm 

Laser pulse rate 40 Hz 

Average footprint diameter ~70 m 

Laser pulse width 4 ns 

Vertical sampling resolution 0.15 m 

Surface ranging accuracy 5 cm 

Footprint geolocation accuracy 6m 

Footprint spacing along track ~ 170 m 

Laser beam divergence 110μrad 

 
  

Table 3. 1:  Standard GLAS data products. 

Table 3. 2 : ICESat/GLAS Specifications 
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3.3.1.2 WorldView-2 MSS (8 bands) 
WorldView-2 is  Digital Globe’s  second  next-generation  satellite,  built  by Ball  aerospace,  and  

leveraging  the  most  advanced  technologies.  It is equipped with state-of-the-art geolocational 

accuracy capabilities and control moment gyros, which enable increased agility, rapid targeting and 

efficient in-track stereo collection. It was launched on October 8, 2009. It is the first high-resolution 

satellite with 8-Multispectral imaging bands (Fig. 3.3). Pan band has a Ground sample distance of 

.46m at nadir and 0.52 meters GSD at 20° Off-Nadir. Multispectral band has 1.8 meters GSD at 

Nadir, 2.4 meters GSD at 20° Off-Nadir. The dynamic range is 11bits per pixel. Geo-location 

accuracy with registration to GCP’s is less than 2m.  

 

 

 

 
 

Fig. 3. 2: WorldView-2 imagery with overlaid 376 selected ICESat footprints in the Study Area 
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The 8 bands comprise of four standard colors (red, green, blue, and near-infrared1) and four new 

bands (coastal blue (400-450 nm), yellow (585-625 nm), red edge   (705-745 nm), and Near-infrared2 

(860-1040nm)).  Red edge band helps in monitoring plant health and moisture status.  Near-infrared 2 

band is less affected by atmospheric influence. Coastal band is useful in examining atmospheric 

correction techniques. Yellow band is useful in identifying yellowness characteristics of targets.  

WorldView-2 is capable of collecting up to 975,000 square kilometers of imagery per day (376,000 

square miles). The specifications of WorldView-2 are listed in Table 3.3.   

 

 

 

 

 

 

Imaging Mode Panchromatic Multispectral 

Spatial resolution 50 cm 2 m 

 

Spectral range 

 

450-800 nm 

400-450 nm (coastal) 

450-510 nm (blue) 

510-580 nm (green) 

585-625 nm (yellow) 

630-690 nm (red) 

705-895 nm (red edge) 

770-895 nm (near IR-1) 

860-900 nm (near IR-2) 

Orbital altitude 770 km 

Swath width at nadir 16.4 km at nadir 

New Spectral Bands Coastal, yellow, red edge, NIR2. 

 

Fig. 3. 3: The 8 spectral bands of WorldView-2 data (Source: DigitalGlobe) 

Table 3. 3: WorldView-2 specifications 



 

4. METHODOLGY 

4.1 Research Methodology

The detailed research methodology is shown in Fig. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2 Sampling design and field data collection

4.2.1 Sampling design
To adopt and design a coherent sampling framework, a hexagonal grid 

entire study area, with the area of each grid cell equal to the nominal area represented by each sample 

plot located in the GLAS footprints. O

area tessellation labeled as “forest” in 

measurements (the last of which were collected in 200

inversely, sample number) was 

Fig. 4. 
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Research Methodology 

The detailed research methodology is shown in Fig. 4.1. 

Sampling design and field data collection 

Sampling design 
o adopt and design a coherent sampling framework, a hexagonal grid was superimposed over the 

, with the area of each grid cell equal to the nominal area represented by each sample 

located in the GLAS footprints. Only one GLAS footprint was retained in each cell of an equal

“forest” in the forest type density map. Since retroactively “adding” GLAS 

measurements (the last of which were collected in 2009) is not possible, tessellation cell size (and, 

 limited by the constraint that each equal-area cell must contain at least 

Fig. 4. 1 : Research Methodology 

superimposed over the 

, with the area of each grid cell equal to the nominal area represented by each sample 

retained in each cell of an equal-

forest type density map. Since retroactively “adding” GLAS 

) is not possible, tessellation cell size (and, 

ll must contain at least 
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one GLAS shot. Establishment of this semi-systematic, equal-area sample frame, therefore, allowed 

accommodating existing measurement locations while drawing a sample which was spatially 

balanced across the entire study area and yet was random with respect to forest type and density. The 

sampling design used in the present study was adopted from U.S. Forest Inventory and Analysis 

Programme (Bechtold and Patterson, 2005). The steps involved were in this process (Fig.4.2) are as 

follows: 

1. An ordinal number was assigned to each pixel in the forest type density map representing the 

domain of interest. The WorldView-2 imagery was used to prepare the forest type density map by on-

screen visual interpretation incorporating the ground truth. Next, a space-filling curve was applied 

through the center point of each “forest” pixel to generate an ordered list of pixel locations. This 

fractal-based ordering process involved the generation of a self similar line (Piano curve) that folded 

in upon itself as it occupied the set of pixel centers found on the landscape. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Fig. 4. 2 : Steps involved in sampling design. 
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2. The GIS coverage of GLAS footprints was spatially intersected with the ordered network of 

forested pixel centers to generate equal area segments through tessellation approach. 

3. For segments associated with more than one GLAS footprint, one was selected randomly for the 

sample. Based on this criteria, a total of  67 GLAS footprints were selected out of 376 GLAS 

footprints available in the study area for the duration of 2004 to 2009 (Fig. 3.2). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2.2 Field data collection 
Field data collection was carried out in western part of Doon valley from October 2013 to January 

2014. GLAS footprints were located on the ground with the help of handheld Trimble Juno GPS with 

an accuracy level of  2.5m and the high resolution WorldView-2 imagery. The 67 footprints were 

randomly selected to obtain a representative sample for field data collection. The location of the 67 

footprints on the geo-referenced WorldView-2 imagery is shown in Fig.4.2.  

In this study, 20 m radius circular plots were selected for height and biomass assessment. It is based 
on the study done by Dhanda (2013), where the optimum size of the LiDAR footprint was found to be 
20 m radius circle for the same study area. After the center of the GLAS footprints was located, the 

Fig. 4.3: Sample plots (67 Nos) selected out of 376 GLAS footprints for field survey 
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4.2.3 Back date height and biomass estimation
Height and biomass data were collected between November 201

was recorded in the period 2004 
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sampling plots from the three footprints margin (20 m to north, south-east and south
0 were laid. A sampling plot within a GLAS footprint is shown in Fig. 

.  It involved measuring diameters and height of the trees in 20m circular plot with centers already 
marked. This arrangement helped us to restrict ourselves within the circular shape. The 

 plots along with the species name was collected from 
.2). The Species Volume Equations from FSI, 1996 (Appendix 1) were used to calculate the 

volume of trees inside the footprint. The volumes were then multiplied by specific gravity 
(Appendix 1). Finally, Biomass Expansion Factor (Appendix 1) w

Back date height and biomass estimation 
Height and biomass data were collected between November 2013 and January 2014

the period 2004 - 2009. This required a height and biomass correction. The height 

correction was done using yield tables for Shorea robusta for different site qualities. 

was found as the dominant crop within the footprints. The site quality data for each compartment was 

lan of Kalsi Soil and Water Conservation Division. The site quality for a 

compartment is determined by plotting height (average height of 3 highest trees in each 

class) vs. mid diameter (for a given diameter class) curve. This curve is compared with the reference 

curves for different site qualities. The reference curve with the least deviation from the plotted curve 

compartment. The yield table corresponding to this site quality was then 

correction. The yield tables are applicable to even aged, fully stocked and regularly 

plantations. The Doon Valley area was raised as a plantation by the British. After 

conversion to uniform has been the dominant management practice under different 

plans (Kalsi W.P. 2001-11). Hence, continuous attempts have been made to maintain the 

even aged nature of the plantation. The mean basal area within a footprint is found by using below 

N  and  BA� = 3.14* d2/4 

where N is the no. of trees inside a footprint and BAi denotes basal area of the ith 
tree. Crop diameter corresponding to mean basal area is found using

Fig. 4. 4: Sampling plots within a GLAS footprints. 
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equation. Crop diameter is then used to determine the age and thus height increment expected with 
age from the yield tables. The 5 year increment (around .25m for 90% of the footprints) was 
subtracted from the height data obtained from the field to arrive at correct heights. It is a well known 
fact that tree height increases rapidly in the first few years and then it gradually slows down as the 
tree ages. This height increment is even less than the tolerable error (.5-1m) of the measuring 
instrument (Laser rangefinder in this case, where the tree top is not visible due to the closed canopy). 
Thus, for all practical purposes, this height correction is not needed. Hence, ICESat data, which is 
more sensitive to height, can be assumed to be neutral to this small time period of 5 years for the 
purpose of height and thereby the biomass calculation. The biomass values were however corrected 
for the previous year. The Worldview-2 data was acquired by the sensor in October 2011 and hence 2 
year backdate biomass was calculated from the yield tables. Based on the crop diameter for a 
footprint, the CAI for the year was read from the yield table. This CAI was subtracted from the timber 
volume calculated for the footprint. The biomass was then derived by multiplying corrected volume 
by density and BEF values. 
 

4.3 Data Processing 

4.3.1 Worldview-2 data processing 
The WorldView-2 is the first high-resolution 8-band multispectral commercial satellite. The mean sun 

azimuth angle is 168.5˚ and mean sun elevation angle is 47.8˚. The WorldView-2 provides 

panchromatic data at a geometric resolution of 0.5 m with the multispectral data divided into eight 

spectral bands at a geometric resolution of 0.2 m. It is operating at an altitude of 770 km. The raw 

data is radiometrically corrected from all the detectors in all bands during the early phase of the 

WorldView-2 product generation. This correction includes a dark offset subtraction and a non-

uniformity correction. So, defects such as banding, stripes and shot noise are removed by the data 

provider hence the data is radiometrically corrected. 

 

4.3.2 Conversion to top-of-atmosphere spectral radiance 
The WorldView-2 products are delivered to the clients as radiometrically corrected image pixel. The 

value of these pixels is measured as function of the amount of the spectral radiance enters the 

telescope aperture and the instrument conversion of that radiation into a digital signal and the signal 

depends on the spectral transmission of the telescope and filters, the throughput of the telescope, the 

spectral quantum efficiency of the detectors, and the analog to digital conversion.  

 

The digital numbers were converted into top-of-atmosphere reflectance using the radiometric 

calibration factors and effective bandwidths for each band. The conversion from radiometrically 

corrected image pixels to spectral radiance Lλ uses the following general equation (4.1) for each band 

of a WorldView-2 product: 

Lλ = K band * DN band/∆λband                                                                      (4.1)    

where, Lλ is top-of-atmosphere spectral radiance image pixel, K band is absolute radiometric calibration 

factor, DN band is the digital number of the pixel in a given band and ∆λband is the effective bandwidth 

for the given band. Kband and ∆λband both are given in the image metadata file attached with the 

WorldView-2 product respectively. The conversion was carried out in ERDAS IMAGINE Model 

Maker. 

 

4.3.3 Atmospheric Correction 
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The WorldView-2 data was atmospherically corrected in order to reduce haze as well as other 

atmospheric and solar illumination influences. The atmospheric transmittance, direct and diffuse solar 

flux, and path radiance need to be estimated for atmospheric correction. These can be estimated using 

FLAASH (Fast Line of Sight Atmospheric Analysis of Spectral Hypercube) module in ENVI. The 

model performs well when input requirements for water and aerosol retrieval are met. The water 

retrieval is performed when image bands span one of the following bands with a spectral resolution of 

15nm or better: 1050- 1210nm, 770-870nm and 870-1020nm. FLAASH also includes a method for 

retrieving the aerosol amount and estimating a scene average visibility using a dark pixel reflectance 

ratio method based on work by Kaufman et al.(1997). The dark-land pixel-retrieval method requires 

the presence of sensor channels around 660 nm and 2100 nm. A dark-land pixel is defined to be one 

with a 2100 nm reflectance to be 0.1 or less. The ratio of radiant energy reflected by a body to the 

energy incident on it, usually denoted as a percentage of 0.1 or less and a 660:2100 reflectance ratio 

of approximately 0.45. If the input image contains bands near 800 nm and 420 nm, an additional 

check is performed, requiring the 800:420 radiance to be 1 or less, which is able to eliminate shadows 

and water bodies. It is thus able to work on the WorldView-2 sensor although both requirements are 

partially met. 

 

4.3.4 Texture features extraction 
Image texture was defined by Haralick and Bryant (1979) as “the pattern of spatial distributions of 

grey-tone”. Over the years, a large number of approaches have been proposed to detect and quantify 

texture in digital images. Nonetheless, analysis of texture still constitutes an important topic for 

research and development. Texture features in high (fine) spatial resolution imagery contains forest 

information, and may be employed to increase the utility of high spatial resolution imagery as a useful 

source of information.  

 

4.3.5 Optimum window size selection for texture feature extraction 
Since texture is a window property, it is required to find out the optimal window size to get desired 

feature values.  Optimal window size is the window size  with which the  texture  pattern captures  

fully  and  yields  identical  values  for  the  repeated texture  patterns  in  an  image.  The moving 

window size of the GLCM (grey level co-occurrence matrix) is a key parameter in texture analysis. 

Choosing the appropriate window size is not straightforward. Frequently, it is selected by trial and 

error; where several values are tested and the one minimizing given cost function is retained (Pacifici, 

F., et al., 2009). 

The choice of the GLCM parameter values were guided for a long time by the maximization of the 

classification accuracy with little emphasis on changes in texture feature values induced by changing 

matrix parameters.  In this study emphasis was laid on the selection of best parameters (degree, 

displacement and window sizes) instead of all possible combinations available. This was done to 

understand how each feature varied with varying parameters given in an image acquisition 

configuration.  

All the GLCM texture parameters (Variance, Angular Second Moment, Mean, Homogeneity, 

Entropy, Dissimilarity, Correlation and Contrast) were computed, tabulated   and visualized in graphs 

for the possible combinations of window size (3×3, 5×5, 7×7, 9×9, 11×11, 13×13, 15×15, 17×17, 
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19×19, 21×21 and 23×23); degrees (00, 450, 900, 1350, 1800, 2250, 2700 and 3150) ; displacements (0 

pixel, 1 pixel, 2 pixel and 3 pixel) for a sample GLAS footprint dated 14 October 2008, with region of 

interest (ROI) extracted from WorldView-2 imagery. It was observed that all the parameters except 

correlation depicted high and irregular change in texture values with different window sizes, degree 

and displacement values considered. Only for the GLCM parameter correlation, the texture values 

depicted least variation in window sizes 7×7, 9×9and 11×11; degrees 00 and 450; displacement of 1 

pixel and 2 pixel respectively (Fig 4.5). Hence, the windows sizes 7×7, 9×9and 11×11; degrees 00 and 

450; displacement 1 pixel and 2 pixel were chosen for texture analysis on the 376 GLAS shots ROI on 

the WorldView-2 imagery (MSS and PAN). A total of 482 GLCM texture parameters were extracted 

for each of the 376 footprints. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3.6 Gray Level Co-occurrence Matrices (GLCM) texture measures 
GLCM is also called as Gray level Dependency Matrix. It is defined as a two dimensional histogram 

of gray levels for a pair of pixels, which are separated by a fixed spatial relationship. GLCM of an 

image is computed using a displacement vector d, defined by its radius δ and orientation θ. At the 

origin, Haralick et al.(1973) defined 14 texture features that were derived from the GLCM, out of 
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Fig. 4. 5 : Moving window size selection. 
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which six texture features, viz.,  angular second moment, contrast, variance, homogeneity, correlation 

and entropy were considered to be the most relevant for remote sensing imagery analysis (Baraldi and 

Parmiggiani, 1995; Carr and De Miranda, 1998; Rao et al., 2002; Soh and Tsatsoulis, 1999).  

The co-occurrence measures are used to apply texture filters that are based on the co-occurrence 

matrix. Co-occurrence measures use a gray-tone spatial dependence matrix to calculate texture 

values. This is a matrix of relative frequencies with which pixel values occur in two neighboring 

processing windows separated by a specified distance and direction. It shows the number of 

occurrences of the relationship between a pixel and its specified neighbor. For example, the co-

occurrence matrix (Fig.4.6) was produced using each pixel and its horizontal neighbor (shift values of 

x=1, Y=0) for a 3×3 window. The pixels in the 3×3 base window and the pixels in a 3×3 window that 

was shifted by 1 pixel are used to create the co-occurrence matrix. 

 

 

 

 

 

 

Co-occurrence measures use a co-occurrence matrix to calculate texture values. This matrix is a 

function of both the angular relationship and distance between two neighboring pixels. It shows the 

number of occurrences of the relationship between a pixel and its specified neighbor. Their 

implementation in ENVI considers four directions (0°, 45°, 90°, and 135°) between neighboring cells 

that are separated by some distance, d (Fig. 4.7). 

 

 

 

 

 

  

 

Fig. 4.7: Co-occurrence measure 

 

Fig. 4.6 : Co-occurrence matrix. 
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These various filters computed in this study are mean, variance, homogeneity, contrast, dissimilarity, 

entropy, second moment, and correlation. 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A program in IDL was developed to automate the manual process so that texture analysis on the 376 

GLAS shots could be applied to expedite the process and reduce human errors. These programs was 

developed for computation of GLCM filters and calculate statistics for the windows sizes 7X7, 9X9 

and 11X11; degrees 00 and 450; displacement 1 pixel and 2 pixel (Fig. 3.11) on bands 6, 7 and 8 of the 

Worldview-2 (MSS) and band 1 of the Worldview-2 (PAN) imagery. A total of 482 GLCM texture 

parameters (Appendix - 3) for all the 376 GLAS footprints were extracted for each GLAS shot.  

 

 

 

 

Variance:  f� = 	� �(i − u)�p(i, j)
��

 

Homogeneity: 

 

Contrast:  

 

Dissimilarity: 

 

Entropy: 

 

Second Moment:  

 

Correlation:  

 

Table 4. 1 : Various texture filters computed  
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4.3.7 Laws texture measures 
Laws developed a coherent set of "texture energy" masks.  All the masks were derived from three 

simple one-dimensional non-recursive filters.  These  may  be  convolved  with each  other  to  give  a  

variety  of  one  and  two-dimensional  filters.  Laws  found  the  most useful  to  be  a  set  of  seven  

bandpass  and  highpass  directional  filters,  implemented  as  5x5 masks (Table 4.2).  The outputs 

from these masks are passed to "texture energy" filters. The L5 vector gives a center-weighted local 

average. The E5 vector detects edges, the S5 vector detects spots, The W5 vector detects waves and 

the R5 vector detects ripples. The masks were computed from the following vectors: 

 

 

L5 [ +1  +4  6  +4  +1 ]   Level 
E5 [ -1  -2    0  +2  +1 ] Edge 
S5 [ -1   0    2    0   -1 ] Spot 
W5 [ -1  +2    0   -2  +1 ] Wave 
R5 [ +1  -4    6   -4  +1 ] Ripple 

 

The 2D convolution masks are obtained by computing outer products of pairs of vectors. For 

example, the mask E5L5 (Fig. 4.9) is computed as the product of E5 and L5 as given below: 

 

 

 

 

 

Fig. 4. 8: IDL Program for computing GLCM filters. 

 

Fig. 4.9: E5L5 mask. 

Table 4. 2 : Laws texture masks. 
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The first step in Laws' procedure is to remove effects of illumination by moving a small window 

around the image, and subtracting the local average from each pixel, to produce a preprocessed 

image, in which the average intensity of each neighborhood is near to zero. After the preprocessing, 

each of the fourteen 5 X 5 masks were applied to the preprocessed image, producing fourteen filtered 

images. 

In this study for texture feature extraction, no tool was available in ENVI and ERDAS image 

processing software. A software tool was developed in IDL programming language to compute the 

required 14 Laws Texture parameters from the GLAS shots in the WorldView-2 imagery (Fig.4.10) 

and also calculate the statistics. The Laws texture parameters were computed on the MSS and PAN 

imagery. A total of 126 Laws texture parameters (Appendix - 4) for all the 376 GLAS footprints were 

extracted for each GLAS shot.  

 

 

 

 

 

 

 

 

 

4.3.8 Occurrence Texture measures 
The occurrence texture filters applied on the WorldView-2 imagery were data range, mean, variance 

and entropy. A program in IDL (Fig. 4.11) was developed to automate the manual process so that 

occurrence texture analysis on the 376 GLAS shots could be applied to expedite the process and 

reduce errors. This programme was developed for computation of occurrence texture filters and to 

calculate statistics for the windows sizes 7X7, 9X9 and 11X11on bands 6, 7 and 8 of the WorldView-

2 (MSS) and band 1 of the WorldView-2 (PAN) imagery. A total of 66 occurrence texture parameters 

(Appendix - 5) for all the 376 GLAS footprints were extracted. 

  

 

Fig. 4.10: Tool developed for 14 Laws texture measures 
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4.3.9 ICESAT/GLAS data processing 
GLAS has fifteen data products (GLA01 and GLA15) out of which two data products (GLA01 and 

GLA14) of release 33 were used in this research. These products were created by the ICESat Science 

Investigator-led Processing system (I-SIPS) at the Goddard Space Flight Center. Within a few weeks 

after acquisition, the ICESat processed data were distributed at the national Snow and Ice Center 

(NSIDC). User can order data by giving coordinates of region of their interest from NSIDC. Ordered 

data can then be downloaded from NSIDC website (http://nsidc.org.data/icesat).The elevation and 

geolocation information was extracted from GLA14 data using NSIDC GLAS Altimetry Elevation 

Extraction Tool (NGAT). The GLA14 product includes the time (UTC) at which the waveform from 

a footprint is recorded and this time (UTC) is utilized to extract the raw waveforms from the GLA01 

file. The GLA01 product is opened in the SCF_VISUALIZER that is provided by the NSIDC 

website. The IDL Virtual Machine needs to be downloaded for opening the icesatvis_ds.sav file (to 

run the visualizer via the IDL Virtual Machine) that is provided by NSIDC to open the 

SCF_VISUALIZER. The raw waveform window opened in the visualizer is shown in Fig.4.12. The 

waveform received has Volts on y axis and response bins of interval 1 nanosecond on the x axis. The 

data can also be in photon counts/100 vs relative time as shown in Fig.4.12. The transmitted as well 

as received waveforms along with the respective sensor gains (in db) are also displayed on the curve. 

Estimates for mean and standard deviation of background noise are also available from the waveform 

window. The IUTC time that uniquely identifies the waveform is shown on the upper right corner. 

The predicted coordinates are also displayed on the top right but these should not be relied upon. The 

precise geo-location can only be had from the GLA14/GLA06 product. The waveform is later 

exported in form of a text file to be used for further processing. 

  

 

Fig. 4. 11: IDL Program for computing Occurrence filters 
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4.3.9.1 Waveform conversion 
 ICESat/GLAS data (GLA01) is distributed in binary format ( .DAT) which has to be converted 

into ASCII format by an IDL program IDL_Reader developed by National Snow and Ice Data Center 

(NSIDC, 2007b). The produced waveform data originally in counts (from 0 to 256) is then converted 

into voltage units for further analysis. 

 

4.3.9.2 Waveform normalization 
After the waveform conversion, the voltage waveform was then normalized, by dividing the 

amplitude by the total received energy. The purpose of the operation was to make the waveform 

comparable, since different waveforms were captured in different time periods. Due to reasons such 

as different atmospheric condition or changes in the behavior of the laser device, the amount of return 

energy may vary with time, even the ground don’t change ( Duong et al., 2006). This operation makes 

it possible to compare the relative energy levels of particular consistent of different waveforms. 

 

The normalization process is completed by dividing the received energy Vi at the moment i by the 

total energy VT, calculated by equation given below: 

�� = 	∑ ��
�
���                                                          

 

 

 

 

Fig. 4.12: The raw waveform. 
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Then the normalization is described by equation given below:  

�����(�) = 	
��
��
� 	                                             

where, M is the no. of waveform bins, which is 1000 in this present study. 

 

4.3.9.3 Detection of effective waveform signal 
A waveform detector system continuously measures the return signal. Therefore, it is necessary to 

extract actual waveform signal from the continuous time series (Duong, 2010). This process is 

implemented by considering the position of the amplitude of the GLAS waveform signal firstly 

exceeds a certain noise level threshold. 

 

In the present study, it was observed during the visualization of the data that the actual waveforms 

signal (Fig.4.13) often start after 850th bins (850 ns) within 1000 bins. Hence, the first 850 bins have 

been used for the calculation of mean (MN) and standard deviation (δN) of the noise, as expressed in 

the below given  equations. 

�� =	∑
��
850����

���                                                       

�� = 	�∑
(	�� −	��)

�

850 − 1
����

���                                                     

where (��) is the amplitude of the (ith) bin in the waveform. The threshold value Tn for distinguishing 

between noise and actual signal is determined as the mean plus four times the standard deviation 

(Lefsky et al., 2005) as described in equation given below. The signal value at that part of the 

waveform that is below the threshold is set to zero. 

�� = 	�� + 	4 ∗	��	                                                             

This also helps in separating more noisy waveforms from the less noisy ones. 

 

 

 

 

 

 

 

 

 

 

Fig. 4. 13: Actual GLAS waveform signal defined based on threshold. 
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4.3.9.4 Waveform smoothing 
The smoothing of the waveform is necessary to remove the noise and determine initial estimates for 

the waveform parameters, such as estimating the locations and amplitudes of the peaks in the 

waveform, the voltage waveform has to be further smoothed by a Gaussian filter ( Duong, 2010). Due 

to the noisy nature of many waveforms, estimation of initial values from the raw waveform signal 

results in a large no. of modes with a low amplitude and a narrow width. Therefore, it is necessary to 

smooth the waveforms in order to get a smaller number of modes. Although various smoothing 

algorithms are available in MATLAB user library, Gaussian filter was used for smoothening in the 

present study. 

 

 

4.3.9.5 Waveform Gaussian fitting 
The decomposition technique for waveform processing utilized in the MATLAB code for the present 

study is Gaussian Decomposition. The transmitted waveform Wx(t) (Fig.4.14) is assumed to have a 

bell shape and modeled as a Gaussian function as follows: 

 

��(�) = 	�� ∗	�
�(���)� ��

��
�                                     

 

where, Ax is the amplitude of transmitted pulse, Tx is the mean value representing the peak location 

and ��  represents width of transmitted pulse at half power. The received waveform is modeled as a 

sum of Gaussian components.  

 

 

 

 

 

 

 

 

 

 

Gaussian decomposition assumes that both the transmitted and received waveforms are Gaussian in 

nature (Fig.4.15) and can be fitted reasonably well using Gaussian peaks. 

 

 

 

 

 

 

Fig. 4.14: A transmitted pulse of the ICESat laser altimetry system. 

 

Fig. 4.15: Gaussian function used to describe the transmitted pulse 
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Each Gaussian component is assumed to result from the interaction of the transmitted pulse with a 

specific object on the earth surface inside the footprint. The full waveform W(t) is represented as in  

Fig. 4.16. 

 

 

 

 

 

 

 

 

 

 

 

 

�(�) = 	� +	∑ ��
�
��� 	(�), with  �� =	�� 	∗ 	�

�(��	��)
� ��

��
� 	              

 

where, Ɛ  a noise term, wn(t) is the nth Gaussian component, N is the total no. of components or the 

no. of different reflecting layer inside the footprint. 

The curve was smoothened automatically by Gauss fit function in MATLAB and then it fits the 

smoothened curve with Gaussian components. Here user has to provide the no. of peaks desired as 

input. The no. of peaks was kept less than 6 and the final selection of the no. of peaks was made by 

the MATLAB Code based on the least RMS error between the fitted curve and the smoothened curve. 

In addition, the Code also implements the following 4 conditions of fitting (Duong, 2010).  

i. The no. of Gaussians is limited to 6. 

ii. The minimum distance between neighbouring peaks is 1.5m. 

iii. The minimum sigma width of a peak is 30cm.  

iv. The minimum amplitude of an individual peak is at least equal to the noise threshold. 

Similarly, the code was also developed for Gaussian fitting of the transmitted pulse. After fitting, it is 

generally assumed that the last peak is the ground peak. Sometimes, this is not the case and the 

waveform has a tail bit longer than usual, caused by cloud conditions. This effect is often referred to 

as the ringing effect (Fricker et al., 2005). The Fig.4.17 shows the Gaussian fitting waveform with 

some GLAS waveform parameters. 

 

 

 

Fig. 4. 16: Gaussian Fitted Waveform along with the raw waveform in blue. 
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4.3.9.6 GLAS waveform parameters derivation 
The MATLAB code was able to generate all the 22 parameters described by Duong (2010) (Appendix 

6). Out of these parameters, 18 parameters were relevant excluding pStart, pEnd, wCanopy and 

wGround which were selected for biomass prediction. The description of the parameters is shown in 

(Appendix-6). 

All the Gaussian modeled GLAS waveform derived parameters listed above were estimated to be 

related to the forest structural attributes like tree height and AGB. 

 

4.3.10 Predictive Modelling 
Predictive modeling is mathematical technique having the goal of finding a mathematical relationship 

between a target, response, or “dependent” variable and various predictor or “independent” variables 

with the goal in mind of measuring future values of those predictors and inserting them into the 

mathematical relationship to predict future values of the target variable. A predictive model is made 

up of a number of predictors, which are variable factors that are likely to influence future behavior or 

results. In predictive modeling, data is collected for the relevant predictors, a statistical model is 

formulated, predictions are made and the model is validated (or revised) as additional data becomes 

available. The model may employ a simple linear equation or a complex neural network, mapped out 

by software. 

In the present study the predictive modeling was used to predict the variable factors that have 

significant contributions. The Multilayer perceptron neural network available in SPSS 21.0 statistical 

 
Fig. 4.17: Gaussian Fitted Waveform with some GLAS waveform parameters. 
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package, Multivariate adaptive regression spline and Boosted tree in Statistica 7.0 were the predictive 

models used in this study to shortlist the most significant variables, which in turn were used for the 

generation of spatially distributed above ground biomass for the study area. 

 

4.3.10.1 Multilayer Perceptron Network (MLP) 
MLP is a predictive model for a dependent variables based on the values of the predictor variables. In 

this study, multilayer feed forward neural networks commonly referred to as Multilayer Perceptrons 

(MLPs)was used. The feedforward MLP network topology (Fig.4.18) was used in this study because 

of its desirable computational and approximation capabilities(Cybenko, 1989;Hecht-Nielsen, 1989). It 

has a layered architecture consisting of input, hidden and output layers. The layers between input and 

output were termed as hidden layers and neurons contained within them as hidden nodes because of 

their indirect connection with external input and output layers (Okun et al., 2011). The input signal 

propagates through the network in a forward direction on a layer by layer basis. The output of each 

layer is transmitted to the input of neurons in the next layer through weighted links. The hidden layers 

aids in performing useful complex computations by extracting progressively more meaningful 

features from the input layer.  In many studies sigmoid function is used as activation function 

represented by below equation  

 

�	(�) = 	1
1 +	��(����)
�  

The sigmoid activation function is limited due to its differentiability (Okun et al., 2011) and it 

assumes a continuous range of values from 0 to 1. Additionally, it compresses all the outputs between 

the range (0 and 1) which further reduces its effectiveness (Kimes, Nelson, Manry, & Fung, 1998). 

Once an appropriate network topology has been identified, the ANN has to be trained in order to 

produce desired output. Essentially, training is an iterative process which modifies the weight of 

ANN thus producing best possible nonlinear approximation relationship based on networks 

architecture. This modification minimizes the error between predicted and the actual output. Hence a 

thorough investigation is required to design robust training rule for finding optimum weight. 

 

 

 

 

 

 

 

There are mainly three categories of learning rules that have been adopted to train the neural network 

viz. supervised learning, unsupervised learning and reinforcement learning. Training and weight 

 

Fig. 4.18 : Feedforward MLP network 
topology. 
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adaptation is done in MLPs in a supervised manner with a highly popular algorithm known as the 

error back-propagation algorithm. Back-propagation is a very powerful and computationally efficient 

algorithm. Back-propagation learning consists of two phases. During the first phase, inputs presented 

to the input layer propagate through the network, layer by layer, to the output layer, where the error 

between the desired output and the network output is calculated. During this phase the weights are not 

modified, and they remain constant.  

During the second phase, the error signal is propagated backwards from the output layer through the 

network to the input layer. During this stage, the weights are adjusted in such a way that the actual 

output moves closer to the desired output. In this approach, the training pattern data is divided into 

three categories viz. training, test and validation data. The training data set is used for learning 

process and then at certain intervals, the ANN model so developed is evaluated with the validation 

data and a model producing the best result is selected. Test data is used to verify the generalization 

capability of the ANN. Therefore, a representative data population, robust training method and 

optimized network topology are essential for the efficient performance of ANN model. 

 

4.3.10.2 Boosted Regression Tree (BRT) 
Boosting tree is the application of boosting methods to regression trees. The general idea is to 

compute a sequence of (very) simple trees, where each successive tree is built for the prediction 

residuals of the preceding tree. This method builds binary trees, i.e., partition the data into two 

samples at each split node. If the complexities of the trees is to be limited to 3 nodes only: a root node 

and two child nodes then, at each step of the boosting trees algorithm, a simple (best) partitioning of 

the data is determined, and the deviations of the observed values from the respective means  are 

computed. The next 3-node tree will then be fitted to those residuals, to find another partition that will 

further reduce the residual (error) variance for the data, given the preceding sequence of trees 

(Fig.4.19). 

It can be shown that such "additive weighted expansions" of trees can eventually produce an excellent 

fit of the predicted values to the observed values, even if the specific nature of the relationships 

between the predictor variables and the dependent variable of interest is very complex. Hence, the 

method of gradient boosting - fitting a weighted additive expansion of simple trees  is a very general 

and powerful machine learning algorithm.  

Boosting, or boosted regression, is a recent data mining technique that is very successful in predictive 

accuracy. Boosted regression trees combine the strengths of two algorithms: regression trees (models 

that relate a response to their predictors by recursive binary splits) and boosting (an adaptive method 

for combining many simple models to give improved predictive performance). The final BRT model 

can be understood as an additive regression model in which individual terms are simple trees, fitted in 

a forward, stage wise fashion. 

Boosted regression trees incorporate important advantages of tree-based methods, handling different 

types of predictor variables and accommodating missing data. They have no need for prior data 

transformation or elimination of outliers, can fit complex nonlinear relationships, and automatically 

handle interaction effects between predictors. Fitting multiple trees in BRT overcomes the biggest 
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drawback of single tree models: their relatively poor predictive performance. Although BRT models 

are complex, they can be summarized in ways that give powerful insight, and their predictive 

performance is superior to most traditional modelling methods. 

 

4.3.10.3 Multivariate adaptive regression spline (MARS) 
Multivariate  adaptive  regression  is  a stepwise procedure  for  the  automatic  selection  of  basis  
functions  from  observed  data. The  selected  basis  functions  Bm(x)  yield  models  of  the  form  

��(�, �) = � ����(�)

�

���

 

for x  in  Rn.  These models are fit to the observed data  (��, ��)���
�    

The initial  function estimate  is  taken  to  be  a constant  by  setting  B1(x)  =  1.  Then the following 

steps  were repeated  until  a  model  selection  criterion  stops  the  growth  of  the model.  From  a  

list  of  candidate  basis  functions  ЃM,  we  choose  one  or  two  new basis functions  BM+1(X),  

BM+2(X) to append  to the  current  list  of  basis functions  {B1(x),  B2(X),  ...,  BM(x)}  and  then  

regress  the  data  onto  the  span  of the  new  list.  At  each  step  we  adopt  the  choice  of  basis  

functions  that  provide the  best  improvement  in  a  model  selection  criterion. 

MARS is a nonparametric regression procedure that makes no assumption about the underlying 

functional relationship between the dependent and independent variables. Instead, MARS constructs 

this relation from a set of coefficients and basis functions that are entirely "driven" from the 

regression data. The MARS technique has become particularly popular in the area of data mining 

because it does not assume or impose any particular type or class of relationship (e.g., linear, logistic, 

and so on) between the predictor variables and the dependent (outcome) variable of interest.  

The general MARS model equation (Hastie et al., 2001) is given as: 

� = �(�) = �� + � ��h�(�)

�

���

	 

where the summation is over the M predictors in the model . Here, y is predicted as a function of the 

predictor variables X (and their interactions); this function consists of an intercept parameter (��) and 

the weighted (��) sum of one or more basis functions hm(X) . This model selects a weighted sum of 

basis functions from the set of (a large number of) basis functions that span all values of each 

predictor (i.e., that set would consist of one basis function, and "knot" parameter t, for each distinct 

value for each predictor variable). The MARS algorithm then searches over the space of all inputs and 

predictor values (knot locations t) as well as interactions between variables. During this search an 

increasingly larger number of basis functions are added to the model (selected from the set of possible 

basis functions), to maximize an overall least squares goodness-of-fit criterion. 

Implementing MARS involves a two-step procedure that was applied successively until a desired 

model was found. In the first step, the model was built by increasing its complexity by adding basis 

functions until a preset (user-defined) maximum level of complexity has been reached. Then a 

backward procedure was applied to remove the least significant basis functions from the model which 
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would lead to the least reduction in the (least-squares) goodness of fit. This algorithm was 

implemented as follows: 

1. Start with the simplest model involving only the constant basis function. 

2. Search the space of basis functions for each variable and for all possible knots, and add those that 

maximize a certain measure of goodness of fit (minimize prediction error). 

3. Step 2 is recursively applied until a model of pre-determined maximum complexity is derived. 

4. Finally, in the last stage, a pruning procedure is applied where those basis functions are removed 

that contribute least to the overall (least squares) goodness of fit. 

In this study, MARS was used to maximize an overall least squares goodness-of-fit criterion with an 

aim of minimizing the sum of squared deviations of the observed values for the dependent variable 

from those predicted by the model.  
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5. RESULTS AND DISCUSSION 

 

5.1 Descriptive Analysis of Field Data 
Forest stand parameters (GBH and height) of each individual sampled tree in every sampling plot 

were measured in the study area. In total GBH for 3321 trees were measured in the 67 GLAS shot 

plots. Descriptive statistics for the GBH and height in the study area is as given in Table 5.1. 

Table 5. 1 : Descriptive Statistics of Sampled Trees 

Statistics GBH (cm) 

Mean 110.77 

Standard Deviation 12.499 

Minimum 13 

Maximum 340 

The field derived biomass and 692 parameters (Optical and ICESat) for each of the 67 footprints were 

compiled in an excel sheet.   

 

5.2 Multilayer Perceptron (MLP): Results and Discussion 
In the present study, the SPSS 21.0 statistics software (IBM) was used for the implementation of 

ANN to predict AGB from waveform and texture parameters. These parameters, extracted for each 

sampled GLAS shot were given as input to MLP for Neural Network approach in the software to 

derive the best combination of parameters for prediction of AGB. The performance of MLP is based 

on training method, where the optimum set of weight values is computed to predict the desired value. 

The training process requires the selection of hidden layers, number of neurons to be considered in 

each hidden layer to find optimal solution and also validates the network to test over fitting.  

The Back-Propagation (BP) with sigmoid activation function in hidden layer as the training method 

was used in this study. Several variations of BP network architecture were computed for the 

derivation of the appropriate architecture. SPSS software uses the scale conjugate gradient algorithm 

to adjust weight values using the gradient during BP of errors through the network. The conjugate 

gradient algorithm takes a more direct path to the optimal sets of weight values as compared to 

gradient descent. It also does not require the user to specify learning rate and momentum parameters. 

The scale conjugate gradient algorithm uses a numerical approximation for the second derivatives 

(Hessian matrix). 

The biomass, texture and GLAS waveform parameters for each of the 67 footprints were compiled in 

an excel sheet. The excel sheet was imported to SPSS software to run MLP model. Fig.5.1 shows the 

MLP network architecture consisting of two hidden layers for all parameters considered for AGB 

prediction. The number of units in hidden layer1 is 20 and in hidden layer2 is 15. The rescaling 

method used for covariates and scale dependents in MLP network architecture is normalized. The 

activation function and error function used are sigmoid and sum of squares respectively. The total 

numbers of units considered are 692 for the MLP model with Biomass as the dependent variable. 
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Fig. 5.1 : MLP network architecture of all texture and LiDAR parameters for AGB prediction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.5.2 shows the correlation between field measured AGB and predicted AGB by trained MLP 

model with the combination of 692 parameters derived from WorldView-2 and spaceborne LiDAR 

data. Fig.5.3 represents the normalized order of importance for the combination of all 692 parameters. 

Table 5.2 gives the descriptive statistics and model summary between field-measured AGB and 

predicted AGB by trained MLP model for the 692 parameters, where N is the no. of plots. The R 

value was found to be 0.898, which indicates that there is good correlation between the field-

measured AGB and predicted AGB. The R² value was found to be 0.806 (80.6%) for predicted AGB 

with an RMSE of 12.30 tons/ha. The adjusted R² is 0.801 is very close as compared to the R² which is 

0.806. Generally, with the increase in number of observations (GLAS, GLCM, Laws and Texture), 

the adjusted R² gets closer to the R². The above observations show that the synergistic use of texture 

parameters from high resolution and waveform parameters from LiDAR sensors helps in more 

accurate biomass prediction. The best contributing parameters were obtained by multiple regression 

algorithms for modeling biomass equation. 
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Fig. 5.3: Normalized importance graph of parameters for AGB prediction. 

 
 

 
 

 

Fig. 5.2: Scatter plot for predicted vs observed AGB using MLP Model 
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The sensitivity analysis was performed on the top 25 important independent variables (Table 5.3) and 

weight of each predictor in the neural network was computed. The variable importance is also 

obtained with the variable having the largest measures of importance ranges from 100 to lowest 

measures of value 0. From the Table 5.3 the most important variable was found to be 

GLCM45Degree_2_0_MSS9X9Band8Variance. While selection of the above parameters, it has been 

observed that importance of these variables changes with different input combinations but the 

topmost 20-25 variables mostly remains unchanged. 

 

Variable Name 
Importance Normalized 

Importance 

GLCM45Degree_2_0_MSS9X9Band8Variance 0.005 100.00% 

GLCM45Degree_2_0_MSS11X11Band3Correlation 0.004 93.60% 

GLCM0Degree_1_0_MSS11X11Band6Contrast 0.004 91.30% 

MSSBAND2LawsE5E5 0.004 89.70% 

MSSBAND5LawsS5R5 0.004 89.50% 

MSSBAND1LawsS5R5 0.004 88.30% 

GLCM45Degree_2_0_MSS7X7Band7Homogeneity 0.004 86.00% 

MSSBAND3LawsE5E5 0.004 81.70% 

GLCM0Degree_2_0_PAN9X9Band1Contrast 0.004 80.40% 

GLCM45Degree_2_0_MSS7X7Band7Correlation 0.004 80.00% 

TextureMSS7X7Band7Entropy 0.004 79.90% 

wdistance 0.004 79.30% 

GLCM45Degree_1_0_MSS9X9Band3Homogeneity 0.004 78.50% 

R25 0.004 78.20% 

GLCM0Degree_1_0_PAN11X11Band1Second Moment 0.004 76.30% 

GLCM45Degree_1_0_MSS11X11Band8Dissimilarity 0.003 75.80% 

GLCM45Degree_1_0_MSS11X11Band6Variance 0.003 71.70% 

Descriptive Statistics 

 Mean Std. Deviation N 

Observed AGB 315.752 27.574 67 

Predicted Value for AGB 315.334 22.998 67 

 

 

 

Model 

Model Summaryb 

R R Square Adjusted R 

Square 

Std. Error of 

the Estimate 

1 0.898a 0.806 0.801 12.301 

a. Predictors: (Constant), Predicted Value for Biomass 

b. Dependent Variable: Biomass 

Table 5.2 : Descriptive Statistics and Model Summary (MLP Model) 

Table 5.3 : Top 25 Important Independent Variables (MLP Model) 
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GLCM0Degree_1_0_MSS9X9Band7Correlation 0.003 70.80% 

GLCM0Degree_2_0_MSS7X7Band3Entropy 0.003 69.90% 

GLCM45Degree_2_0_MSS7X7Band8Entropy 0.003 69.50% 

GLCM0Degree_2_0_MSS7X7Band8Contrast 0.003 69.40% 

GLCM0Degree_2_0_MSS11X11Band7Variance 0.003 69.10% 

HomeH50 0.003 68.80% 

The MLP model was used as multiple linear regression method alone cannot handle large number of 

variable (692 parameters), which is greater than number of observations (67 plots) problems. MLP 

model reduced the total number of variables required by multiple linear regression method to derive 

the biomass equation. 

 

5.3 Multiple Linear Regressions (MLP Model) 
The multiple linear regression method is used for modeling biomass equation. Out of the best 25 

independent variables (Table 5.3), the R2 value for the best GLAS parameters alone, GLCM texture 

parameters alone, Laws texture parameters alone and Texture parameters alone were observed to be 

very small. However, the combination of top 15 parameters of GLAS, GLCM, Laws and Texture 

produced a significant
2R value of 0.732 (73.2 %), a further increase to combination of top 25 

parameters provided us the 2R value of  0.866 (86.60 %). A further increase in the parameters 

yielded no significant increase in the 2R value, hence the parameters which provided us the 2R value 

of 0.866 have been considered as final. The various combinations of GLAS and texture parameters 

with their respective R, R2 and adjusted R2 values are shown in Table 5.4. 

 

 

Parameters R² R Adjusted 

R² 

Wdistance + R25 0.042 0.206 0.012 

GLCM45Degree_2_0_MSS7X7Band7Homogeneity+GLCM0Deg

ree_2_0_MSS11X11Band6Contrast+GLCM45Degree_2_0_MSS1

1X11Band3Correlation+GLCM45Degree_2_0_MSS9X9Band8Va

riance 

0.065 0.254 0.004 

MSSBAND2LawsE5E5 + MSSBAND5LawsS5R5 + 

MSSBAND1LawsS5R5 + MSSBAND3LawsE5E5 

0.102 0.319 0.043 

GLCM45Degree_1_0_MSS9X9Band3Homogeneity+GLCM0Deg

ree_2_0_MSS11X11Band6Contrast+GLCM45Degree_2_0_MSS7

X7Band7Homogeneity+GLCM45Degree_2_0_MSS11X11Band3

Correlation+GLCM0Degree_2_0_PAN9X9Band1Contrast+GLC

M45Degree_2_0_MSS9X9Band8Variance+GLCM45Degree_2_0

_MSS7X7Band7Correlation 

0.106 0.326 0.0003 

R25+ MSSBAND3LawsE5E5+ MSSBAND1LawsS5R5+ 

MSSBAND2LawsE5E5+ 

0.732 0.856 0.588 

Table 5.4: Best parameter combination along with R2, R and Adjusted R2 Value (MLP Model) 
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GLCM0Degree_2_0_MSS9X9Band8Variance+MSSBAND5Laws

S5R5+wdistance+GLCM45Degree_1_0_MSS9X9Band3Homogen

eity+GLCM0Degree_1_0_MSS11X11Band6Contrast+GLCM45D

egree_2_0_PAN9X9Band1Contrast+GLCM45Degree_2_0_MSS7

X7Band7Homogeneity+GLCM45Degree_2_0_MSS11X11Band3

Correlation+TextureMSS7X7Band7Entropy+GLCM45Degree_2_

0_MSS7X7Band7Correlation 

HomeH50+MSSBAND5LawsS5R5+GLCM45Degree_1_0_MSS9

X9Band3Homogeneity+GLCM0Degree_2_0_MSS7X7Band8Cont

rast+MSSBAND2LawsE5E5+GLCM45Degree_2_0_MSS7X7Ban

d7Homogeneity+MSSBAND3LawsE5E5+MSSBAND1LawsS5R

5+GLCM0Degree_2_0_MSS7X7Band3Entropy+wdistance+R25+

GLCM45Degree_2_0_PAN9X9Band1Contrast+GLCM0Degree_1

_0_PAN11X11Band1SecondMoment+GLCM0Degree_1_0_MSS

11X11Band6Contrast+GLCM45Degree_2_0_MSS7X7Band7Corr

elation+GLCM45Degree_1_0_MSS11X11Band6Variance+GLC

M0Degree_2_0_MSS7X7Band8Entropy+GLCM0Degree_2_0_M

SS9X9Band8Variance+GLCM0Degree_2_0_MSS11X11Band7Va

riance+GLCM45Degree_1_0_MSS11X11Band8Dissimilarity+Te

xtureMSS7X7Band7Entropy+GLCM45Degree_2_0_MSS11X11B

and3Correlation+GLCM0Degree_1_0_MSS9X9Band7Correlation 

0.866 0.930 0.684 

From a set of 692 parameters, we were able to choose the best 25 parameters and the resulting linear 

equation (Equation 5.1) was able to capture 86.6% of variability in AGB prediction with an RMSE of 

15.50 tons/ha. The normal P-P plot of standardized residual and scatter plot for combination of these 

25 parameters is shown in Fig.5.4 and Fig.5.5 respectively. 

  Equation 5.1 : Biomass equation (MLP Model) 

 
Biomass=(20.107*GLCM0Degree_2_0_MSS9X9Band8Variance)–

(20723.191*GLCM45Degree_2_0_MSS11X11Band3Correlation)– 

(10.265*GLCM0Degree_1_0_MSS11X11Band6Contrast) + (416.496*MSSBAND2LawsE5E5)–

(2421.230*MSSBAND5LawsS5R5)–(15.196*MSSBAND1LawsS5R5)–

(0.498*GLCM45Degree_2_0_MSS7X7Band7Homogeneity)–(242.750*MSSBAND3LawsE5E5)+ 

(5.015*GLCM45Degree_2_0_PAN9X9Band1Contrast)+(2706.923*GLCM45Degree_2_0_MSS7X7

Band7Correlation)+(49.614*TextureMSS7X7Band7Entropy)+(5.244*wdistance)+(0.366*GLCM45

Degree_1_0_MSS9X9Band3Homogeneity)+(50.998*R25)+(0.237*GLCM0Degree_1_0_PAN11X11B

and1SecondMoment)–(542.078*GLCM45Degree_1_0_MSS11X11Band8Dissimilarity)–

(0.963*GLCM45Degree_1_0_MSS11X11Band6Variance)+(9579.330*GLCM0Degree_1_0_MSS9X9

Band7Correlation)–(13.755*GLCM0Degree_2_0_MSS11X11Band7Variance)–

(13.733*GLCM0Degree_2_0_MSS7X7Band3Entropy) 

+(7.354*GLCM0Degree_2_0_MSS7X7Band8Contrast)–



55 
 

 

 

 

 

  

Fig. 5.5:  Scatterplot for the best 25 parameters (MLP Model) 

 

Fig. 5.4:Normal P-P plot of Standardized Residual for 25 parameters. 
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Model 

Model Summaryb 

R R Square Adjusted R 

Square 

Std. Error of 

the Estimate 

1 .930a .866 .684 15.505 

a. Predictors: (Constant) Top 25 Variables 

b. Dependent Variable: Biomass 
 

 

Variable Name Mean Std. Deviation 

Biomass 315.75 27.57 

GLCM45Degree_2_0_MSS11X11Band3Correlation 0.01 0.02 

GLCM0Degree_2_0_MSS9X9Band8Variance 18.22 2.17 

GLCM0Degree_1_0_MSS11X11Band6Contrast -7.41 2.06 

MSSBAND2LawsE5E5 127.00 0.01 

MSSBAND5LawsS5R5 127.00 0.01 

MSSBAND1LawsS5R5 127.04 0.02 

GLCM45Degree_2_0_MSS7X7Band7Homogeneity 138.41 19.39 

MSSBAND3LawsE5E5 127.01 0.02 

GLCM45Degree_2_0_PAN9X9Band1Contrast -8.17 2.07 

GLCM45Degree_2_0_MSS7X7Band7Correlation 0.03 0.03 

TextureMSS7X7Band7Entropy 2.26 0.14 

wdistance 29.82 2.89 

GLCM45Degree_1_0_MSS9X9Band3Homogeneity 71.60 10.48 

R25 0.27 0.26 

GLCM0Degree_1_0_PAN11X11Band1Second Moment 67.79 7.61 

GLCM45Degree_1_0_MSS11X11Band8Dissimilarity 1.93 0.10 

GLCM45Degree_1_0_MSS11X11Band6Variance 15.54 1.46 

GLCM0Degree_1_0_MSS9X9Band7Correlation 0.02 0.03 

GLCM0Degree_2_0_MSS11X11Band7Variance 15.26 1.82 

GLCM0Degree_2_0_MSS7X7Band3Entropy 3.53 0.20 

GLCM0Degree_2_0_MSS7X7Band8Contrast -6.46 2.22 

GLCM0Degree_2_0_MSS7X7Band8Entropy 5.78 0.49 

HomeH50 17.34 7.52 

Table 5.5: Model Summary (MLP Model) 

Table 5.6: Descriptive Statistics (MLP Model) 
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In the artificial neural network approach, the MLP model was able to explain 86.6% of the variability 

in prediction of AGB with RMSE of 15.50 tons/ha. Among the 25 best parameters, the top five 

parameters.i.e.GLCM45Degree_2_0_MSS9X9Band8Variance,GLCM0Degree_2_0_MSS9X9Band8V

ariance,GLCM0Degree_1_0_MSS11X11Band6Contrast,MSSBAND2LawsE5E5andMSSBAND5Laws

S5R5 had the highest correlation. This infers that GLCM and Laws texture measures are very suitable 

to extract forest structural information from Worldview-2 satellite data, but GLCM, Laws, First order 

texture and LiDAR waveform alone were not sufficient enough to estimate the AGB accurately. 

However, a combination of parameters obtained from MLP model provides us a method for 

prediction of AGB with enhanced precision. 

 

5.4 Boosted Regression Trees (BRT): Results and Discussion 
In the present study, STATISTICA 7 was used to estimate the BRT model. STATISTICA is a 

statistics and analytics software package developed by StatSoft which provides the user with data 

analysis, data management, data mining and data visualization procedures. Five key parameters were 

manipulated in the BRT analysis to control the Stochastic Gradient Boosting algorithm to predict 

AGB from waveform and texture parameters. First, the “learning rate” or the shrinkage parameter(lr) 

specifies the specific weight with which consecutive simple regression trees are added into the 

prediction equation; Second, the “number of additive terms” (nat) specifies the number of simple 

regression trees (i.e., additive terms) to be computed in successive boosting steps; Third, the 

“maximum number of nodes” (mnn) specifies the maximum number of nodes allowed for each 

individual tree in the boosting sequence, which is used as a stopping parameter; Fourth, the 

“subsample proportion” (sp) is used for selecting the random learning sample for consecutive 

boosting steps; Fifth, a value of 0.2 (or 20%), which is standard, is used for the “random test data 

proportion” parameter. This implies 80% of the observations are randomly selected used for the 

training (i.e., modeling) sample and the other 20% of the observations are used for the testing (i.e., 

validation) sample.  

The waveform and texture parameters were derived for each sampled GLAS shot as input to BRT to 

compute the best combination of parameters for prediction of Above Ground Biomass (AGB). There 

were 692 possible predictor variables. 

The biomass, texture and GLAS waveform parameters for each of the 67 footprints were compiled in 

an excel sheet. The excel sheet was imported to STATISTICA 7 software to run BRT model. 

Statistics were obtained from analysis performed on the validation data set for 50 different BRT 

models predicting AGB as given in Table 5.7. 
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Each of these 50 aforementioned BRT models used a mnn parameter value equal to three, but the 

values for the lr and nat parameters were not held constant. The R2 and R values resulting from the 

BRT models for predicting the AGB with various combinations of the lr and nat parameters and the 

value three for the mnn parameter is given in Fig.5.6 and Fig.5.7 respectively. The 50 different BRT 

models represented in Table 5.6 and Fig.5.6 and Fig.5.7 were the product of testing 10 different levels 

of lr values (0.00500, 0.00700, 0.00800, 0.00900, 0.00925, 0.00950, 0.01000, 0.02000, 0.02500 and 

0.10000), a mnn value equal to three, and five different levels of nat values (25,  50,  75, 100 and 

500). 

  

lr nat=25 nat=50 nat=75 nat=100 nat=500 

0.00500 
0.50 0.54 0.54 0.59 0.74 

0.71 0.73 0.74 0.77 0.86 

0.00700 
0.51 0.56 0.57 0.63 0.63 

0.72 0.75 0.76 0.80 0.80 

0.00800 
0.49 0.57 0.59 0.65 0.84 

0.70 0.76 0.77 0.81 0.91 

0.00900 
0.52 0.59 0.60 0.67 0.86 

0.72 0.76 0.77 0.82 0.93 

0.00925 
0.52 0.59 0.60 0.68 0.86 

0.72 0.77 0.77 0.82 0.93 

0.00950 
0.52 0.59 0.61 0.68 0.68 

0.72 0.77 0.78 0.83 0.83 

0.01000 
0.48 0.48 0.61 0.50 0.59 

0.69 0.70 0.78 0.71 0.77 

0.02000 
0.51 0.61 0.61 0.61 0.61 

0.72 0.78 0.78 0.78 0.78 

0.02500 
0.52 0.52 0.52 0.52 0.52 

0.72 0.72 0.72 0.72 0.72 

0.10000 
0.64 0.64 0.64 0.64 0.64 

0.80 0.80 0.80 0.80 0.80 

 

Table 5.7: Statistics obtained from analysis performed on the validation data set for 50 different BRT 
models predicting MOR, with a value of three being used for the parameter mnn.* 
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For BRT model, with the parameter value of three for mnn, the highestR2 value obtained was 0.86 

and R value obtained was 0.93, while the other parameter settings were 0.00925 for lr and 500 for nat. 

So, the parameter settings for the highest R2 value for predicted biomass was an lr value of 0.00925, 

an mnn value of three, and a nat value of 500. Importantly, the optimal number of trees obtained for 

these 500 iterations was 273 (i.e., the smallest average squared error for the validation sample was 

obtained at 273 trees for these 500 boosting steps). The summary results have been given in Fig.5.7. 

A scatterplot of the observed biomass values and the predicted biomass values for the validation data 

set is given in Fig.5.8.  

Fig. 5.7 : Relationship between learning rate and R value for predicted biomass for the 50  
different BRT models 
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Fig. 5.6 : Relationship between learning rate and R2 value for predicted biomass for the 50  
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 Fig. 5.9 : Scatter plot of the predicted versus observed AGB for BRT model. 

 

 

Fig. 5.8 : Summary of the Boosted Regression Tree Model with lr=0.00925, mnn=3 and nat = 500 
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The importance plots of parameters for AGB prediction in the BRT are given in Fig.5.10. 

  

 

 

 

 

 

 

 

 

 

Table 5.8 shows the top 25 important variables on which sensitivity analysis was performed by the 

boosted regression tree and ranks were computed. 

 

Variable Name Rank Importance 

eEcho 100 1.000000 

MSSBAND6LawsL5W5 97 0.966227 

wpdistance 96 0.957183 

eground 94 0.937030 

MSSBAND7LawsS5R5 92 0.921335 

MSSBAND1LawsL5R5 92 0.920333 

PANBAND1LawsL5W5 90 0.903825 

ecanopy 89 0.887860 

GLCM0Degree_2_0_MSS7X7Band6SecondMoment 87 0.873513 

MSSBAND7LawsE5R5 85 0.846004 

H75 84 0.835862 

GLCM0Degree_1_0_MSS9X9Band6Variance 83 0.826470 

GLCM0Degree_2_0_MSS7X7Band6Variance 83 0.826294 

GLCM0Degree_2_0_MSS7X7Band7SecondMoment 83 0.825364 

GLCM45Degree_2_0_MSS7X7Band6Variance 83 0.826481 

Table 5.8: Top 25 importance variables in BRT model 

Fig. 5.10: Importance plot of parameters for AGB prediction in BRT model. 
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5.5 Multiple Linear Regressions (BRT Model) 
The multiple linear regression method was used for modeling biomass equation. Now when we have 

the best 25 independent variables (Table 5.8) the best GLAS parameters (eEcho, wpdistance, 

eground,ecanopy and H75) yielded an R2 value of 0.483, GLCM texture parameters 

(GLCM0Degree_2_0_MSS7X7Band6SecondMoment,GLCM0Degree_1_0_MSS9X9Band6Variance

,GLCM0Degree_2_0_MSS7X7Band6Variance,GLCM0Degree_2_0_MSS7X7Band7SecondMoment

,GLCM45Degree_2_0_MSS7X7Band6VarianceandGLCM0Degree_2_0_MSS7X7Band8SecondMo

ment) showed R2 value of 0.280 and Laws texture parameters (MSSBAND6LawsL5W5, 

MSSBAND7LawsS5R5 + MSSBAND1LawsL5R5, PANBAND1LawsL5W5 and 

MSSBAND7LawsE5R5) yielded R2 value of 0.120 which were very small. However, the 

combination of top 10 parameters of GLAS, GLCM, Laws and Texture produced a significant R2 

value of 0.586 (58.6%), a further increase to combination of top 20 parameters provided us the R2 

value of 0.589 (58.90 %), which is marginal increase. Finally the combination of top 25 parameters 

provided us the R2 value of 0.641 (64.10 %) and R value 0.8007 (80.07%) which is a significant 

result. A further increase in the parameters yielded no significant increase in the R2 value, hence the 

parameters which provided the R2 value of 0.641 were considered as final. The various combinations 

of GLAS and texture parameters with their respective R, R2 and adjusted R2 values are shown in 

Table 5.9. 

 

GLCM0Degree_2_0_MSS7X7Band8SecondMoment 82 0.821834 

GLCM45Degree_1_0_MSS11X11Band6Variance 82 0.815643 

GLCM45Degree_1_0_MSS7X7Band6Variance 82 0.824963 

GLCM45Degree_1_0_MSS9X9Band6Variance 82 0.815135 

GLCM45Degree_2_0_MSS11X11Band8Variance 82 0.816801 

GLCM0Degree_1_0_MSS11X11Band6Variance 81 0.813219 

GLCM0Degree_1_0_MSS11X11Band8Variance 81 0.812497 

Parameters R² R Adjusted 

R² 

eEcho + wpdistance + eground + ecanopy + H75 0.483 0.695     0.442 

MSSBAND6LawsL5W5 + MSSBAND7LawsS5R5 + 

MSSBAND1LawsL5R5 + PANBAND1LawsL5W5 + 

MSSBAND7LawsE5R5 

0.120 0.347 0.074 

GLCM0Degree_2_0_MSS7X7Band6SecondMoment + 

GLCM0Degree_1_0_MSS9X9Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band7SecondMoment + 

GLCM45Degree_2_0_MSS7X7Band6Variance + 

0.280     0 .529    0.202 

Table 5.9 : Best parameter combination (BRT model) with R2, R and Adjusted R2 Value 
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From a set of 692 parameters, the best 25 parameters were chosen and the resulting linear equation 

(Equation 5.2) was able to capture 64.1% of variability in AGB prediction with an RMSE of 18.184 

tons/ha.  

 

 

 

 

 

GLCM0Degree_2_0_MSS7X7Band8SecondMoment 

eEcho + MSSBAND6LawsL5W5 + wpdistance + eground + 

MSSBAND7LawsS5R5 + MSSBAND1LawsL5R5 + 

PANBAND1LawsL5W5 + ecanopy + 

GLCM0Degree_2_0_MSS7X7Band6SecondMoment + 

MSSBAND7LawsE5R5 

 0.586      0.765      0.526 

eEcho + MSSBAND6LawsL5W5 + wpdistance + eground + 

MSSBAND7LawsS5R5 + MSSBAND1LawsL5R5 + 

PANBAND1LawsL5W5 + ecanopy + 

GLCM0Degree_2_0_MSS7X7Band6SecondMoment + 

MSSBAND7LawsE5R5 + H75 + 

GLCM0Degree_1_0_MSS9X9Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band7SecondMoment + 

GLCM45Degree_2_0_MSS7X7Band6Variance 

0.589   0.768     0.517 

eEcho + MSSBAND6LawsL5W5 + wpdistance + eground + 

MSSBAND7LawsS5R5 + MSSBAND1LawsL5R5 + 

PANBAND1LawsL5W5 + ecanopy + 

GLCM0Degree_2_0_MSS7X7Band6SecondMoment + 

MSSBAND7LawsE5R5 + H75 + 

GLCM0Degree_1_0_MSS9X9Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band7SecondMoment + 

GLCM45Degree_2_0_MSS7X7Band6Variance + 

GLCM0Degree_2_0_MSS7X7Band8SecondMoment + 

GLCM45Degree_1_0_MSS11X11Band6Variance + 

GLCM45Degree_1_0_MSS7X7Band6Variance + 

GLCM45Degree_1_0_MSS9X9Band6Variance + 

GLCM45Degree_2_0_MSS11X11Band8Variance + 

GLCM0Degree_1_0_MSS11X11Band6Variance + 

GLCM0Degree_1_0_MSS11X11Band8Variance + 

GLCM0Degree_1_0_MSS9X9Band6SecondMoment + 

GLCM0Degree_2_0_MSS11X11Band6Variance + 

GLCM0Degree_2_0_MSS11X11Band8Variance 

0.641  0.801     0.565 

Equation 5. 2: Biomass equation from BRT Model 

 Biomass = wdistance * 4 + MSSBAND7LawsS5R5 * 610.80 + 
GLCM0Degree_2_0_MSS11X11Band6Variance * 56.40 - 
GLCM45Degree_1_0_MSS9X9Band6Variance * 46.7 + ecanopy * 1.50 – eEcho * 1.1 + 
MSSBAND1LawsL5R5 * 59.0 – 84857.00 
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The scatterplot for combination of these 25 parameters is shown in Fig. 5.11. 

 

 

 

 

 

 

 

 

 

 

 

 

Variable Name Mean Std. Deviation 

eEcho 27.4190 20.32716 

MSSBAND6LawsL5W5 126.9839 0.12958 

wpdistance 23.8793 3.81030 

eground 5.9434 6.43258 

MSSBAND7LawsS5R5 127.0059 0.01212 

MSSBAND1LawsL5R5 127.0360 0.07866 

PANBAND1LawsL5W5 127.0067 0.01784 

ecanopy 21.4766 15.88629 

GLCM0Degree_2_0_MSS7X7Band6SecondMoment 82.8545 8.31159 

MSSBAND7LawsE5R5 127.0041 0.01021 

H75 22.3866 4.89604 

GLCM0Degree_1_0_MSS9X9Band6Variance 19.0776 1.84566 

GLCM0Degree_2_0_MSS7X7Band6Variance 21.2837 2.08216 

GLCM0Degree_2_0_MSS7X7Band7SecondMoment 87.2214 10.92371 

GLCM45Degree_2_0_MSS7X7Band6Variance 20.7314 2.00123 

GLCM0Degree_2_0_MSS7X7Band8SecondMoment 88.0255 10.69805 

GLCM45Degree_1_0_MSS11X11Band6Variance 15.5426 1.45556 

Fig. 5.11: Scatterplot of Observed vs Predicted AGB in BRT Model 

 

Table 5.10 : Descriptive statistics for the best 25 parameters (BRT Model) 
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In the boosted tree regression approach, the BRT model was able to explain 64.10 % of the 

variability in prediction of AGB with RMSE of 18.184 tons/ha (Table 5.11). Among the 25 best 

parameters, for the top five parameters.i.e. eEcho ,MSSBAND6LawsL5W5, wpdistance, eground and 

MSSBAND7LawsS5R5,GLAS derived parameters had high variable importance as compared to the 

textural parameters. GLCM texture variables were quite significant among the top 25 best variables. 

The application of multiple linear regression method could establish that GLAS, GLCM and Laws 

texture parameters alone were not sufficient enough to predict the AGB accurately.  

 

5.6 Multivariate Adaptive Regression Splines (MARS): Results and 

Discussions 
In the present study, STATISTICA 7 was used to predict the AGB using the MARS models. MARS 

is a regression technique that can model the relationship between a desired response (also called 

target variable) and multiple predictor variables. The main strength of MARS is its ability to detect 

and enhance the interpretability of complex interactions between a target variable and a set of 

predictor variables. The MARS model is represented by simple linear functions which combine 

additively and/or interactively. The ability of MARS to simplify complicated relationships is quite 

pertinent to estimate the forest AGB as AGB is affected by the complex interactions of biological, 

environmental and management conditions. MARS model can handle large number of datasets while 

interacting in different planes. 

The 692 waveform and texture parameters were derived for each sampled GLAS shot as input to 

MARS to compute the best combination of parameters for prediction of AGB. The biomass, texture 

GLCM45Degree_1_0_MSS7X7Band6Variance 21.4248 2.05753 

GLCM45Degree_1_0_MSS9X9Band6Variance 18.4750 1.75616 

GLCM45Degree_2_0_MSS11X11Band8Variance 14.7493 1.72417 

GLCM0Degree_1_0_MSS11X11Band6Variance 16.1443 1.54579 

GLCM0Degree_1_0_MSS11X11Band8Variance 16.0229 1.88555 

GLCM0Degree_1_0_MSS9X9Band6SecondMoment 76.5593 8.23469 

GLCM0Degree_2_0_MSS11X11Band6Variance 15.4430 1.49425 

GLCM0Degree_2_0_MSS11X11Band8Variance 15.3262 1.81592 

Biomass 315.7521 27.57375 

Model Summary 

R R Square Adjusted R 

Square 

Std. Error of the 

Estimate 

0.800 0.641 0.565 18.184 

Table 5.11: Model Summary for BRT 
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and GLAS waveform parameters for each of the 67 GLAS footprints were compiled in an excel sheet. 

The excel sheet was imported to STATISTICA 7 software to run MARS model.  

MARS allows users to specify many options within the model, including a maximum number of basis 

functions, level of interactions between variables and a minimum number of observations to leave 

between each knot point (Fig. 5.12).  

 

 

 

 

 

 

 

 

 

The methodology adopted in this study for deriving the optimum basis functions is that initially, the 

model is over fitted by selecting more basis functions than are actually needed to describe the target 

variable. This model is subsequently ‘pruned back’ to describe an optimal model. During the 

‘pruning’ stage, basis functions are removed one at a time from the over-fit model based on a 

‘residual sums of squares’ criterion. The model is refitted after each deletion and each reduced model 

is tested on the GCV (Generalized Cross-Validation) criterion, a weighted mean squared error 

criterion used to prevent over fitting. The various combinations of basis functions zero and one 

penalty with pruning applied and two-way interactions between variables were studied, since even 

higher level interactions (more than two-way) are unreliable due to the inherent variability of block 

productivity data. The basis function 14, with one penalty was considered as the standard deviation 

for the predicted biomass, standard deviation for residual, R2 and R2 adjusted was constant in both 

combinations (Table 5.12). 

 

 

Penalty=0,Degree of Interaction=2 

Maximum No of 

Basis Function 

GCV 

Error 

Standard 

deviation 

(predicted) 

Standard 

deviation 

(residual) 

R-

square 

R-square 

adjusted 

10 163.4623 25.6563 10.1027 0.8658 0.8268 

12 115.8545 26.3139 8.2394 0.9107 0.8809 

14 65.1003 26.8731 6.1763 0.9498 0.9331 

16 49.6057 27.1710 4.6958 0.9710 0.9554 

18 34.6512 27.2496 4.2154 0.9766 0.9666 

20 19.2018 27.4185 2.9215 0.9888 0.9827 

Table 5.12: Statistics obtained from analysis performed on the input data set for MARS model 
models predicting MOR, with a value of three being used for the parameter mnn.* 

Fig. 5.12: Screen capture of MARS option (Statistica 7.0) 
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Penalty=1,Degree of Interaction=2 

Maximum No of 

Basis Function 

GCV 

Error 

Standard 

deviation 

(predicted) 

Standard 

deviation 

(residual) 

R-

square 

R-square 

adjusted 

10 213.5017 25.6563 10.1027 0.8658 0.8268 

12 155.3706 25.8702 9.5417 0.8803 0.8549 

14 89.0871 26.8731 6.1763 0.9498 0.9331 

16 70.6943 27.0193 5.5019 0.9602 0.9469 

18 52.7689 27.2496 4.2154 0.9766 0.9666 

20 33.3089 27.4185 2.9215 0.9888 0.9827 

 

With the finalized 14 parameters as maximum basis functions, penalty one and two-way interactions, 

it was observed  that  MARS  generated  a  model   with  thirteen  basis  functions,  with  a  

generalized  cross validation  (GCV)  error  of  89.087 (Fig. 5.13).  

 

 

 

 

 

 

 

 

  

Fig. 5.13: Screen capture of optimal MARS model 
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These basis functions can be tabulated to obtain the knots for coefficients as given in Table 5.13. 

 

  

Coefficients 

Biomass 

Knots 

GLCM0Degree

_1_0_MSS_9X9

Band8Dissimil

arity 

Knots 

GLCM0Degre

e_2_0_MSS_

7X7Band8Co

ntrast 

Knots 

GLCM45Degre

e_2_0_MSS_ 

11X11Band8C

ontrast 

Knots 

MSSBAND7

LawsL5E5 

Knots 

wdistance 

Intercept 332.339 
     

Term.1 6.331 
    

30.60 

Term.2 -7.127 
    

30.60 

Term.3 -65.462 
 

-5.50 
   

Term.4 30.145 
 

-5.50 
 

127.01 
 

Term.5 46.342 
 

-5.50 
 

127.01 
 

Term.6 -503.115 2.21 -5.50 
   

Term.7 -596.137 2.21 -5.50 
   

Term.8 23.484 
  

-5.88 
  

Term.9 3.143 
  

-5.88 
  

From a set of 692 parameters, a linear equation was generated using the 14 top variables (Equation 

5.3). The basis function computed are shown in Fig. 5.15. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5.13: Knots for coefficients in MARS 

Equation 4.3: Biomass equation from MARS model 

 

Biomass = 332.339 + 6.331* BF1 - 7.127* BF2 –65.462 * BF3 + 30.145* BF4 * BF5 + 
46.342* BF6 * BF7 - 503.115 * BF8 * BF9– 596.137 * BF10 * BF11 + 23.484 * BF12 + 

3.143 * BF13 

BF1 = max(0, wdistance-30.60) 

BF2 = max(0, 30.60-wdistance) 

BF3 = max(0, GLCM0Degree_2_0_MSS7X7Band8Contrast + 5.50 ) 

BF4 = max(0, GLCM0Degree_2_0_MSS7X7Band8Contrast+ 5.50 ) 

BF5= max(0, MSSBAND7LawsL5E5-127.01) 

BF6= max(0, GLCM0Degree_2_0_MSS7X7Band8Contrast + 5.50 ) 

BF7= max(0, 127.01 - MSSBAND7LawsL5E5) 

BF8= max(0,GLCM0Degree_1_0_MSS9X9Band8Dissimilarity - 2.21) 

BF9= max(0, -5.50-GLCM0Degree_2_0_MSS7X7Band8Contrast) 

BF10= max(0, 2.21 -GLCM0Degree_1_0_MSS9X9Band8Dissimilarity) 

BF11= max(0, -5.50 -GLCM0Degree_2_0_MSS7X7Band8Contrast) 

BF12= max(0, GLCM45Degree_2_0_MSS11X11Band8Contrast+ 5.88) 

Fig. 5.14: Basis functions computed in MARS Model 
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The biomass equation was able to capture 94.98% of variability in AGB prediction with an RMSE of 

26.87 tons/ha. The scatterplot of the observed biomass values and the predicted biomass values for 

the input data set used in the MARS model is shown in Fig.5.16 respectively.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

MARS is an effective tool for modeling complex multivariate datasets as relatively simple linear 

additive models. It is capable of handling both quantitative and categorical predictors.  This study was 

able to demonstrate the application of MARS to a real world data set which contains forest biomass 

measures. Furthermore, the model allowed some insight about the waveform and parameters variables 

that influences the prediction of the AGB. The multivariate adaptive regression spline model was able 

to explain 94.98 % of the variability in prediction of AGB with RMSE of 6.255 tons/ha (Table 5.14). 

 

  
Model Summary  

Mean 

(observed) 

Standard 

deviation 

(observed) 

Mean 

(predicted) 

Standard 

deviation 

(predicted) 

R-

square 

R-

square 

adjusted 

Standard 

Error of 

Estimate 

315.7521 27.5737 315.7521 26.8731 0.9498 0.9331 6.255 

Table 5.14: Model Summary for MARS 

Fig. 5.15: Scatter plot of the observed values versus the predicted values of the input  
data set for the MARS model 
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6. CONCLUSIONS AND RECOMMENDATION 

6.1 Conclusions 
The present study was done for the estimation of the forest biomass using the synergy among the 
textural parameters derived from Very High Resolution (VHR) satellite imagery and waveform 
parameters from ICESat/GLAS.  The estimations were done using the different predictive modeling 
algorithms viz., Multilayer Perceptron neural network, Boosted Regression Tree and Multivariate 
Adaptive Regression Spline. The most important variables were selected using the MLP and BRT 
algorithm and linear equations were developed using Multiple Linear Regression algorithm. MARS 
could successfully provide the biomass equation using the optimum basis functions and knots 
obtained while modeling along with the most important variables. The study was successful in 
achieving its objectives and in answering the research questions. 
 

Research Question 1: Which sampling design can identify a balanced subset of the random GLAS 

data in model-based biomass estimation?  

Answer: The study used a model-based sampling design for estimation of biomass through a 

transparent method. Using this random selection approach, 67 footprints out of the total 376 

footprints were selected from the equal-area sample units distributed across the study for the period 

2004 – 2009. The selected footprints were further used in the predictive algorithms. 

 

Research Question 2: What combination of window size, displacement and angle can be used for 

correlation of texture with forest structural characteristics? 

Answer: It was found that the for GLCM texture analysis, optimum window size, angle and 

displacement were 7×7, 9×9 and 11×11; 00 and 450and 1 pixel and 2 pixels respectively. Similarly, 

the window sizes 7×7, 9×9 and 11×11 were found to be maximum correlated for First order texture 

analysis. Laws texture was however, analyzed on window size of 5×5. The study thus successfully 

derives out the correlation parameters for individual texture analysis.  

 

Research Question 3: What combination of textural and GLAS parameters from the multi-sensor 

synergize for estimation of forest AGB at footprint level? 

Answer: The study showed that a combination of  LiDAR and texture parameters provide much 

better biomass estimation accuracies as compared to those obtained by using single sensor 

parameters.  The MLP and BRT algorithms showed that the 25  most  important  parameters were  

able to explain 86.6% variation of the  observed  biomass  with  an  RMSE  of  15.50 tons/ha and 

64.1% variation of the  observed  biomass  with  an  RMSE  of  18.184 tons/ha respectively. The 

MARS model showed that 6 parameters, namely, wdistance, GLCM0Degree_1_0_MSS_9X9Band8 

Dissimilarity, GLCM0Degree_2_0_MSS_7X7Band8 Contrast, GLCM45Degree_2_0_MSS_ 

11X11Band8 Contrast and MSSBAND7LawsL5E5were  able to explain 94.98 % variation in 

prediction of AGB  with  an  RMSE  of  6.255tons/ha. 

 

Research Question 4: Which predictive modeling algorithm performs best in estimation of biomass 

at footprint level? 

Answer: In this study we found that Multivariate Adaptive Regression Spline (MARS) algorithm was 

able to explain 94.98 % variation in prediction of AGBfollowed by the Multi Layer Percepton (MLP) 

model could successfully explain the variation of 86.6%. However, the Boosted Regression Tree 



71 
 

(BRT) algorithm could only explain 64.1% of the variation in observed biomass. MARS model is 

found to perform well on the datasets having a subset of underlying variables that are interacting with 

themselves for the prediction. 

 

Research Question 5: Whether there exists a synergy among the texture parameters and GLAS 

footprint for accurate prediction of forest biomass? 

Answer: Yes, a synergy amongst the texture parameters of WorldView-2 data and GLAS footprint 

was observed as the derived 692 parameters (482 GLCM, 126 Laws and 66 First-order texture 

measures and 18 waveform) could effectively explain the maximum of  94.98% and minimum of 

64.1% of variability to predict the AGB using three different modeling approaches (MLP, BRT and 

MARS). 

 

The  outcomes  of  this  study  are  more  than  encouraging  and  the  study  present  a  new 

methodology for biomass assessment using ICESat data in combination with other datasets. The 

MARS algorithm regression could explain 94.98% of the variation of biomass. The  study  also  

introduces  a  novel  method  for  determining  the  sampling design for the LiDAR dataset for the 

purpose of biomass estimation. Future studies are advised to follow this method for design of 

sampling strategy using ICESat dataset for their respective study areas. One of the prime objectives of 

the study was to determine the effectiveness of MARS algorithm for biomass assessment.  MARS 

proves to be a very effective tool for generation of the linear equation, wherein, complex interactions 

among large number of variables exist. In this study, a lot of effort was involved in the automation of 

processes for the large number of footprints in the study area and software tools were developed for 

sampling design, GLCM texture measures and Laws Texture. The future efforts can culminate into 

developing  a software that would  be  able  to  generate  biomass  and  carbon  maps  by  utilizing  

similar and  more  accurate biomass  equations.  The  software  would  use  latest  datasets  of  

different  sensors  as  input  and would produce biomass maps as output. 

 

6.2 Recommendations 
Some important recommendations for the future studies are presented here: 
 
1. The study area has topography with slopes > 10o, in such areas, the accuracy of the GLAS data 

was affected. Hence, slope correction techniques for local level needs to be developed for 
accurate biomass estimations as with increase in slope, overestimating or underestimating of the 
tree height occurs in the ICESat data.  

2. For AGB studies, accurate height map is of immense importance, which can be prepared using 
the GLAS dataset. A methodology needs to be explored which can allow interpolation of the 
GLAS footprint data and VHR texture or spectral parameters for derivation of height map of the 
study area. 

3. A  software should be developed by utilizing the findings of the study.  The software should be 

able to process the multiple sensor datasets and integrate it with GLAS data. The software should 

have module for texture analysis automatically. It should also provide option for using various 

regression models o selection of best parameters and deriving biomass equations. 
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APPENDIX 1 
 

FSI (1996) volume equations for India, Nepal and Bhutan and density values 
 

Species name Density (kg/m³) FSI Volume Equation 

Shorea robusta 728 0.03085-0.77794D+8.42051D2+5.91067D3 

Mallotus philippensis 571 0.1475-2.875D+19.6198D²-19.110D³ 

Lagerstroemia parviflora 620 0.10529-1.68829D+10.29573D² 

Ehraetia laevis 571 -0.03844+0.94649D-5.4098D²+33.173D³ 

Techtona grandis 570 0.0885-0.4694D+11.9898D²+1.9705D³ 

Terminalia tomentosa 760 (-0.203947+3.159215D)² 

Acacia catechu 880 0.1661-2.7885D+17.2213D²-11.6025D² 

Anogeissus latifolia 757 (0.4698+5.9985D-2.60729√D)² 

Bauhinia variegata 571 0.04262+6.09491D² 

Source (density values): FRI (2002) 

 

Biomass Expansion Factor (BEF) 

BEF = Exp {3.213 – 0.506*Ln (BV)} for BV<190 t/ha 
1.74 for BV >= 190t/ha 
(Sample size = 56, adjusted r² = 0.76) 
Where: 
BV = biomass of inventoried volume in t/ha, calculated as the product of VOB/ha (m³/ha) and wood 
density (t/m³) 
 

Source: FAO Corporate Document Repository 

  



83 
 

APPENDIX 2 
 

Field Photographs 
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APPENDIX 3 
GLCM Texture Parameters Extracted for each GLAS shot (482 Nos) 

 

45degree_2_0_PAN_9X9_Band_1_Variance 45degree_1_0_PAN_7X7_Band_1_Contrast 

45degree_2_0_PAN_9X9_Band_1_Second Moment 0degree_2_0_PAN_7X7_Band_1_Variance 

45degree_2_0_PAN_9X9_Band_1_Mean 0degree_2_0_PAN_7X7_Band_1_Second Moment 

45degree_2_0_PAN_9X9_Band_1_Homogeneity 0degree_2_0_PAN_7X7_Band_1_Mean 

45degree_2_0_PAN_9X9_Band_1_Entropy 0degree_2_0_PAN_7X7_Band_1_Homogeneity 

45degree_2_0_PAN_9X9_Band_1_Dissimilarity 0degree_2_0_PAN_7X7_Band_1_Entropy 

45degree_2_0_PAN_9X9_Band_1_Correlation 0degree_2_0_PAN_7X7_Band_1_Dissimilarity 

45degree_2_0_PAN_9X9_Band_1_Contrast 0degree_2_0_PAN_7X7_Band_1_Correlation 

45degree_1_0_PAN_9X9_Band_1_Variance 0degree_2_0_PAN_7X7_Band_1_Contrast 

45degree_1_0_PAN_9X9_Band_1_Second Moment 0degree_1_0_PAN_7X7_Band_1_Variance 

45degree_1_0_PAN_9X9_Band_1_Mean 0degree_1_0_PAN_7X7_Band_1_Second Moment 

45degree_1_0_PAN_9X9_Band_1_Homogeneity 0degree_1_0_PAN_7X7_Band_1_Mean 

45degree_1_0_PAN_9X9_Band_1_Entropy 0degree_1_0_PAN_7X7_Band_1_Homogeneity 

45degree_1_0_PAN_9X9_Band_1_Dissimilarity 0degree_1_0_PAN_7X7_Band_1_Entropy 

45degree_1_0_PAN_9X9_Band_1_Correlation 0degree_1_0_PAN_7X7_Band_1_Dissimilarity 

45degree_1_0_PAN_9X9_Band_1_Contrast 0degree_1_0_PAN_7X7_Band_1_Correlation 

0degree_2_0_PAN_9X9_Band_1_Variance 0degree_1_0_PAN_7X7_Band_1_Contrast 

0degree_2_0_PAN_9X9_Band_1_Second Moment 45degree_2_0_PAN_11X11_Band_1_Variance 

0degree_2_0_PAN_9X9_Band_1_Mean 45degree_2_0_PAN_11X11_Band_1_Second Moment 

0degree_2_0_PAN_9X9_Band_1_Homogeneity 45degree_2_0_PAN_11X11_Band_1_Mean 

0degree_2_0_PAN_9X9_Band_1_Entropy 45degree_2_0_PAN_11X11_Band_1_Homogeneity 

0degree_2_0_PAN_9X9_Band_1_Dissimilarity 45degree_2_0_PAN_11X11_Band_1_Entropy 

0degree_2_0_PAN_9X9_Band_1_Correlation 45degree_2_0_PAN_11X11_Band_1_Dissimilarity 

0degree_2_0_PAN_9X9_Band_1_Contrast 45degree_2_0_PAN_11X11_Band_1_Correlation 

0degree_1_0_PAN_9X9_Band_1_Variance 45degree_2_0_PAN_11X11_Band_1_Contrast 

0degree_1_0_PAN_9X9_Band_1_Second Moment 45degree_1_0_PAN_11X11_Band_1_Variance 

0degree_1_0_PAN_9X9_Band_1_Mean 45degree_1_0_PAN_11X11_Band_1_Second Moment 

0degree_1_0_PAN_9X9_Band_1_Homogeneity 45degree_1_0_PAN_11X11_Band_1_Mean 

0degree_1_0_PAN_9X9_Band_1_Entropy 45degree_1_0_PAN_11X11_Band_1_Homogeneity 

0degree_1_0_PAN_9X9_Band_1_Dissimilarity 45degree_1_0_PAN_11X11_Band_1_Entropy 

0degree_1_0_PAN_9X9_Band_1_Correlation 45degree_1_0_PAN_11X11_Band_1_Dissimilarity 

0degree_1_0_PAN_9X9_Band_1_Contrast 45degree_1_0_PAN_11X11_Band_1_Correlation 

45degree_2_0_PAN_7X7_Band_1_Variance 45degree_1_0_PAN_11X11_Band_1_Contrast 

45degree_2_0_PAN_7X7_Band_1_Second Moment 0degree_2_0_PAN_11X11_Band_1_Variance 

45degree_2_0_PAN_7X7_Band_1_Mean 0degree_2_0_PAN_11X11_Band_1_Second Moment 

45degree_2_0_PAN_7X7_Band_1_Homogeneity 0degree_2_0_PAN_11X11_Band_1_Mean 

45degree_2_0_PAN_7X7_Band_1_Entropy 0degree_2_0_PAN_11X11_Band_1_Homogeneity 

45degree_2_0_PAN_7X7_Band_1_Dissimilarity 0degree_2_0_PAN_11X11_Band_1_Entropy 
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45degree_2_0_PAN_7X7_Band_1_Correlation 0degree_2_0_PAN_11X11_Band_1_Dissimilarity 

45degree_2_0_PAN_7X7_Band_1_Contrast 0degree_2_0_PAN_11X11_Band_1_Correlation 

45degree_1_0_PAN_7X7_Band_1_Variance 0degree_2_0_PAN_11X11_Band_1_Contrast 

45degree_1_0_PAN_7X7_Band_1_Second Moment 0degree_1_0_PAN_11X11_Band_1_Variance 

45degree_1_0_PAN_7X7_Band_1_Mean 0degree_1_0_PAN_11X11_Band_1_Second Moment 

45degree_1_0_PAN_7X7_Band_1_Homogeneity 0degree_1_0_PAN_11X11_Band_1_Mean 

45degree_1_0_PAN_7X7_Band_1_Entropy 0degree_1_0_PAN_11X11_Band_1_Homogeneity 

45degree_1_0_PAN_7X7_Band_1_Dissimilarity 0degree_1_0_PAN_11X11_Band_1_Entropy 

45degree_1_0_PAN_7X7_Band_1_Correlation 0degree_1_0_PAN_11X11_Band_1_Dissimilarity 

0degree_1_0_PAN_11X11_Band_1_Correlation 45degree_1_0_MSS_9X9_Band_6_Dissimilarity 

0degree_1_0_PAN_11X11_Band_1_Contrast 45degree_1_0_MSS_9X9_Band_6_Correlation 

45degree_2_0_MSS_9X9_Band_3_Variance 45degree_1_0_MSS_9X9_Band_6_Contrast 

45degree_2_0_MSS_9X9_Band_3_Second Moment 45degree_1_0_MSS_9X9_Band_7_Variance 

45degree_2_0_MSS_9X9_Band_3_Mean 45degree_1_0_MSS_9X9_Band_7_Second Moment 

45degree_2_0_MSS_9X9_Band_3_Homogeneity 45degree_1_0_MSS_9X9_Band_7_Mean 

45degree_2_0_MSS_9X9_Band_3_Entropy 45degree_1_0_MSS_9X9_Band_7_Homogeneity 

45degree_2_0_MSS_9X9_Band_3_Dissimilarity 45degree_1_0_MSS_9X9_Band_7_Entropy 

45degree_2_0_MSS_9X9_Band_3_Correlation 45degree_1_0_MSS_9X9_Band_7_Dissimilarity 

45degree_2_0_MSS_9X9_Band_3_Contrast 45degree_1_0_MSS_9X9_Band_7_Correlation 

45degree_2_0_MSS_9X9_Band_6_Variance 45degree_1_0_MSS_9X9_Band_7_Contrast 

45degree_2_0_MSS_9X9_Band_6_Second Moment 45degree_1_0_MSS_9X9_Band_8_Variance 

45degree_2_0_MSS_9X9_Band_6_Mean 45degree_1_0_MSS_9X9_Band_8_Second Moment 

45degree_2_0_MSS_9X9_Band_6_Homogeneity 45degree_1_0_MSS_9X9_Band_8_Mean 

45degree_2_0_MSS_9X9_Band_6_Entropy 45degree_1_0_MSS_9X9_Band_8_Homogeneity 

45degree_2_0_MSS_9X9_Band_6_Dissimilarity 45degree_1_0_MSS_9X9_Band_8_Entropy 

45degree_2_0_MSS_9X9_Band_6_Correlation 45degree_1_0_MSS_9X9_Band_8_Dissimilarity 

45degree_2_0_MSS_9X9_Band_6_Contrast 45degree_1_0_MSS_9X9_Band_8_Correlation 

45degree_2_0_MSS_9X9_Band_7_Variance 45degree_1_0_MSS_9X9_Band_8_Contrast 

45degree_2_0_MSS_9X9_Band_7_Second Moment 0degree_2_0_MSS_9X9_Band_3_Variance 

45degree_2_0_MSS_9X9_Band_7_Mean 0degree_2_0_MSS_9X9_Band_3_Second Moment 

45degree_2_0_MSS_9X9_Band_7_Homogeneity 0degree_2_0_MSS_9X9_Band_3_Mean 

45degree_2_0_MSS_9X9_Band_7_Entropy 0degree_2_0_MSS_9X9_Band_3_Homogeneity 

45degree_2_0_MSS_9X9_Band_7_Dissimilarity 0degree_2_0_MSS_9X9_Band_3_Entropy 

45degree_2_0_MSS_9X9_Band_7_Correlation 0degree_2_0_MSS_9X9_Band_3_Dissimilarity 

45degree_2_0_MSS_9X9_Band_7_Contrast 0degree_2_0_MSS_9X9_Band_3_Correlation 

45degree_2_0_MSS_9X9_Band_8_Variance 0degree_2_0_MSS_9X9_Band_3_Contrast 

45degree_2_0_MSS_9X9_Band_8_Second Moment 0degree_2_0_MSS_9X9_Band_6_Variance 

45degree_2_0_MSS_9X9_Band_8_Mean 0degree_2_0_MSS_9X9_Band_6_Second Moment 

45degree_2_0_MSS_9X9_Band_8_Homogeneity 0degree_2_0_MSS_9X9_Band_6_Mean 

45degree_2_0_MSS_9X9_Band_8_Entropy 0degree_2_0_MSS_9X9_Band_6_Homogeneity 

45degree_2_0_MSS_9X9_Band_8_Dissimilarity 0degree_2_0_MSS_9X9_Band_6_Entropy 
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45degree_2_0_MSS_9X9_Band_8_Correlation 0degree_2_0_MSS_9X9_Band_6_Dissimilarity 

45degree_2_0_MSS_9X9_Band_8_Contrast 0degree_2_0_MSS_9X9_Band_6_Correlation 

45degree_1_0_MSS_9X9_Band_3_Variance 0degree_2_0_MSS_9X9_Band_6_Contrast 

45degree_1_0_MSS_9X9_Band_3_Second Moment 0degree_2_0_MSS_9X9_Band_7_Variance 

45degree_1_0_MSS_9X9_Band_3_Mean 0degree_2_0_MSS_9X9_Band_7_Second Moment 

45degree_1_0_MSS_9X9_Band_3_Homogeneity 0degree_2_0_MSS_9X9_Band_7_Mean 

45degree_1_0_MSS_9X9_Band_3_Entropy 0degree_2_0_MSS_9X9_Band_7_Homogeneity 

45degree_1_0_MSS_9X9_Band_3_Dissimilarity 0degree_2_0_MSS_9X9_Band_7_Entropy 

45degree_1_0_MSS_9X9_Band_3_Correlation 0degree_2_0_MSS_9X9_Band_7_Dissimilarity 

45degree_1_0_MSS_9X9_Band_3_Contrast 0degree_2_0_MSS_9X9_Band_7_Correlation 

45degree_1_0_MSS_9X9_Band_6_Variance 0degree_2_0_MSS_9X9_Band_7_Contrast 

45degree_1_0_MSS_9X9_Band_6_Second Moment 0degree_2_0_MSS_9X9_Band_8_Variance 

45degree_1_0_MSS_9X9_Band_6_Mean 0degree_2_0_MSS_9X9_Band_8_Second Moment 

45degree_1_0_MSS_9X9_Band_6_Homogeneity 0degree_2_0_MSS_9X9_Band_8_Mean 

45degree_1_0_MSS_9X9_Band_6_Entropy 0degree_2_0_MSS_9X9_Band_8_Homogeneity 

0degree_2_0_MSS_9X9_Band_8_Entropy 45degree_2_0_MSS_7X7_Band_6_Homogeneity 

0degree_2_0_MSS_9X9_Band_8_Dissimilarity 45degree_2_0_MSS_7X7_Band_6_Entropy 

0degree_2_0_MSS_9X9_Band_8_Correlation 45degree_2_0_MSS_7X7_Band_6_Dissimilarity 

0degree_2_0_MSS_9X9_Band_8_Contrast 45degree_2_0_MSS_7X7_Band_6_Correlation 

0degree_1_0_MSS_9X9_Band_3_Variance 45degree_2_0_MSS_7X7_Band_6_Contrast 

0degree_1_0_MSS_9X9_Band_3_Second Moment 45degree_2_0_MSS_7X7_Band_7_Variance 

0degree_1_0_MSS_9X9_Band_3_Mean 45degree_2_0_MSS_7X7_Band_7_Second Moment 

0degree_1_0_MSS_9X9_Band_3_Homogeneity 45degree_2_0_MSS_7X7_Band_7_Mean 

0degree_1_0_MSS_9X9_Band_3_Entropy 45degree_2_0_MSS_7X7_Band_7_Homogeneity 

0degree_1_0_MSS_9X9_Band_3_Dissimilarity 45degree_2_0_MSS_7X7_Band_7_Entropy 

0degree_1_0_MSS_9X9_Band_3_Correlation 45degree_2_0_MSS_7X7_Band_7_Dissimilarity 

0degree_1_0_MSS_9X9_Band_3_Contrast 45degree_2_0_MSS_7X7_Band_7_Correlation 

0degree_1_0_MSS_9X9_Band_6_Variance 45degree_2_0_MSS_7X7_Band_7_Contrast 

0degree_1_0_MSS_9X9_Band_6_Second Moment 45degree_2_0_MSS_7X7_Band_8_Variance 

0degree_1_0_MSS_9X9_Band_6_Mean 45degree_2_0_MSS_7X7_Band_8_Second Moment 

0degree_1_0_MSS_9X9_Band_6_Homogeneity 45degree_2_0_MSS_7X7_Band_8_Mean 

0degree_1_0_MSS_9X9_Band_6_Entropy 45degree_2_0_MSS_7X7_Band_8_Homogeneity 

0degree_1_0_MSS_9X9_Band_6_Dissimilarity 45degree_2_0_MSS_7X7_Band_8_Entropy 

0degree_1_0_MSS_9X9_Band_6_Correlation 45degree_2_0_MSS_7X7_Band_8_Dissimilarity 

0degree_1_0_MSS_9X9_Band_6_Contrast 45degree_2_0_MSS_7X7_Band_8_Correlation 

0degree_1_0_MSS_9X9_Band_7_Variance 45degree_2_0_MSS_7X7_Band_8_Contrast 

0degree_1_0_MSS_9X9_Band_7_Second Moment 45degree_1_0_MSS_7X7_Band_3_Variance 

0degree_1_0_MSS_9X9_Band_7_Mean 45degree_1_0_MSS_7X7_Band_3_Second Moment 

0degree_1_0_MSS_9X9_Band_7_Homogeneity 45degree_1_0_MSS_7X7_Band_3_Mean 

0degree_1_0_MSS_9X9_Band_7_Entropy 45degree_1_0_MSS_7X7_Band_3_Homogeneity 

0degree_1_0_MSS_9X9_Band_7_Dissimilarity 45degree_1_0_MSS_7X7_Band_3_Entropy 
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0degree_1_0_MSS_9X9_Band_7_Correlation 45degree_1_0_MSS_7X7_Band_3_Dissimilarity 

0degree_1_0_MSS_9X9_Band_7_Contrast 45degree_1_0_MSS_7X7_Band_3_Correlation 

0degree_1_0_MSS_9X9_Band_8_Variance 45degree_1_0_MSS_7X7_Band_3_Contrast 

0degree_1_0_MSS_9X9_Band_8_Second Moment 45degree_1_0_MSS_7X7_Band_6_Variance 

0degree_1_0_MSS_9X9_Band_8_Mean 45degree_1_0_MSS_7X7_Band_6_Second Moment 

0degree_1_0_MSS_9X9_Band_8_Homogeneity 45degree_1_0_MSS_7X7_Band_6_Mean 

0degree_1_0_MSS_9X9_Band_8_Entropy 45degree_1_0_MSS_7X7_Band_6_Homogeneity 

0degree_1_0_MSS_9X9_Band_8_Dissimilarity 45degree_1_0_MSS_7X7_Band_6_Entropy 

0degree_1_0_MSS_9X9_Band_8_Correlation 45degree_1_0_MSS_7X7_Band_6_Dissimilarity 

0degree_1_0_MSS_9X9_Band_8_Contrast 45degree_1_0_MSS_7X7_Band_6_Correlation 

45degree_2_0_MSS_7X7_Band_3_Variance 45degree_1_0_MSS_7X7_Band_6_Contrast 

45degree_2_0_MSS_7X7_Band_3_Second Moment 45degree_1_0_MSS_7X7_Band_7_Variance 

45degree_2_0_MSS_7X7_Band_3_Mean 45degree_1_0_MSS_7X7_Band_7_Second Moment 

45degree_2_0_MSS_7X7_Band_3_Homogeneity 45degree_1_0_MSS_7X7_Band_7_Mean 

45degree_2_0_MSS_7X7_Band_3_Entropy 45degree_1_0_MSS_7X7_Band_7_Homogeneity 

45degree_2_0_MSS_7X7_Band_3_Dissimilarity 45degree_1_0_MSS_7X7_Band_7_Entropy 

45degree_2_0_MSS_7X7_Band_3_Correlation 45degree_1_0_MSS_7X7_Band_7_Dissimilarity 

45degree_2_0_MSS_7X7_Band_3_Contrast 45degree_1_0_MSS_7X7_Band_7_Correlation 

45degree_2_0_MSS_7X7_Band_6_Variance 45degree_1_0_MSS_7X7_Band_7_Contrast 

45degree_2_0_MSS_7X7_Band_6_Second Moment 45degree_1_0_MSS_7X7_Band_8_Variance 

45degree_2_0_MSS_7X7_Band_6_Mean 45degree_1_0_MSS_7X7_Band_8_Second Moment 

45degree_1_0_MSS_7X7_Band_8_Mean 0degree_2_0_MSS_7X7_Band_6_Second Moment 

45degree_1_0_MSS_7X7_Band_8_Homogeneity 0degree_2_0_MSS_7X7_Band_6_Mean 

45degree_1_0_MSS_7X7_Band_8_Entropy 0degree_2_0_MSS_7X7_Band_6_Homogeneity 

45degree_1_0_MSS_7X7_Band_8_Dissimilarity 0degree_2_0_MSS_7X7_Band_6_Entropy 

45degree_1_0_MSS_7X7_Band_8_Correlation 0degree_2_0_MSS_7X7_Band_6_Dissimilarity 

45degree_1_0_MSS_7X7_Band_8_Contrast 0degree_2_0_MSS_7X7_Band_6_Correlation 

0degree_2_0_MSS_7X7_Band_3_Variance 0degree_2_0_MSS_7X7_Band_6_Contrast 

0degree_2_0_MSS_7X7_Band_3_Second Moment 0degree_2_0_MSS_7X7_Band_7_Variance 

0degree_2_0_MSS_7X7_Band_3_Mean 0degree_2_0_MSS_7X7_Band_7_Second Moment 

0degree_2_0_MSS_7X7_Band_3_Homogeneity 0degree_2_0_MSS_7X7_Band_7_Mean 

0degree_2_0_MSS_7X7_Band_3_Entropy 0degree_2_0_MSS_7X7_Band_7_Homogeneity 

0degree_2_0_MSS_7X7_Band_3_Dissimilarity 0degree_2_0_MSS_7X7_Band_7_Entropy 

0degree_2_0_MSS_7X7_Band_3_Correlation 0degree_2_0_MSS_7X7_Band_7_Dissimilarity 

0degree_2_0_MSS_7X7_Band_3_Contrast 0degree_2_0_MSS_7X7_Band_7_Correlation 

0degree_2_0_MSS_7X7_Band_6_Variance 0degree_2_0_MSS_7X7_Band_7_Contrast 

0degree_2_0_MSS_7X7_Band_6_Second Moment 0degree_2_0_MSS_7X7_Band_8_Variance 

0degree_2_0_MSS_7X7_Band_6_Mean 0degree_2_0_MSS_7X7_Band_8_Second Moment 

0degree_2_0_MSS_7X7_Band_6_Homogeneity 0degree_2_0_MSS_7X7_Band_8_Mean 

0degree_2_0_MSS_7X7_Band_6_Entropy 0degree_2_0_MSS_7X7_Band_8_Homogeneity 

0degree_2_0_MSS_7X7_Band_6_Dissimilarity 0degree_2_0_MSS_7X7_Band_8_Entropy 
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0degree_2_0_MSS_7X7_Band_6_Correlation 0degree_2_0_MSS_7X7_Band_8_Dissimilarity 

0degree_2_0_MSS_7X7_Band_6_Contrast 0degree_2_0_MSS_7X7_Band_8_Correlation 

0degree_2_0_MSS_7X7_Band_7_Variance 0degree_2_0_MSS_7X7_Band_8_Contrast 

0degree_2_0_MSS_7X7_Band_7_Second Moment 45degree_2_0_MSS_11X11_Band_3_Variance 

0degree_2_0_MSS_7X7_Band_7_Mean 45degree_2_0_MSS_11X11_Band_3_Second Moment 

0degree_2_0_MSS_7X7_Band_7_Homogeneity 45degree_2_0_MSS_11X11_Band_3_Mean 

0degree_2_0_MSS_7X7_Band_7_Entropy 45degree_2_0_MSS_11X11_Band_3_Homogeneity 

0degree_2_0_MSS_7X7_Band_7_Dissimilarity 45degree_2_0_MSS_11X11_Band_3_Entropy 

0degree_2_0_MSS_7X7_Band_7_Correlation 45degree_2_0_MSS_11X11_Band_3_Dissimilarity 

0degree_2_0_MSS_7X7_Band_7_Contrast 45degree_2_0_MSS_11X11_Band_3_Correlation 

0degree_2_0_MSS_7X7_Band_8_Variance 45degree_2_0_MSS_11X11_Band_3_Contrast 

0degree_2_0_MSS_7X7_Band_8_Second Moment 45degree_2_0_MSS_11X11_Band_6_Variance 

0degree_2_0_MSS_7X7_Band_8_Mean 45degree_2_0_MSS_11X11_Band_6_Second Moment 

0degree_2_0_MSS_7X7_Band_8_Homogeneity 45degree_2_0_MSS_11X11_Band_6_Mean 

0degree_2_0_MSS_7X7_Band_8_Entropy 45degree_2_0_MSS_11X11_Band_6_Homogeneity 

0degree_2_0_MSS_7X7_Band_8_Dissimilarity 45degree_2_0_MSS_11X11_Band_6_Entropy 

0degree_2_0_MSS_7X7_Band_8_Correlation 45degree_2_0_MSS_11X11_Band_6_Dissimilarity 

0degree_2_0_MSS_7X7_Band_8_Contrast 45degree_2_0_MSS_11X11_Band_6_Correlation 

0degree_2_0_MSS_7X7_Band_3_Variance 45degree_2_0_MSS_11X11_Band_6_Contrast 

0degree_2_0_MSS_7X7_Band_3_Second Moment 45degree_2_0_MSS_11X11_Band_7_Variance 

0degree_2_0_MSS_7X7_Band_3_Mean 45degree_2_0_MSS_11X11_Band_7_Second Moment 

0degree_2_0_MSS_7X7_Band_3_Homogeneity 45degree_2_0_MSS_11X11_Band_7_Mean 

0degree_2_0_MSS_7X7_Band_3_Entropy 45degree_2_0_MSS_11X11_Band_7_Homogeneity 

0degree_2_0_MSS_7X7_Band_3_Dissimilarity 45degree_2_0_MSS_11X11_Band_7_Entropy 

0degree_2_0_MSS_7X7_Band_3_Correlation 45degree_2_0_MSS_11X11_Band_7_Dissimilarity 

0degree_2_0_MSS_7X7_Band_3_Contrast 45degree_2_0_MSS_11X11_Band_7_Correlation 

0degree_2_0_MSS_7X7_Band_6_Variance 45degree_2_0_MSS_11X11_Band_7_Contrast 

45degree_2_0_MSS_11X11_Band_8_Variance 0degree_1_0_MSS_11X11_Band_3_Mean 

45degree_2_0_MSS_11X11_Band_8_Second Moment 0degree_1_0_MSS_11X11_Band_3_Homogeneity 

45degree_2_0_MSS_11X11_Band_8_Mean 0degree_1_0_MSS_11X11_Band_3_Entropy 

45degree_2_0_MSS_11X11_Band_8_Homogeneity 0degree_1_0_MSS_11X11_Band_3_Dissimilarity 

45degree_2_0_MSS_11X11_Band_8_Entropy 0degree_1_0_MSS_11X11_Band_3_Correlation 

45degree_2_0_MSS_11X11_Band_8_Dissimilarity 0degree_1_0_MSS_11X11_Band_3_Contrast 

45degree_2_0_MSS_11X11_Band_8_Correlation 0degree_1_0_MSS_11X11_Band_6_Variance 

45degree_2_0_MSS_11X11_Band_8_Contrast 0degree_1_0_MSS_11X11_Band_6_Second Moment 

45degree_1_0_MSS_11X11_Band_3_Variance 0degree_1_0_MSS_11X11_Band_6_Mean 

45degree_1_0_MSS_11X11_Band_3_Second Moment 0degree_1_0_MSS_11X11_Band_6_Homogeneity 

45degree_1_0_MSS_11X11_Band_3_Mean 0degree_1_0_MSS_11X11_Band_6_Entropy 

45degree_1_0_MSS_11X11_Band_3_Homogeneity 0degree_1_0_MSS_11X11_Band_6_Dissimilarity 

45degree_1_0_MSS_11X11_Band_3_Entropy 0degree_1_0_MSS_11X11_Band_6_Correlation 

45degree_1_0_MSS_11X11_Band_3_Dissimilarity 0degree_1_0_MSS_11X11_Band_6_Contrast 
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45degree_1_0_MSS_11X11_Band_3_Correlation 0degree_1_0_MSS_11X11_Band_7_Variance 

45degree_1_0_MSS_11X11_Band_3_Contrast 0degree_1_0_MSS_11X11_Band_7_Second Moment 

45degree_1_0_MSS_11X11_Band_6_Variance 0degree_1_0_MSS_11X11_Band_7_Mean 

45degree_1_0_MSS_11X11_Band_6_Second Moment 0degree_2_0_MSS_11X11_Band_3_Contrast 

45degree_1_0_MSS_11X11_Band_6_Mean 0degree_2_0_MSS_11X11_Band_6_Variance 

45degree_1_0_MSS_11X11_Band_6_Homogeneity 0degree_2_0_MSS_11X11_Band_6_Second Moment 

45degree_1_0_MSS_11X11_Band_6_Entropy 0degree_2_0_MSS_11X11_Band_6_Mean 

45degree_1_0_MSS_11X11_Band_6_Dissimilarity 0degree_2_0_MSS_11X11_Band_6_Homogeneity 

45degree_1_0_MSS_11X11_Band_6_Correlation 0degree_2_0_MSS_11X11_Band_6_Entropy 

45degree_1_0_MSS_11X11_Band_6_Contrast 0degree_2_0_MSS_11X11_Band_6_Dissimilarity 

45degree_1_0_MSS_11X11_Band_7_Variance 0degree_2_0_MSS_11X11_Band_6_Correlation 

45degree_1_0_MSS_11X11_Band_7_Second Moment 0degree_2_0_MSS_11X11_Band_6_Contrast 

45degree_1_0_MSS_11X11_Band_7_Mean 0degree_2_0_MSS_11X11_Band_7_Variance 

45degree_1_0_MSS_11X11_Band_7_Homogeneity 0degree_2_0_MSS_11X11_Band_7_Second Moment 

45degree_1_0_MSS_11X11_Band_7_Entropy 0degree_2_0_MSS_11X11_Band_7_Mean 

45degree_1_0_MSS_11X11_Band_7_Dissimilarity 0degree_2_0_MSS_11X11_Band_7_Homogeneity 

45degree_1_0_MSS_11X11_Band_7_Correlation 0degree_2_0_MSS_11X11_Band_7_Entropy 

45degree_1_0_MSS_11X11_Band_7_Contrast 0degree_2_0_MSS_11X11_Band_7_Dissimilarity 

45degree_1_0_MSS_11X11_Band_8_Variance 0degree_2_0_MSS_11X11_Band_7_Correlation 

45degree_1_0_MSS_11X11_Band_8_Second Moment 0degree_2_0_MSS_11X11_Band_7_Contrast 

45degree_1_0_MSS_11X11_Band_8_Mean 0degree_2_0_MSS_11X11_Band_8_Variance 

45degree_1_0_MSS_11X11_Band_8_Homogeneity 0degree_2_0_MSS_11X11_Band_8_Second Moment 

45degree_1_0_MSS_11X11_Band_8_Entropy 0degree_2_0_MSS_11X11_Band_8_Mean 

45degree_1_0_MSS_11X11_Band_8_Dissimilarity 0degree_2_0_MSS_11X11_Band_8_Homogeneity 

45degree_1_0_MSS_11X11_Band_8_Correlation 0degree_2_0_MSS_11X11_Band_8_Entropy 

45degree_1_0_MSS_11X11_Band_8_Contrast 0degree_2_0_MSS_11X11_Band_8_Dissimilarity 

0degree_2_0_MSS_11X11_Band_3_Variance 0degree_2_0_MSS_11X11_Band_8_Correlation 

0degree_2_0_MSS_11X11_Band_3_Second Moment 0degree_1_0_MSS_11X11_Band_8_Contrast 

0degree_2_0_MSS_11X11_Band_3_Mean 0degree_1_0_MSS_11X11_Band_3_Variance 

0degree_2_0_MSS_11X11_Band_3_Homogeneity 0degree_1_0_MSS_11X11_Band_3_Second Moment 

0degree_2_0_MSS_11X11_Band_3_Entropy 0degree_1_0_MSS_11X11_Band_7_Homogeneity 

0degree_2_0_MSS_11X11_Band_3_Dissimilarity 0degree_1_0_MSS_11X11_Band_7_Entropy 

0degree_2_0_MSS_11X11_Band_3_Correlation 0degree_1_0_MSS_11X11_Band_7_Dissimilarity 

0degree_1_0_MSS_11X11_Band_7_Correlation 0degree_1_0_MSS_11X11_Band_8_Homogeneity 

0degree_1_0_MSS_11X11_Band_7_Contrast 0degree_1_0_MSS_11X11_Band_8_Entropy 

0degree_1_0_MSS_11X11_Band_8_Variance 0degree_1_0_MSS_11X11_Band_8_Dissimilarity 

0degree_1_0_MSS_11X11_Band_8_Second Moment 0degree_1_0_MSS_11X11_Band_8_Correlation 

0degree_1_0_MSS_11X11_Band_8_Mean 0degree_1_0_MSS_11X11_Band_8_Contrast 
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APPENDIX 4 
Laws Texture Parameters for each GLAS shot (126 Nos) 

PAN_BAND_1_LawsW5W5 MSS_BAND_6_LawsW5W5 MSS_BAND_3_LawsW5W5 

PAN_BAND_1_LawsW5R5 MSS_BAND_6_LawsW5R5 MSS_BAND_3_LawsW5R5 

PAN_BAND_1_LawsS5W5 MSS_BAND_6_LawsS5W5 MSS_BAND_3_LawsS5W5 

PAN_BAND_1_LawsS5S5 MSS_BAND_6_LawsS5S5 MSS_BAND_3_LawsS5S5 

PAN_BAND_1_LawsS5R5 MSS_BAND_6_LawsS5R5 MSS_BAND_3_LawsS5R5 

PAN_BAND_1_LawsR5R5 MSS_BAND_6_LawsR5R5 MSS_BAND_3_LawsR5R5 

PAN_BAND_1_LawsL5W5 MSS_BAND_6_LawsL5W5 MSS_BAND_3_LawsL5W5 

PAN_BAND_1_LawsL5S5 MSS_BAND_6_LawsL5S5 MSS_BAND_3_LawsL5S5 

PAN_BAND_1_LawsL5R5 MSS_BAND_6_LawsL5R5 MSS_BAND_3_LawsL5R5 

PAN_BAND_1_LawsL5E5 MSS_BAND_6_LawsL5E5 MSS_BAND_3_LawsL5E5 

PAN_BAND_1_LawsE5W5 MSS_BAND_6_LawsE5W5 MSS_BAND_3_LawsE5W5 

PAN_BAND_1_LawsE5S5 MSS_BAND_6_LawsE5S5 MSS_BAND_3_LawsE5S5 

PAN_BAND_1_LawsE5R5 MSS_BAND_6_LawsE5R5 MSS_BAND_3_LawsE5R5 

PAN_BAND_1_LawsE5E5 MSS_BAND_6_LawsE5E5 MSS_BAND_3_LawsE5E5 

MSS_BAND_8_LawsW5W5 MSS_BAND_5_LawsW5W5 MSS_BAND_2_LawsW5W5 

MSS_BAND_8_LawsW5R5 MSS_BAND_5_LawsW5R5 MSS_BAND_2_LawsW5R5 

MSS_BAND_8_LawsS5W5 MSS_BAND_5_LawsS5W5 MSS_BAND_2_LawsS5W5 

MSS_BAND_8_LawsS5S5 MSS_BAND_5_LawsS5S5 MSS_BAND_2_LawsS5S5 

MSS_BAND_8_LawsS5R5 MSS_BAND_5_LawsS5R5 MSS_BAND_2_LawsS5R5 

MSS_BAND_8_LawsR5R5 MSS_BAND_5_LawsR5R5 MSS_BAND_2_LawsR5R5 

MSS_BAND_8_LawsL5W5 MSS_BAND_5_LawsL5W5 MSS_BAND_2_LawsL5W5 

MSS_BAND_8_LawsL5S5 MSS_BAND_5_LawsL5S5 MSS_BAND_2_LawsL5S5 

MSS_BAND_8_LawsL5R5 MSS_BAND_5_LawsL5R5 MSS_BAND_2_LawsL5R5 

MSS_BAND_8_LawsL5E5 MSS_BAND_5_LawsL5E5 MSS_BAND_2_LawsL5E5 

MSS_BAND_8_LawsE5W5 MSS_BAND_5_LawsE5W5 MSS_BAND_2_LawsE5W5 

MSS_BAND_8_LawsE5S5 MSS_BAND_5_LawsE5S5 MSS_BAND_2_LawsE5S5 

MSS_BAND_8_LawsE5R5 MSS_BAND_5_LawsE5R5 MSS_BAND_2_LawsE5R5 

MSS_BAND_8_LawsE5E5 MSS_BAND_5_LawsE5E5 MSS_BAND_2_LawsE5E5 

MSS_BAND_7_LawsW5W5 MSS_BAND_4_LawsW5W5 MSS_BAND_1_LawsW5W5 

MSS_BAND_7_LawsW5R5 MSS_BAND_4_LawsW5R5 MSS_BAND_1_LawsW5R5 

MSS_BAND_7_LawsS5W5 MSS_BAND_4_LawsS5W5 MSS_BAND_1_LawsS5W5 

MSS_BAND_7_LawsS5S5 MSS_BAND_4_LawsS5S5 MSS_BAND_1_LawsS5S5 

MSS_BAND_7_LawsS5R5 MSS_BAND_4_LawsS5R5 MSS_BAND_1_LawsS5R5 

MSS_BAND_7_LawsR5R5 MSS_BAND_4_LawsR5R5 MSS_BAND_1_LawsR5R5 

MSS_BAND_7_LawsL5W5 MSS_BAND_4_LawsL5W5 MSS_BAND_1_LawsL5W5 

MSS_BAND_7_LawsL5S5 MSS_BAND_4_LawsL5S5 MSS_BAND_1_LawsL5S5 

MSS_BAND_7_LawsL5R5 MSS_BAND_4_LawsL5R5 MSS_BAND_1_LawsL5R5 



91 
 

 

  

MSS_BAND_7_LawsL5E5 MSS_BAND_4_LawsL5E5 MSS_BAND_1_LawsL5E5 

MSS_BAND_7_LawsE5W5 MSS_BAND_4_LawsE5W5 MSS_BAND_1_LawsE5W5 

MSS_BAND_7_LawsE5S5 MSS_BAND_4_LawsE5S5 MSS_BAND_1_LawsE5S5 

MSS_BAND_7_LawsE5R5 MSS_BAND_4_LawsE5R5 MSS_BAND_1_LawsE5R5 

MSS_BAND_7_LawsE5E5 MSS_BAND_4_LawsE5E5 MSS_BAND_1_LawsE5E5 
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APPENDIX 5 
First Order Texture Parameters for each GLAS shot (66 Nos) 

PAN_5X5_Data_Range MSS_7X7_Band7_Data_Range 

PAN_5X5_Mean MSS_7X7_Band7_Mean 

PAN_5X5_Variance MSS_7X7_Band7_Variance 

PAN_5X5_Entropy MSS_7X7_Band7_Entropy 

PAN_7X7_Data_Range MSS_7X7_Band8_Data_Range 

PAN_7X7_Mean MSS_7X7_Band8_Mean 

PAN_7X7_Variance MSS_7X7_Band8_Variance 

PAN_7X7_Entropy MSS_7X7_Band8_Entropy 

PAN_9X9_Data_Range MSS_9X9_Band6_Data_Range 

PAN_9X9_Mean MSS_9X9_Band6_Mean 

PAN_9X9_Variance MSS_9X9_Band6_Variance 

PAN_9X9_Entropy MSS_9X9_Band6_Entropy 

PAN_11X11_Data_Range MSS_9X9_Band7_Data_Range 

PAN_11X11_Mean MSS_9X9_Band7_Mean 

PAN_11X11_Variance MSS_9X9_Band7_Variance 

PAN_11X11_Entropy MSS_9X9_Band7_Entropy 

MSS_5X5_Band6_Data_Range MSS_9X9_Band8_Data_Range 

MSS_5X5_Band6_Mean MSS_9X9_Band8_Mean 

MSS_5X5_Band6_Variance MSS_9X9_Band8_Variance 

MSS_5X5_Band6_Entropy MSS_9X9_Band8_Entropy 

MSS_5X5_Band7_Data_Range MSS_11X11_Band6_Data_Range 

MSS_5X5_Band7_Mean MSS_11X11_Band6_Mean 

MSS_5X5_Band7_Variance MSS_11X11_Band6_Variance 

MSS_5X5_Band7_Entropy MSS_11X11_Band6_Entropy 

MSS_5X5_Band8_Data_Range MSS_11X11_Band7_Data_Range 

MSS_5X5_Band8_Mean MSS_11X11_Band7_Mean 

MSS_5X5_Band8_Variance MSS_11X11_Band7_Variance 

MSS_5X5_Band8_Entropy MSS_11X11_Band7_Entropy 

MSS_7X7_Band6_Data_Range MSS_11X11_Band8_Data_Range 

MSS_7X7_Band6_Mean MSS_11X11_Band8_Mean 

MSS_7X7_Band6_Variance MSS_11X11_Band8_Variance 

MSS_7X7_Band6_Entropy MSS_11X11_Band8_Entropy 
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APPENDIX 6 
GLAS waveform Parameters for single waveform 

Parameters Definition Physical explanation Visualization 

Waveform 
signal start 
(pStart), and 
waveform signal 
end (pEnd). 

Position where 
the waveform 
first/last crosses 
above/below a 
threshold value. 

pStart: Highest 
interception point 
between surface and 
transmitted pulse. pEnd: 
Lowest elevation 
reflected from earth 
surface. Relevant for 
surface feature height 
extraction like tree 
height.  

 

Waveform 
centroid 
(wCentroid)  

Position where 
the return energy 
is divided into 
two equal parts. 

Represents maximum 
tree height and 
maximum canopy 
height. 

 
Waveform 
extent (wExtent) 

Distance between 
signal start and 
signal end. 

Represents maximum 
tree height and 
maximum canopy 
height. 

 
Waveform 
distance 
(wDistance) 

Distance from 
signal start to 
peak of the last 
Gaussian mode. 

Represents top tree 
height and top canopy 
height.  

 
Peak distance 
(wpDistance) 

Distance between 
first and last 
peak. 

Represents average tree 
height. 

 
Height of 
median energy 
(HOME) 

Distance from 
peak of the 
ground return to 
the waveform 
centroid.  

Sensitive to change in 
vertical arrangements of 
tree canopy and degree 
of canopy openness.   

 

wExtent 

wCentroid 

wDistance 

wpDistance 

HOME 
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Front Slope 
angle (aFSlope) 

Angle from 
vertical to vector 
from waveform 
begin to peak of 
the canopy return 
energy. 

The variability of the 
upper canopy. 

 
Number of 
Gaussian fits 
(wModes) 

Number of 
Gaussian 
components 
derived from 
nonlinear least 
squares 
estimation. 

Signifies number of 
height levels 
corresponding to object 
and earth surface. 

 
X% Quartile 
height ( Hx
)[H25, H50, 
H75, H100] 

Height at which 
x% of the return 
energy occurs. 

H50 equals to the 
wCentroid. 

 

Roughness of 
outer canopy 
(d_RouCanopy) 

Distance from the 
waveform begins 
to the peak of the 
canopy (e.g. the 
first Gaussian). 

Ruggedness of the 
uppermost canopy, 
spatial organization of 
plant surfaces within the 
canopy, and the decrease 
in laser energy with 
depth into the canopy as 
the pulse is intercepted 
by plant surfaces. 

 

Return 
waveform 
energy (eEcho) 

The received 
energy i.e. the 
area below the 
waveform 
between begins 
and end. 

Describing the surface 
characteristics in 
absolute values. 

 

Ground return 
energy 
(eGround) and 
Canopy return 
energy 
(eCanopy) 

eGround: it is the 
total intensity of 
the last mode. 
eCanopy: it is the 
difference 
between eEcho 
and eGround.    

Return energy of the 
ground and canopy. 

 

 



95 
 

Ground return 
ratio (rGround) 

eGround divided 
by eCanopy. 

An approximation of the 
degree of the canopy 
closure. 

 

Canopy return 
ratio (rCanopy) 

eCanopy divided 
by eEcho. 

Measure of canopy 
cover.  

 

Canopy width 
(wCanopy) and 
Ground width 
(wGround)  

Canopy and 
ground extent, 
relative to the 
transmitted pulse 
extent. 

Measurement of crown 
depth. 

 

X% Quartile 
height of 
waveform 
distance ratio 
(Rx) [R25, R50, 
R75] 

X% Quartile 
height divided by 
waveform 
distance. 

Normalizes the effect of 
different canopy heights. 

 

 


