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ABSTRACT 

Hyperspectral remote sensing of forest foliar biochemicals allows monitoring forest health status. 

Understanding the spatial variation of foliar biochemicals on the larger areas of forest ecosystem is still 

very limited. The objective of this research was to compare the empirical hyperspectral approaches 

stepwise multiple linear regression (SMLR), partial least square regression (PLSR) and boosted regression 

tree (BRT) for estimating foliar chlorophyll a+b (Cab) and carotenoids (Cars) pigments at different spatial 

scales (laboratory and airborne HyMap spectra); and to understand the spatial variation of foliar 

biochemicals in Norway spruce forest. This research was carried in Gerolstein test site, West Germany 

situated in Eifel Mountains. At study site, 13 stands plots were identified to collect leaf samples (n=78). 

Collected leaf samples were used to represent foliar nutrients information at the leaf scale and in canopies. 

The SMLR, PLSR and BRT regression models were established between spectral bands from laboratory 

spectra and airborne HyMap spectra and field measured concentrations of chlorophyll a+b  and 

carotenoids.  The most accurate model was identified based on cross validation results. The reliability of 

predictive model parameters developed at the canopy scale was assessed by bootstrapping. The derived 

maps of foliar biochemicals was analysed for possible relation with the units of soil substrate using 

Analysis of Variance (ANOVA). The PLSR model predicted the chlorophyll a+b and carotenoids 

concentration most accurate than SMLR and BRT at the leaf scale. The sample size was found to be a 

limitation at the canopy scale to compare models. The predictions of carotenoids at the canopy scale were 

poor. Nevertheless, an SMLR model was developed to derive a map of leaf chlorophyll a+b 

concentrations (LCC) in Norway spruce forest. The model parameters were reliable from bootstrapping 

analysis. The derived map of LCC in Norway spruce reflected distinct spatial patterns for example, low 

chlorophyll concentrations were found under the low soil nutrient fertility. The differences between the 

mean of LCC in the soil substrate units (ANOVA result-P value = 0.004) was significant at 95% 

confidence level.  The mean of LCC under the low soil fertility (P value of .000, 0.016, and 0.029) was 

significantly lower than the other soil substrate units from post-hoc test. The hyperspectral remote sensing 

of foliar biochemicals explains the underlying soil nutrient availability in forest ecosystem.  

 

Keywords: Chlorophyll, carotenoids, hyperspectral remote sensing or imaging spectroscopy, stepwise 

multiple linear regression, partial least squares regression, boosted regression tree. 
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1. INTRODUCTION 

Foliar biochemistry is an indicator of various ecosystem processes, e.g. photosynthesis, transpiration, 

respiration, productivity and nutritional status (Kokaly et al., 2009; Martin et al., 2008). Among the many 

foliar biochemicals, chlorophyll a+b (Cab) pigments are necessary for photosynthesis and carotenoids 

(Cars) are essential for plant survival and nutritional functions (Davies, 2004). Carotenoids (Cars) are 

composed of carotenes and xanthophylls (Bartley & Scolnik, 1995). Chlorophyll a+b is an indicator of 

stress and phenological stage of vegetation (Blackburn, 1998b). Carotenoids concentration provides much 

useful insights on vegetation physiological status (Demmig-Adams et al., 1996). In stress and senescence 

condition of vegetation, the concentrations of chlorophyll decline and the quantity of carotenoids increase 

and produce the yellow and reds in foliage (Andrew et al., 2002). They are important inputs for forest 

ecosystem modelling (Lucas & Curran, 1999) and allow monitoring forest health status (Sampson et al., 

2003). Conventional assessment of forest health is through visual inspection of trees which is impractical 

for larger areas. Such ground observations cannot provide detailed data for forest health mapping over 

larger areas. Remote sensing is a potential tool to produce these quantitative maps on regional scales 

(Johnson et al., 1994). Quantitative spatial maps of foliar biochemicals can provide an important input for 

forest management.  

 

Spatial variation in foliar biochemical concentrations is caused by tree species composition, stand age and 

disturbance history (Ollinger et al., 2002), soil moisture availability (Niemann et al., 2002), nutrient 

availability (Solberg et al., 1998), elevation (Richardson & Berlyn, 2002), incident solar radiation or light 

availability (Baltzer & Thomas, 2005; Lee et al., 2000), climate (Magill et al., 2004; Omrad et al., 1999), 

management practices (Burger, 2009; Lopez-Serrano et al., 2005), insects defoliation (Lawerence & Labus, 

2003) and pathogenic fungi (Craine et al., 2009). One of the important factors explaining the spatial 

variation in foliar biochemical concentration is soil nutrient availability (Miller & Watmough, 2009). Soil is 

the basic foundation of forest ecosystem (Boyle & Powers, 2000) and it provides nutrients to trees that 

reflects in the foliar biochemicals (Bauer et al., 1996). Soil properties like pH, moisture, percentage base 

saturation and cation exchange capacity influences the availability of nutrients to trees (Davis et al., 2007). 

Trees on productive soils are likely to produce high concentrations of foliar nitrogen (Sariyildiz & 

Anderson, 2005). In forestry research, previous studies made an effort to understand the relationship of 

foliar biochemicals with the soil chemistry in small sites (Guang-sheng et al., 2004; Hobbie & Gough, 

2002; Zas & Serrada, 2003). The understanding of the spatial patterns of foliar biochemicals in relation 

with the underlying soil nutrients on the larger areas of forest landscape is quite limited (Ollinger et al., 

2002).  

 

The accurate quantification of foliar biochemical content using remote sensing is still a challenge 

(Blackburn, 2007). Multispectral remote sensing systems such as Landsat TM have been used for the 

estimation of foliar biochemicals using spectral vegetation indices (Duchemin, 1999; Richardson et al., 

1983). These sensors collect information in 3 to 4 or more in broad spectral bands which can spectrally 

distinguish vegetation or land cover types, but cannot provide the adequate information to quantify foliar 

biochemicals (Thenkabail et al., 2004). In vegetation spectra, chlorophyll and carotenoids absorption takes 

place in specific narrow bands centred at 640nm, 670nm (chlorophyll) and 470nm (carotenoids), which is 

used to quantify relevant foliar biochemical concentrations (Van der Meer & De Jong, 2001). The major 

limitation of multispectral data is that the specific absorption feature to quantify relevant foliar 

biochemical content gets lost in broad spectral bands (Blackburn, 1998b).        
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Several researchers have shown that  hyperspectral remote sensing or imaging spectroscopy data, which 

are characterized by several continuous (15 to several hundred) narrow spectral bands, can provide crucial 

information to quantify foliar biochemicals (Asner & Martin, 2009; Blackburn, 2007; Darvishzadeh et al., 

2008; Mutanga et al., 2009; Townsend et al., 2003). Currently, statistical methods and physical based 

models are the two approaches used in hyperspectral remote sensing to estimate the foliar biochemicals 

concentrations (Im & Jensen, 2008; Majeke et al., 2008). Both methods have advantages and 

disadvantages. Physical models are known for their accurate estimation of biochemical compositions 

because they are based on physical principle (Schlerf & Atzberger, 2006). However, most physical models 

are complicated to implement the model inversion (Atzberger, 2004). They are successful at the leaf level, 

rather than canopy level, due to the complexity of vegetation canopies (Schlerf & Atzberger, 2006). 

Physical models have not been used widely as compared to statistical methods (Majeke et al., 2008), 

because they require a large number of input variables for model parameterization, which are often hard to 

estimate (Fang et al., 2003). On the other hand, statistical methods are site specific and not robust. Despite 

these disadvantages, several researchers attempted to use statistical methods (Asner & Martin, 2009; 

Demetriades-Shah et al., 1990; Gastelluetchegorry et al., 1995; Ge et al., 2008; LaCapra et al., 1996; 

Wessman, 1992; Zhang et al., 2008). However, the statistical methods are superior in some aspects, such 

as easy to establish and results are quite acceptable in the same site (Run-he et al., 2003). The focus of this 

research is on statistical methods.  

 

Statistical methods are divided into univariate and multivariate methods. These methods estimate 

biochemical concentration by relating field measured biochemical concentrations with the reflectance in 

wavebands. Univariate methods relate only one independent variable e.g. spectral vegetation indices 

(reflectance in red and near-infrared bands), whereas multivariate methods relate many independent 

variables, for example many spectral bands to estimate foliar biochemical concentrations. Studies 

demonstrated that multivariate statistical methods provide better results in estimating foliar biochemicals 

rather than univariate regression (Darvishzadeh et al., 2008; Hansen & Schjoerring, 2003). Multivariate 

statistical methods develop calibration equation relating the field measurements of foliar biochemicals with 

the spectra using, for example stepwise multiple linear regression (SMLR) or partial least square regression 

(PLSR). Most of previous studies have used SMLR to estimate foliar biochemicals (Curran et al., 2001; 

Jacquemoud et al., 1995; Johnson et al., 1994; Kokaly & Clark, 1999; LaCapra et al., 1996). But, SMLR is 

open to criticism because this method suffers from multicollinearity, overfitting and the selected 

wavebands fail to correspond with known absorption features (Curran, 1989; Grossman et al., 1996). In 

contrast, the partial least squares regression (PLSR) method combines the most useful information from 

hundreds of bands into the factors,  similar to the principal components analysis, that avoids the potential 

overfitting problem (Huang et al., 2004; Wold et al., 2001). Some studies also used partial least squares 

regression (Cho et al., 2007; Goodenough et al., 2009; Martin et al., 2008).  

 

The limitation of these regression methods is that they assume a linear relationship between the field 

measurements and the spectra (Mutanga & Skidmore, 2004).  However, there are techniques such as 

neural networks (Keiner & Yan, 1998), support vector machines (Durbha et al., 2007) and boosted 

regression tree (BRT) (Leathwick et al., 2006) to model nonlinear behaviour. Study in ecology have found 

that BRT is more interpretable than neural networks and support vector machines (Death, 2007). Studies 

have used BRT in remote sensing domain for many applications (Chan & Paelinckx, 2008; Ismail & 

Mutanga, 2010; Lawerence et al., 2006; Lawrence, 2004) and to predict biophysical and biochemical 

concentrations of crops (Im et al., 2009). Boosted regression tree models do not need to assume a linear 

relationship between response and explanatory variable. The major advantage of BRT is that it can fit 

complex nonlinear relationships, and routinely handles interactions effects between predictors, that find 

best combination of predictors overcoming multicollinearity (Elith et al., 2008). Despite these advantages, 
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no studies were found that used BRT to estimate forest foliar biochemicals using airborne hyperspectral 

remote sensing data.  

1.1. General objective  

This research aimed to test the predictive ability of BRT in comparison with SMLR and PLSR for 

estimating foliar chlorophyll a+b (Cab) and carotenoids (Cars) at different spatial scales from laboratory 

spectra (non-spatial) and airborne hyperspectral spectra; and to understand the relationship of foliar 

biochemicals with the underlying soil substrate type in Norway spruce forest. 

1.2. Specific objectives 

1. To investigate the potential of boosted regression tree (BRT) to estimate foliar chlorophyll a+b 

and carotenoids and compare its performance with stepwise multiple linear regression (SMLR) 

and partial least squares regression (PLSR) from laboratory spectra and airborne hyperspectral 

spectra. 

2. To derive maps of foliar chlorophyll a+b (Cab) and carotenoids (Cars). 

3. To investigate the spatial variation of chlorophyll a+b (Cab) and carotenoids (Cars) over different 

underlying soil substrate types. 

1.3. Research questions  

1. What are spectral bands significantly predicted the chlorophyll a+b (Cab) and carotenoids (Cars) 

in SMLR, PLSR and BRT regression models from laboratory spectra and airborne hyperspectral 

spectra? 

2. Which regression method estimates foliar chlorophyll a+b (Cab) and carotenoids (Cars) most 

accurately from laboratory spectra and airborne hyperspectral spectra? 

3. Are foliar chlorophyll a+b (Cab) and carotenoids (Cars) concentrations significantly different over 

the underlying soil substrate types? 

1.4. Research hypotheses 

      1. 

H0: BRT does not estimate foliar chlorophyll a+b (Cab) and carotenoids (Cars) more accurately (higher 

Akaike information criterion (AIC) value) than PLSR and SMLR from laboratory spectra and airborne 

hyperspectral spectra. 

H1: BRT estimates foliar chlorophyll a+b (Cab) and carotenoids (Cars) more accurately (lower Akaike 

information criterion (AIC) value) than PLSR and SMLR from laboratory spectra and airborne 

hyperspectral spectra.   

       2. 

H0: Foliar chlorophyll a+b (Cab) and carotenoids (Cars) do not vary significantly over the underlying soil 

substrate types (95% confidence level). 

H1: Foliar chlorophyll a+b (Cab) and carotenoids (Cars) vary significantly over the underlying soil substrate 

types (95% confidence level). 

Assumptions:  

 The underlying geology classes represent different soil substrate types. 

 The effect of factors other than soil nutrients on foliar biochemicals like climate, diseases or pest 

attack, elevation, and forest management strategy etc. are all remain constants. 

 Base saturation is an indicator of soil nutrient availability. 
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2. MATERIALS AND METHODS 

2.1. Study Area  

This research was carried out in Gerolstein test site (50o15’N, 6o40’E) which is located in the central part 

of the Eifel mountains, Germany (Figure 2-1). This study area was selected for this research because there 

is a natural variation in soil nutrients and it is expected to result in large variation of foliar chemicals 

(Schlerf, 2006).  Norway spruce is the dominating species in this study area which are important and 

commonly distributed species in central Europe. These species occur over different soil types in this site 

from very poor to rich in soil nutrient availability which makes ideal for this research to study foliar 

biochemicals variation (Schlerf, 2006). The availability of data about this site also made practicable for this 

research. 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The mean annual precipitation is about 800-900mm and the mean annual air temperature is 7oC. This site 

floor is covered by variety of bedrock types like mainly Devonian quartzite sandstone-schist formations, 

middle Devonian limestone, Triassic sandstones and quaternary basalts so that different soil substrate 

types have been developed (Schlerf et al., 2010). These soil substrate types vary with base saturation and 

moisture. 

2.2. Data 

This study used data from previous research [Schlerf,(2006)] that investigated hyperspectral remote 

sensing for estimating forest biochemical and biophysical attributes and results were published in Schlerf 

et.al.,(2010). The following explanation about methods of data collection and image data follow above 

references.  

2.2.1. Data collection and biochemical assay 

At study site, 13 stands of Norway spruce were identified by researcher and sampled in August 2002. 

Foliar samples were collected following guidelines of the German Environmental Specimen Bank from 

Figure 2-1 Gerolstein test site, Germany; Source: Schlerf, 2006. 
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top part of crown in three randomly selected trees in each stands (Schlerf et al., 2010). All the collected 

foliage samples were separated according to their position on the branch by age class (First Year and third 

year). In total, 78 samples were collected (13 stands x 3trees x 2 age classes). Foliage samples were bagged, 

labeled and kept in cold boxes in field. The samples were stored in refrigerators at +5oC after transport to 

nearby laboratory. Sub-samples of 20 g were selected from these samples for reflectance measurements. 

Needle optical properties were measured in laboratory using ASD Field-Spec-2 spectrometer. The target 

was illuminated by a 1000 W halogen light source at a Zenith angle of 45o and a distance of 60 cm. The 

head of instrument was at a nadir 10cm above targets.  Relative spectral radiances were obtained for 

samples between 350 and 2500nm at 1nm spectral resolution. After obtaining reflectance measurements 

of these samples, the same needles were used for chemical analysis to measure the concentration of 

chlorophyll a+b and carotenoids.  

2.2.2. Hyperspectral Image data 

The airborne hyperspectral Mapper (HyMap) sensor with 126 spectral channels was flown over the study 

site on 14 July, 2003. The HyMap data of 2003 and the field measurements of 2002 collected during same 

season (summer season) and in same phenological stages were used assuming that the health status of 

forest didn’t change significantly within one year (Schlerf et al., 2010). The HyMap data were recorded at 

12.40 hr. at an altitude of average 3400 m above ground level. The spatial resolution of data is about 7m 

with a full scene covering about 4 km X 13 km. The data were collected during clear sky. The data were 

radiometrically pre-processed following across-track illumination correction for removal of view angle 

effects. The image data were corrected for atmospheric effects (for details refer (Schlerf, 2006) and 

geometrically also corrected using local coordinate system (Gauss Kruger, Zone 2, Ellipsoid : Bessel 1841, 

Datum: Potsdam).  

2.3. Software used 

 ENVI 

 Arc GIS 

 SPSS 

 R 

 ParLeS 

 MATLAB 

2.4. Research Methods 

The general work flow of this research is outlined in Figure 2-2 below. The works carried in this research 

follows:  

 

The workflow was divided into following steps: 

1. Preprocessing of spectra 

2. Model generation at different spatial scales (Lab spectra and Airborne HyMap spectra) 

3. Model validation and comparisons 

4. Mapping of leaf foliar biochemicals 

5. Investigation of spatial variation in foliar biochemical maps 
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2.5. Pre-processing of spectra 

2.5.1. Laboratory spectra 

The laboratory reflectance spectra (350nm-2500nm, 350 wavebands) was resampled to HyMap wavebands (128 

wavebands) to establish models which predict chlorophyll concentration a+b (Cab) and carotenoids (Cars).  
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              Figure 2-2 The general workflow of the research 
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2.5.2. Airborne HyMap spectra (Continuum removal) 

The HyMap image data were processed using continuum removal (spectral transformation method) before 

extracting the spectra for analysis using ENVI image processing package. The continuum is defined as a   

“convex hull of straight line segments over the top of a spectrum to connect local spectral maxima” 

(Huang et al., 2004)(refer Figure 2-3). The continuum removed (CR) spectra at a certain wavelength was 

obtained by dividing the original reflectance values for each waveband in the absorption feature by the 

corresponding reflectance values of the continuum line (convex hull) (Huang et al., 2004; Mutanga & 

Skidmore, 2004) (refer Figure 2-3). In the continuum removed spectra, the first and last spectral values are 

equal to one, since they both lie on the continuum line (Mutanga & Skidmore, 2003). The output 

reflectance values of the CR spectra are scaled between zero and one, which enhance the absorption 

troughs in vegetation spectra (Schmidt & Skidmore, 2001). This allows for better estimation through the 

identification of specific absorption features to quantify relevant foliar biochemicals. Spectral 

transformation is the important process converts original spectra into transformed spectra which were 

widely used by many researchers for statistical modelling with hyperspectral data (Huang et al., 2004; 

Kokaly et al., 2009; Run-he et al., 2003). Previous studies have demonstrated that continuum removal 

performs superior to other spectral transformation methods in the estimation of foliar biochemicals 

(Kokaly & Clark, 1999; Mutanga & Skidmore, 2004).  

 

 
                     Figure 2-3 Continuum removal for chlorophyll absorption of vegetation from (Clark, 1999) 

2.5.3.    Extraction of canopy spectra 

 The field sample points were overlaid on CR HyMap image to extract spectra for analysis. Region 

growing approach (ROI) was applied using ENVI (Version 4.5) to define the representative pixels around 

the sample plot stands. At each sample plot in the image, four pixels were defined as a “region of interest” 

(ROI) in ENVI Package. Growing of ROIs was allowed in all directions with the standard deviation of 2 

that resulted in the image pixels of 9-35 around sample plot stands. For further analysis, only the average 

spectra from the selected pixels were used. These extracted spectra were used for statistical modelling to 

estimate chlorophyll a+b and carotenoids at the canopy scale. 
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2.6. Model generation  

The SMLR, PLSR and BRT regression models were established between spectral bands from laboratory 

spectra (non-spatial) and airborne HyMap spectra and concentrations of chlorophyll a+b and carotenoids 

at leaf and canopy scale respectively. During the process of model development, the models were analysed 

with both the full spectrum and the reduced spectrum of absorption features (471-761nm) as input data. 

Here after, models developed with the full spectrum and the reduced spectrum of absorption features 

(471-761nm) were called as the full spectrum and reduced spectrum models respectively.  

2.6.1. Stepwise Multiple Linear Regression (SMLR) 

Stepwise multiple linear regression (SMLR) used to identify significant wavebands to predict foliar Cab and 

Cars for regression model. It works on assumption that certain numbers of wavelengths have a significant 

contribution to predict response variable. SLMR runs on the predictor variables to identify statistically 

significant explanatory predictor wavelengths based on the highest F-value or lowest p-value for 

prediction. First it starts with no explanatory variables (wavelengths) in the regression equation and at each 

step it adds the statistically significant predictors (lowest p-value), until no further entry or removal is 

possible (Darvishzadeh et al., 2008). At the same time, the SMLR computes the removal statistic to 

remove the non-significant predictor wavelengths (highest p-value) for prediction. In this study, the P 

values for entry and removal were set at ≤ 0.05 and ≥ 0.1 respectively. Forward SMLR was used to predict 

Cab and Cars at the leaf and canopy scales using laboratory and HyMap spectra respectively. SMLR result 

in the predictive equation to predict the studied response variable.  

 

To control model over-fitting, the following measures were implemented from Schlerf et.al., (2010), 1) 

Combination of predictor wavelengths were selected based on the minimum RMSE (Root mean square 

error); 2) The number of bands included in the model was controlled by  p -values for entry and removal; 

3) The p –values for entry and removal were decreased until no relation observed between spectral data 

and biochemical. The SMLR analysis was performed using the MATLAB tool. More description about 

mathematical concepts of SMLR can be referred to this paper Ganesh, (2010). 

 

The main assumptions and criticism in this SMLR follows Curran, (1989): 1) the relationship between 

predictor wavelengths and chemical concentration are near linear ; 2) the relationship between spectra and   

chemical concentration is not confounded by other factors such as leaf angle and area distribution, solar 

incidence angle and sensor view angle, and plant factors; 3) the chemical concentrations have been 

accurately measured.  The criticism of SMLR: 1) the model may over-fit when the number of samples is 

smaller than the number of predictor wavelengths. 2) It may or may not be possible to explain the selected 

wavebands by SMLR based on chemical bonds which may occur due to inter-correlation of chemicals. 3) 

It is also not possible to explain why a certain waveband, which is known to be related to certain 

biochemical, has not been selected by SMLR. 

2.6.2. Partial Least Squares Regression (PLSR) 

PLSR is a combination of multiple regression and principal component regression. This technique reduces 

the large number of spectral variables to a few non-correlated latent variable or factors (Cho et al., 2007). 

This latent variable is derived from covariance between the few non correlated reflectance spectral 

variables and the biochemical concentrations. The latent variables or factors represent the relevant 

information present in the reflectance spectra to predict the foliar biochemical concentrations 

(Darvishzadeh et al., 2008). It overcomes the problem of overfitting and multicollinearity which is found 

with SMLR (Hansen & Schjoerring, 2003). It aims to develop a simple linear model. It works on 

hypothesis that the relationships between response variable and predictor wavelengths are linear as SMLR. 

It does not result in the simple predictive equation for estimation as SMLR. One problem with PLSR is 
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that identifying important predictor wavelengths is not straightforward and must use correlograms of 

reflectance and chemical concentration to identify predictor bands (Huang et al., 2004). The PLSR analysis 

was performed using ParLeS package which was developed by Viscarra Rossel. The PLSR analysis was 

performed on the entire reflectance spectra and separately with the reduced spectrum of relevant 

absorption features (471-761nm) to predict foliar biochemicals. To prevent model over-fitting, the optimal 

number of factors for estimation was determined based on cross-validation method. A common way to 

select the number of factors that minimizes the RMSE and AIC (Akaike Information Criterion) (Nguyen 

& Lee, 2006). More description about PLSR algorithm can refer to these papers (Bastien et al., 2005; 

Geladi & Dabakk, 2009; Wold et al., 2001).  

2.6.3. Boosted Regression Tree (BRT)   

The BRT is a machine learning technique which aims to develop a single model by fitting combination of 

many models for explaining the target variable. It uses algorithms of classification and regression tree 

(predict response variable by recursive binary splits of predictors) and boosting (combines many simple 

models to provide improved predictive performance)(Elith et al., 2008). It differs fundamentally from 

conventional regression techniques. The performance of conventional regression models is of 

deterministic (i.e. fixed input with fixed output), but BRT is of stochastic (it includes random or 

probabilistic). This method was invented by Jerome H. Friedman and  more description about BRT model 

can be referred to (Friedman, 2001, 2002). It is also called as stochastic gradient boosting or Tree Boost 

models or multiple additive regression trees or machine learning regression trees. It works on nonlinear 

relationships between target variable and predictor variable without assumption on linear relationships. It 

overcomes the limitation found in SMLR and PLSR models. There is no literature about the use of BRT 

model in statistical modelling with hyperspectral data for the prediction of forest foliar nutrients.  

 

Below is a brief outline of BRT model as reported by researchers in ecology (Elith et al., 2008; Schonlau, 

2005; Sherrod, 2010):  

1) The model first finds the average value of target variable or response variable (first guess for 

predicting response variable) and identify regions of predictors which having most important 

responses. 
2) On each step, the focus of the tree model is to fit on residuals (tree fits to difference between 

measured response variable and average response variables). Each tree predicts residuals. 

3) The residuals (error values) from the first tree are then used for the second tree and growing of 

tree process is continued through a chain of successive trees using recursive binary splits. 

4) The BRT modelling process is stage-wise (not stepwise) which means that existing trees are left 

unchanged as the model becomes enlarged. 

5) The BRT model automatically handles interaction effects between predictors (Multicollinearity). 

6) The final model is a linear combination of many trees (hundreds) and made as single final 

regression model or additive regression model. Each tree is a model. The final predicted value is 

estimated by adding the weighted contribution of each tree. 

7) The variable selection in BRT is obtained by ignoring unimportant predictors when fitting trees. 

This measures relative influence or contribution of each predictor variable scaled to 100 and 

quantify the importance of predictors (highest numbers indicating stronger influence on target 

variable). 

8) The unimportant predictors can be removed which have minimal effect on response called as 

recursive feature elimination. Such simplification of BRT model is used for small datasets.  

9) To develop the BRT models, it requires for the specification of two main parameters. The 

learning rate which defines the contribution of each tree to the growing model and the size 

(number of splits) of individual trees called as tree complexity. This determines the number of 
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trees in the model. The BRT model was developed using 0.01 (learning rate) and 5 (tree 

complexity).  

10) The performance of BRT model is stochastic (i.e., it includes random or probabilistic), which 

improves predictive performance, that decreases the variance of the final model by using random 

subset of data for building model (Friedman, 2002).  

This method is implemented in gbm package version 1.5-7 (Ridgeway, 2006) of R software which was 

used to develop BRT models.  To avoid model over-fitting, the following measures were implemented: 1) 

the optimal number of trees were identified using cross-validation method which has minimum error and 

trees were pruned accordingly. 2) Random selection of rows without replacement from full training data 

was used at each iteration 50% of data is drawn random using bag fraction (functions in R of gbm 

package) as 0.5. This reduces over-fitting (Friedman, 2002). 3) the unimportant predictors were dropped 

for the simplification of BRT model (Elith et al., 2008).   

2.7. Model validation and comparisons 

Two types of validation were used to assess the performance of the studied models: (i) Leave one out 

cross validation method (LOOCV) for SMLR and PLSR models and (ii) n.fold cross validation for BRT 

models.  As the number of samples were limited, the cross-validation procedure was used which divide the 

data set into training and test data set. The cross validation method provides unbiased estimations of the 

prediction error (Cawley & Talbot, 2004; Efron & Gong, 1983). This means that the predicted samples 

were not same as the samples used for model building. The leave one out cross validation method uses 

one data for validation and the remaining data for calibration and iteratively runs equal to the sample size 

to develop models so that each data is used for validation.  For example, data with sample size of 78, it 

develop 78 individual models, each time with data from 77 and the remaining one for validation. This 

method was used by similar type of studies to evaluate the SMLR and PLSR models (Darvishzadeh et al., 

2008; Huang et al., 2004).  The BRT model was evaluated using n. fold cross validation procedure. Where, 

n denotes the number of groups of data made for cross validation (here n = 10). This method divides the 

data into groups of data such that in each group, equal size was made for training and validation from 

50% random subsets. For example, data with sample size of 78, it develop 10 individual models, each time 

with data from 50% random subsets (without replacement) for training and the remaining for validation. 

This is an efficient algorithm to assess the stability of BRT model (Blockeel & Struyf, 2002; Friedman, 

2002). 

 

The performance of the studied models were assessed using cross-validated statistics: R2CV (coefficient of 

determination between measured and predicted values from model), root mean squared error (RMSECV) 

(the difference between measured and corresponding predicted values from model are each squared and 

then averaged over number of the sample, and the final is the square root of the average) and normalized 

mean square error (nRMSECV) (RMSECV divided by mean of measured variable (response variable) 

expressed as percentage). R2CV is an indicator of precision of model and RMSECV is the measure of  

predictive accuracy of  model (Tedeschi, 2006).  

 

To identify the best model, among various models with the different number of predictor variables, 

Akaike information criterion (AIC) was used which includes both RMSECV and number of parameters. 

The AIC value penalize model for overfitting and identifies the model which produce good accuracy with 

fewer terms. 

The formula to calculate AIC = N log(RMSE) + 2m  from Li et al., (2002) 

Where N is sample size, m is the number of parameters, RMSE is the Root mean square error of the 

model, N log(RMSE) represents the model accuracy and 2m denotes model parsimony. This value was 

computed for all models. The model which has the lower value of AIC was considered as the best 

parsimonious model (i.e., fewer terms)(Wang & Liu, 2006).  
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2.7.1. Comparing the predictive ability of models based on the selected wavebands 

The wavebands selected by the models were analysed for consistency in relation to the known absorption 

features in vegetation spectra. The major chlorophyll absorption bands occur in the 0.43, 0.46, 0.64, and 

0.66 µm (Figure 2-4)(Curran et al., 1997). The carotenoids absorption takes place in the 0.44 and 0.47µm 

(Jensen, 2007). The major absorption wavelengths are in the 0.65 -0.67 µm (red spectrum)(Curran et al., 

1995).  The visible and red-edge regions are the major spectral regions contribute for the absorption of 

pigments (Figure 2-4). The water absorption bands are 0.97, 1.19, 1.45, 1.94 and 2.70 µm (Figure 2-4).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.7.2. Assessing the reliability of predictive model parameters at canopy scale  

The sample size is always limitation for these type of studies to represent the foliar biochemical content in 

the canopies because of destructive sampling, labour-intensive and expensive laboratory techniques 

(Blackburn, 2007). Here, the sample size was only 13 at the canopy scale. The model coefficients from the 

small sample size may not be reliable (Fox, 1997). The reliability of the regression parameters can be 

assessed using bootstrapping (Moulton & Zeger, 1991). Bootstrapping is a nonparametric approach which 

uses to resample the sample data repeatedly for estimating the relevant characteristics of the population; 

the key analogy is “the population is to sample as the sample is to bootstrap samples”(Fox, 1997). The 

meaning of the term bootstrapping is “an illusion to the expression pulling oneself up by ones bootstraps” 

and considering repeated samples drawn as population (Efron, 1979). This technique allows understanding 

the variability of regression parameters and measures uncertainty in the estimated standard errors of the 

coefficients that are more reliable by constructing “pseudo-data” from the sample at hand (Freedman & 

Peters, 1984). The model parameters accuracy were assessed by 2000 bootstrap samples by resampling 

with replacement from the sample data in the same manner (Y variable with respective X variables called 

as fixed X resampling). Each bootstrap sample selects values with replacement from among values of the 

original sample result in the 2000 set of data sets.  Then, these bootstrap samples were used for estimating 

the regression coefficients. The reliability of the regression coefficients from the original sample was 

assessed by bias. The bias means the systematic deviation from the true value (Tedeschi, 2006). The bias 

was computed from the differences between the original coefficients and average coefficients of the 

bootstrapped samples (true parameter value). The bias of the parameters should be zero for an accurate 

and unbiased estimator. 

Figure 2-4 The spectral characteristics of vegetation; Source : Jensen, (2007) 
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2.8. Mapping the foliar biochemical maps 

The model which was most accurate developed from HyMap image spectra to predict foliar Cab and Cars 

concentration used to produce the maps of foliar biochemicals for spruce pixels alone. Norway spruce 

stands were digitized from HyMap based on visual interpretation.  

2.9. Investigation of spatial variation in foliar biochemical maps 

This research expected that the derived foliar nutrients map result in spatial variation to explain the soil 

nutrient availability. In this site, the spatial variability in soil nutrient availability was mainly due to the 

different underlying geology that developed the diverse soil substrates varying in soil base saturation and 

moisture (Schlerf, 2006). There are major four types of underground geology units present in this site 

namely Buntsandstein, lower Devonian, mid and upper Devonian and quaternary which have developed 

soil substrate with base saturation of very low, medium, very high and high respectively (Table 2-1). The 

map was derived from the 13 sample plots located in the eight soil substrate (Table 2-1). The concept of 

soil substrate is used in Germany for classifying soil types by the Federal Research Centre for Forestry and 

Forest Products (Schlerf, 2006). The term “soil substrate” describes “the combined grain-size distribution 

of the soil material, the type of bed rock and the stratification”(Schlerf, 2006).  

 
   Table 2-1 Soil substrates occurring at the study site from Schlerf, (2006) 

Abbreviation Sample plots 

(Number) 

Soil substrate Underlying geology Base 

saturation 

VLdu GS 16, GS 17, GS 18 Loam formed from 

quartzite, sandstone and 

shale 

Lower Devonian Medium 

wDLT Wet loam cover above 

clay loam 

Lower Devonian Medium 

KVLdm GS 9 Loam formed from 

limestone and dolomite 

Mid and upper 

Devonian 

Very high 

Ssm GS 19, GS 21,  

GS 24, GS 25,  

GS 10b 

Sands  Mid -Buntsandstein Very low 

DLsm Loam cover above 

sandstone 

Mid -Buntsandstein Very low 

BVL GS 2, GS 3, GS 4, 

GS 8 

Loam formed from 

basalt 

Quaternary   high 

Kol+ Colluvium Quaternary high 

DLB Loam cover above basalt Quaternary high 

 

This forest is not intensively managed and the soil nutrients are stable (Personal communication with 

forest authorities during field visit). The derived foliar biochemical map was analysed in relation to the 

underground soil properties (from geology classes). The non-availability of the spatial information 

regarding the soil substrate was found to be a limitation. The geology classes or units were assumed 

representative of the soil substrate types. For example, a mid-buntsandstein geology unit represents the 

soil substrate (sands) which has the very low base saturation (Table 2-1). Similarly, a quaternary geology 

unit represents the soil substrate which has the high base saturation (Table 2-1). Base saturation was 

assumed as an indicator of soil nutrient availability. The term soil base saturation means the amount of 

exchangeable cations (Ca, Mg, K, and Na) other than aluminum and hydrogen in soil expressed as 

percentage. A higher fraction of clay content and organic matter of soil results in higher soil base 

saturation. Base saturation is an indicator of soil nutrient availability (i.e. high base saturation has high 

fertility) which reflects in the foliar nutrient status of vegetation (Sariyildiz & Anderson, 2005). The parent 
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materials or geology is strongly responsible for the development of soil (Clemens et al., 2010; Neff et al., 

2006). The mineralogy of parent soils is the important factor determines the functioning of forest 

ecosystems (Sariyildiz & Anderson, 2005). 

 

The analysis of spatial variation was performed using Analysis of Variance (ANOVA), post-hoc test and 

pair wise t-test. The ANOVA is a statistical test used to test hypothesis that whether the mean between 

groups are equal or not. The post-hoc test and pair wise t-test provides an additional information on 

which means differs significantly from each other. It is not possible to consider the whole derived map 

(pixels) to compare the mean of foliar biochemical concentration in each geology class based on t- 

statistic. The below is the reason follows Moore & McCabe, (2006):  

 

1) The sample size strongly influences the P-value of ANOVA test. The difference between the 

mean of two groups, which is insignificant at a specified confidence level in a small sample, can 

become significant in a larger sample.  

2) The t statistic to compare the mean of two groups is reasonably robust when the sample sizes are 

equal. 

 

Because of these reasons, there is a lot of uncertainty to consider all pixels in the derived map for 

ANOVA analysis. So, the samples were taken for ANOVA analysis. This infers how the mean of foliar 

biochemical concentration for Norway spruce (target population) differs significantly over the underlying 

soil substrate. Similarly, McNeil et al., (2008) applied random sampling design on the derived map of 

canopy nitrogen from Hyperion (hyperspectral data) for analysing the relationships between the canopy 

nitrogen and the soil carbon: nitrogen ratio.   

 

For the purpose of sampling, stratified random sampling design was applied on the derived map of foliar 

biochemical concentration. Each pixel was considered as sample unit. Each geology unit was considered 

as stratum. The derived map of foliar biochemical content was overlaid on the geology class shapefile in 

Arc GIS. Then, the number of pixels in each stratum (geology unit) was calculated in Arc GIS in order to 

determine the sample size based on the known population number. Table 2-2 shows the list of sample size 

for population (N) with allowable errors. 

 
                              Table 2-2 Choice of sample size for population (N) Source: Rea & Parker, (2005) 

 95% level of confidence 99% level of confidence 

N ±3% ±5% ±10% ±3% ±5% ±10% 

500 250 218 81 250 250 124 

1000 500 278 88 500 399 143 

1500 624 306 91 750 460 150 

2,000 696 323 92 959 498 154 

3,000 788 341 94 1,142 544 158 

5,000 880 357 95 1,347 586 161 

10,000 965 370 96 1,556 622 164 

20,000 1,014 377 96 1,687 642 165 

50,000 1,045 382 96 1,777 655 166 

100,000 1,058 383 96 1,809 659 166 
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The above table 2-2 was used as references to decide the number of samples for ANOVA analysis. The 

formula underlying in the above table is from Rea & Parker,(2005): 

 

 

 

Where n= number of samples to determined based on Z value and allowable error. Then this was 

corrected for finite population N. 

           N= number of population size  

              is the variance of the population (0.5 is used for sample size determination) 

           Z2
α/2 is the Z value at α=0.05 (two-tailed) (e.g. 1.96 for 95 % confidence level)  

           E2 is the maximum allowable error.  

 

Random points (equal to the number of samples determined) were generated in Arc GIS package at 1m 

apart from each point in each stratum. The generated random points were used to extract samples from 

the foliar biochemical concentration map for ANOVA analysis. The ANOVA, post-hoc test and pairwise 

t-test analysis was performed using SPSS package.  
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3. RESULTS AND DISCUSSION 

3.1. Descriptive statistics of biochemical concentration 

Table 3-1 Summary of the biochemical in situ measurements 

 Biochemical n Min Max Mean Median Std.Dev CV (%) 

Year1 Cab 39 1.71 4.82 2.75 2.67 0.66 24 

Cars 39 0.32 0.63 0.46 0.45 0.06 13 

 

Year3 Cab 39 2.13 5.89 3.60 3.45 0.88 24 

Cars 39 0.45 0.86 0.64 0.65 0.08 12 

 

Year1+Year3 Cab 78 1.71 5.89 3.17 3.02 0.88 27 

Cars 78 0.32 0.86 0.55 0.54 0.12 21 

 

Average of two 

age classes and 3 

trees per forest 

stand 

Cab 13 2.71 3.62 3.21 3.23 0.30 9 

 Cars 13 0.48 0.61 0.55 0.56 0.04 7 

 n = Sample size; Min = Minimum; Max = Maximum; Std.Dev = Standard Deviation; CV = Coefficient 
of variation; Cab = Chlorophyll a+b concentration [mg g-1 dry matter]; Cars = Carotenoids concentration 
[mg g-1 dry matter]; Total 78 samples = 13 stands x 3 trees x 2 age classes. 
 

In order to link canopy reflectance to biochemical measurements, the biochemical data (First year and 

third year needles) on the leaf level were averaged by the mean of both age classes to stand level(Table 3-

1). It was justified since concentration in both needle age classes was positively correlated. The correlation 

coefficient, r between Cab in Year1 and Year 3 was 0.70. Models were developed at the leaf scale from 

laboratory spectra, by pooling samples of both age classes to predict Cab and Cars age class independently. 

3.2. Extracted spectra 

The spectra was extracted from CR removed HyMap image of entire spectrum (435-2400nm) and also 

with CR removed selected absorption wavebands from 545–768 nm for analysis. So that, model was 

developed both with the full spectrum and the reduced spectrum of selected absorption (545-768nm) 

wavebands. This spectral transformation was not applied with the laboratory spectra. It was justified from 

previous study results that spectral transformations didn’t have much pronounced positive effect in 

prediction with laboratory spectra for statistical modelling (Schlerf et al., 2010). Figure 3-1 shows extracted 

spectra from CR HyMap image which was used for regression analysis.  
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Figure 3-1 Continuum removed extracted spectra from HyMap image of Norway spruce plots; the name of the 13 
sample plots in legend  

X axis = wavelength (nm); y-axis = Continuum removed reflectance (0 to 1) 

3.3. Stepwise Multiple Linear Regression models 

3.3.1. Prediction results of SMLR from laboratory spectra 

The SMLR models were developed using the entire spectrum and reduced spectrum of 471-761 nm to 

predict chlorophyll a+b and carotenoids at the leaf scale. Refer to the Table 3-2 for the results. 

  
 Table 3-2 SMLR model from laboratory spectra (n=78) resampled to HyMap wavebands to predict chlorophyll a+b 
and carotenoids at leaf scale 

Units of RMSE for Cab and Cars [mg g-1 dry matter]; Cab is the chlorophyll a+b content, Cars is the 

carotenoids content. 

 

 

 

 

 

 

Biochemical Training Cross-validation    

 R2 RMSE R2CV RMSE 

-CV 

nRMSE 

-CV 

 

Input data (Total 

No. of predictors in 

brackets) 

AIC No. of 

wavebands 

selected 

Cab 0.75 0.31 0.72 0.33 10.41% 472-761nm(20) -31.56 3 

0.80 0.28 0.61 0.40 12.61% Full spectrum (128) -25.04 3 

Cars 0.73 0.05 0.71 0.06 10.90% 472-761nm(20) -91.30 2 

0.75 0.05 0.72 0.06 10.90% Full spectrum (128) -91.30 2 
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Table 3-3 The interpretation of wavebands selected by SMLR model from laboratory spectra resampled to HyMap 
wavebands 

Biochemical Input data (nm) Selected wavebands in (nm) 

(interpretation in brackets related to known absorption 

features denoted as @) 

Cab 472-761 472(Cb@460),549(green peak),761(Red edge) 

Full spectrum 403(blue),549(green peak),1346(W@1400) 

Cars 472-761 472(Cb@460),549(green peak) 

Full spectrum 549(green peak),1401(W@1400) 

Cb is the chlorophyll b; W is water; Red edge (rapid change of vegetation reflectance in near infrared 

regions is the end of chlorophyll absorption); wavebands at 472nm was related (located in ±12 nm of an 

absorption feature of a biochemical Cb with which biochemical of interest was correlated); wavebands at 

1401 nm was located around absorption feature of water; waveband at 549nm in the green peak of 

reflectance. These interpretation from absorption feature used in Kokaly & Clark, (1999) study. 

 

With laboratory spectra, the best SMLR predictive model to predict the chlorophyll a+b concentrations 

was found with the input data of 472-761nm (lower AIC value and lower nRMSECV) (Table 3-2). There 

is no difference between the full spectrum and the reduced spectrum (471-761nm) SMLR models to 

predict carotenoids (same nRMSECV of 10.9% and same AIC value) (refer Table 3-2). The analysis of the 

selected wavebands by the full spectrum SMLR model revealed that the selected wavebands at 1400 nm 

related to water absorption bands (Table 3-3). The wavebands chosen by the reduced spectrum SMLR 

model to determine the leaf chlorophyll a+b and carotenoids concentrations were located in the spectral 

regions that are known to be important to detect these pigments (Table 3-3). However, they are not 

located in the main absorption wavelengths. The scatter plots show linear relationships between measured 

and estimated values of Cab and measured and estimated values of Cars from SMLR model (Figure 3-2). 

 

 
Figure 3-2 Measured against estimated leaf chlorophyll a+b (Cab) concentration and measured against estimated 
carotenoids (Cars) using laboratory spectra from training of SMLR model  using  472-761nm as input data 

The derived results of the model using SMLR was in agreement with comparable previous laboratory 

spectra studies. For example, Curran et al., (2001) estimated the chlorophyll  content in  pine needles for a 

pigment in the range of 0.19 to 2.05 mg g-1 with a R2 of 0.74 using SMLR. Yoder & Pettigrew-Crosby, 

(1995) estimated the chlorophyll content in maple leaves from reflectance spectra with a R2 of 0.72 using 

SMLR. Curran et al., (2001) estimated pine needles chlorophyll a, chlorophyll b and chlorophyll a+b with 
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a RMSE of 0.03, 0.03, and 0.011 mg g-1 respectively from reflectance spectrometry using SMLR. O'Neill et 

al., (2002) estimated the chlorophyll concentration for Sitka spruce with a R2 of 0.73 for calibration.         

3.3.2. Prediction results of SMLR from HyMap image spectra 

Table 3-4 show the results of SMLR model obtained from HyMap image spectra. 
 

Table 3-4 SMLR models from HyMap spectra (n=13) to predict chlorophyll a+b and carotenoids at canopy scale 

Units of RMSE for Cab and Cars [mg g-1 dry matter]; Cab is the chlorophyll a+b content; Cars is the 

carotenoids content 

 

At canopy scale, input data was limited to the 554-768nm (15 predictors) in order to avoid overfitting with 

the small number of samples (13). With canopy spectra, the best SMLR predictive model to predict 

chlorophyll concentrations were found with the input data of 554-768nm with a R2CV of 0.74 and 

accurate (nRMSECV of 4.6%), rather than the full spectrum (refer Table 3-4). The wavebands chosen by 

the full spectrum and the reduced spectrum (554-768nm) SMLR models to predict the leaf chlorophyll 

concentrations varies because of the different continuum removal values; however they are located very 

close together in the spectral regions. The scatter plots between measured and estimated values of Cars at 

the canopy scale show the cross validated points in the scatter diagram are away from 1:1 line indicates 

poor predictions (Figure 3-3). The predictive SMLR model to estimate total chlorophyll concentration 

with CR spectra was based on the wavebands at 692nm (major absorption wavelengths) and along the red 

edge (738nm).  

 

 
Figure 3-3 Measured against estimated leaf chlorophyll a+b (Cab) concentration and measured against estimated 
carotenoids (Cars) using HyMap image spectra from training of SMLR model 

 

Biochemical Training Cross-validation   

 R2 RMSE R2CV RMSECV nRMSECV Wavebands 

selected(nm) 

Input Data (Total No. 

of predictors in 

brackets) 

Cab 0.84 0.11 0.72 0.15 4.6% 738,692 554-768nm(15) 

0.69 0.15 0.60 0.18 5.6% 722,692 Full spectrum(126) 

Cars 0.37 0.03 0.20 0.04 7.2% - 554-768nm(15) 

No significant model Full spectrum(126) 
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The obtained SMLR model accuracy was in agreement with previous comparable airborne hyperspectral 

studies. For instance, Moorthy et al., (2008) mapped the chlorophyll a+b concentration for conifer needles 

using coupled leaf and canopy models with a RMSE of 5.3 µg cm-2 for a pigment in the range of 25.7 -45.9 

µg cm-2. Zarco-Tejada et al., (2004) mapped the chlorophyll content by using coupled leaf and canopy 

models for conifer needle with a RMSE of 8.1 µg cm-2 for a pigment in the range of 26.8-56.8 µg cm-2. 

Similarly, Darvishzadeh et al., (2008) mapped the canopy chlorophyll content by SMLR with a R2CV of 

0.72 and RMSECV of 0.33 g m-2 in grasslands using HyMap data. Mutanga & Skidmore, (2004) mapped 

the canopy nitrogen concentrations (comparable to chlorophyll) in grass using continuum removed 

HyMap spectra with a correlation coefficient (r) of 0.78 for calibration and RMSE of 0.05 for validation 

from SMLR. Huber et al., (2008) predicted canopy nitrogen (comparable to chlorophyll) in a mixed forest 

species using continuum removed spectra from HyMap with a RMSE of 0.411 of dry weight for validation 

using SMLR. 

3.4. Partial Least Squares Regression models 

3.4.1.     Prediction results of PLSR from laboratory spectra 

The PLSR model was developed using laboratory spectra resampled to HyMap wavebands and their 

results follows: 

 

Table 3-5 PLSR model from laboratory spectra (n=78) resampled to HyMap wavebands for the prediction of 
chlorophyll a+b and carotenoids at leaf scale 

Biochemical Training Cross validation Input data (Total 

No. of predictors 

in brackets) 

 

No.of 

PLS 

factors 

 

AIC 

R2 RMSE R2CV RMSE 

CV 

nRMSE 

CV 

Cab 0.78 0.30 0.76 0.31 9.8% 472-761nm (20) 4 -31.67 

0.85 0.25 0.78 0.30 9.6% Full Spectrum(128) 7 -26.78 

Cars 0.77 0.05 0.74 0.05 9.1% 472-761nm(20) 4 -93.48 

0.82 0.04 0.76 0.05 9.1% Full Spectrum(128) 7 -87.48 

 Units of RMSE for Cab and Cars [mg g-1 dry matter]; Cab is the chlorophyll a+b content, Cars is the 

carotenoids content. 

 
Table 3-6 The wavebands selected by the PLSR model from laboratory spectra resampled to HyMap waveband for 
the estimation of foliar biochemical 

Biochemical Input Data(nm) Wavebands(nm)  

Positive coefficient Negative coefficient 

Cab 472-761 472, 487, 503, 656, 671 533, 563, 731 

Full Spectrum 403, 447, 457, 487, 503 533, 702, 1346, 1802, 

Cars 472-761 685, 671, 472 533, 549, 563 

Full Spectrum 671, 965 533, 702, 1334 

 

The best PLSR model for the estimation of Cab and Cars were found with the input data of 472-761 nm 

based on the lower AIC value (Table 3-5). The important wavelengths to predict the chlorophyll a+b 

concentrations were located in the 470-480 nm (blue regions), 503-563nm (green peak) and 656-731nm 

(red edge) and for carotenoids prediction wavebands were located in the 472nm, 533-563nm and 670-680 

nm (Table 3-6). The analysis of the selected wavebands by the PLSR model revealed that the differences 
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in reflectance between healthy and stressed vegetation due to changes in pigment level can be detected in 

the green peak and along the red edge (Gitelson et al., 2005; Haboudane et al., 2002; Mutanga & 

Skidmore, 2007). This result confirms the previous studies report that the wavebands at 472nm (blue 

spectral region) is strongly responsible for the absorption of Cars pigment (Blackburn, 1998b; Penuelas et 

al., 1995). Figure 3-4 shows the scatter plots between measured and predicted values of Cab and measured 

and predicted values of Cars and the relationship is near linear.  

 
Figure 3-4 Measured against predicted leaf chlorophyll a+b (Cab) and measured against predicted carotenoids (Cars) 
using laboratory spectra from cross validation of PLSR model using 472-761nm as input data 

The derived results of PLSR model was in agreement with comparable previous laboratory spectra studies 

using similar model. For example, Xiaobo et al., (2010) predicted chlorophyll content a+b and carotenoids 

in cucumber leaves for a pigment in the range of 0.6 to 4.0 mg g-1 dry matter and 0.46 – 2.16 mg g-1 dry 

matter respectively, using spectrum from 430 to 770 nm, to predict Cab with a R2 of 0.80 (calibration) and 

RMSE (validation) is 0.5 with 7 PLS factors, to predict Cars with a of R2 of 0.86 (calibration) and RMSE 

(validation) of 0.2 with 8 PLS factors. Asner & Martin, (2008) estimated leaf carotenoids content in 

tropical forest species with a R2 of 0.89 for calibration and RMSE of 0.19 mg g-1 for a pigment range of 

0.36 to 2.68 mg g-1.  

 

3.4.2. Prediction results of PLSR from HyMap image spectra 

Table 3-7 shows the results of the PLSR model obtained from HyMap image spectra for the prediction of 

Cab and Cars. 
         

Table 3-7 PLSR model from HyMap (n=13) for the prediction of chlorophyll a+b and carotenoids at canopy scale 

 Training Cross-validation   

Biochemical R2 RMSE R2CV RMSECV 

 

nRMSECV No.of PLS 

factors 

Input data (nm) 

Cab 0.72 0.15 0.60 0.18 5.6% 2 554-768 

Cars 0.39 0.03 0.20 0.04 7.2% 2 554-768 

Cab No significant model Full spectrum 

Cars No significant model Full spectrum 

Units of RMSE for Cab and Cars [mg g-1 dry matter]; Cab is the chlorophyll a+b content, Cars is the 

carotenoids content. 
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The wavelengths selected by the PLSR model to predict the chlorophyll a+b concentrations were at the 

major absorption wavelengths (661-677 nm) and along the red edge (722-738nm), which is related to the 

spectral regions contributes for absorption. The result for the prediction of Cars was poor (Table 3-7). The 

PLSR model didn’t result in any significant model with the input data of full spectrum (Table 3-7). Figure 

3-5 shows the scatter plots between measured and predicted values of Cab and measured and predicted 

values of Cars at the canopy scale.  

 

 
Figure 3-5 Predicted against measured leaf chlorophyll a+b (Cab) and predicted against measured carotenoids (Cars) 
using HyMap image spectra from cross validation of PLSR model 

 

The derived result of the PLSR model to predict chlorophyll a+b concentrations confirm the findings of 

comparable airborne hyperspectral studies using similar model. For example, Darvishzadeh et al., (2008) 

estimated the canopy chlorophyll content in heterogeneous grassland ecosystem using first derivative 

reflectance spectra of HyMap data from PLSR model for a pigment in the range of 17.1 to 49.66 gm-2 with 

a R2CV and RMSECV of 0.66 and 0.37 respectively. Martin et al., (2008) estimated the canopy nitrogen 

(comparable with chlorophyll) in a mixed forest species from AVIRIS data using PLSR with a R2 of 0.69 – 

0.89 for validation in different sites. Goodenough et al., (2009) mapped the canopy chlorophyll b for 

Douglas fir species from AVIRIS data using PLSR with a R2 of 0.85 for calibration.  Huang et al., (2004) 

estimated the nitrogen concentrations in eucalyptus foliage from HyMap data using PLSR with a R2 0.75 

for calibration.  However, lower accuracy was obtained for predicting the canopy chlorophyll content in 

eucalyptus foliage using the reflectance indices of wavebands 850nm, 710nm and 680nm from Hyperion 

data with a correlation coefficient of 0.42 (Coops et al., 2003a).  
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3.5. Boosted Regression Tree models 

3.5.1. Prediction results of BRT from laboratory spectra 

Table 3-8 shows the results of BRT model prediction from laboratory spectra resampled to HyMap 

wavebands. 

 
Table 3-8 BRT model from laboratory spectra resampled to HyMap wavebands (n =78) for the prediction of Cab 
and Cars at leaf scale 

Bio-

chemical 

Training Cross-validation Input data 

(nm) 

No.of 

predicto

rs 

selected 

AIC Important 

wavebands 

selected(nm)  R2 RMSE R2 

CV 

RMSE 

CV 

nRMSE 

CV 

Cars 0.80 0.05 0.68 0.07 12.7% 472-761 20 -81.03 716, 549, 563 

Cab 0.78 0.30 0.54 0.47 14.9% 472-761 14 -65.04 716, 549, 563 

Cars 0.92 0.03 0.65 0.07 12.7% Full spectrum 112 107.27 716, 549, 563 

Cab 0.82 0.38 0.56 0.43 16.4% Full spectrum 103 123.84 716, 549, 563 

Cars 0.72 0.06 0.68 0.07 12.7% 716,549,563 - -84.08 716, 549, 563 

Cab 0.70 0.41 0.58 0.46 14.5% 716,549,563 - -20.49 716, 549, 563 

Units of RMSE for Cab and Cars [mg g-1 dry matter]; Cab is the chlorophyll a+b content, Cars is the 

carotenoids content. 

 

The most important wavebands to predict chlorophyll a+b and carotenoids concentrations were located 

in the green peak of the reflectance and in the narrow bands of red edge. But the unimportant predictors 

were also used by the BRT model. The wavebands at the 716, 549 and 563nm have more contribution 

above 10% for the prediction of Cab.  The rest of the wavebands have less than 10% contribution for the 

prediction of chlorophyll a+b (Figure 3-6 and Figure 3-7). This was found similar for the prediction of 

Cars also (not shown here). The model with the input data of full spectrum and the reduced spectrum of 

absorption features (471-761nm) showed the same wavebands as high contribution for prediction (Table 

3-8). This highlights that information for the prediction of Cars and Cab was available only in the 716, 549 

and 563nm spectral regions. For the simplification of BRT model, the most important predictors (716, 

549 and 563nm) were included in the model. It was found that the model performance was similar in 

validation with the input data of wavebands at 716, 549 and 563nm and 472-761nm. The models 

calibrated well but lack in the validation errors increased with the left out samples which resulted in 

nRMSECV higher than calibration. This problem can be solved by using more generalized larger samples 

for better prediction.   

 

Similarly, Jungho Im et al., (2009) estimated nitrogen using BRT for short duration woody crops (60 

samples) using the 63 reflectance variables of hyperspectral data from 400 to 980nm, with an accuracy of 

R2 (calibration) of 0.79 and cross validation RMSE of 0.48 and found that BRT model performs well in 

calibration but lacks in validation errors. 
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Figure 3-6 Fitted functions of wavebands by BRT model for the prediction of Cab (n=78) in R Package; the value in 
percentage indicates wavebands contribution to predict Cab 

  Y axis = residuals of predicted variable; X axis = spectral reflectance  



COMPARING HYPERSPECTRAL BASED PREDICTIVE MODELS FOR MAPPING SPATIAL VARIATION OF FOLIAR BIOCHEMISTRY IN NORWAY SPRUCE FOREST 

 

26 

 
Figure 3-7 Fitted functions of wavebands by BRT model for the prediction of Cab (n=78) in R Package; the value in 
percentage indicates wavebands contribution to predict Cab. 

          Y axis = residuals of predicted variable; X axis = spectral reflectance of bands. 

3.6. Models comparisons 

The selected models from laboratory spectra and airborne HyMap spectra were compared based on the 

cross-validated statistic, AIC value and the selected wavebands. In all the models (SMLR, PLSR and BRT), 

the reduced spectrum models (472-761nm) were found to predict chlorophyll a+b and carotenoids better 

than using the entire spectrum as input data at the leaf scale. 

3.6.1. Comparing the predictive ability of models at leaf scale  

Comparison of the selected wavebands by SMLR, PLSR and BRT models to predict chlorophyll a+b and 

carotenoids (Table 3-3, Table3-6 and Table 3-8) revealed that the PLSR model was alone based on the 

wavebands located in the major absorption wavelengths (650-670nm). These are the indicative for better 

performance of the PLSR model than SMLR and BRT models. When analysing the selected wavebands in 

all models, revealed that the BRT model (refer table 3-8) was consistent in highlighting the same 

wavebands to predict chlorophyll a+b and carotenoids concentrations with the full spectrum and also with 

the reduced spectrum (472-761nm) as input data.  This was found to be a limitation in the SMLR and 

PLSR models (refer Table 3-3 and Table 3-6). However, the BRT model failed to select the major 

absorption wavelengths (650-670nm). The wavebands chosen by the BRT model to determine the 

chlorophyll a+b concentrations were located in the narrow bands of the red edge (716nm) and wavebands 

along the edge of the green peak (549 and 563nm). This was also the case with this model for the 

prediction of carotenoids concentrations. The wavebands chosen by the SMLR and PLSR models to 

predict the chlorophyll a+b concentrations were in agreement with previous studies that the wavebands 

corresponding for the prediction of these pigments concentrations were available approximately in 530-

630 nm and narrower bands around 700nm in many leaves (Carter & Knapp, 2001; Curran et al., 2001; 

Gitelson et al., 2003; Imanishi et al., 2010; Yoder & Pettigrew-Crosby, 1995). The result reflects that the 
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visible and red edge spectral regions are very important for the prediction of these pigments (Gitelson et 

al., 2005). The result highlights physical principle that the blue spectral regions are strongly responsible for 

the absorption of chlorophyll a and chlorophyll b (Hansen & Schjoerring, 2003).  

                   

The analysis of the selected wavebands by SMLR and PLSR models to determine the carotenoids content  

highlights that they strongly absorb radiation in the 400nm–500nm spectral regions (Dash et al., 2008; 

Gitelson et al., 2002). All models selected the wavebands in the spectral regions (blue, green peak and red-

edge regions) which are reported by many researchers in literature to predict chlorophyll a+b and 

carotenoids concentrations. Table 3-9 and Table 3-10 show the cross validation performance of SMLR, 

PLSR and BRT models.  

 
Table 3-9 Predictive models of chlorophyll a+b concentration from laboratory spectra resampled to HyMap 
wavebands (n=78) using input data of 472-761nm 

  

 
Figure 3-8 Comparison plots of R2CV, RMSECV and nRMSECV for the prediction of chlorophyll a+b 
concentration from SMLR, PLSR  and BRT using laboratory spectra 

 
Table 3-10 Predictive models of carotenoids from laboratory spectra resampled to HyMap wavebands (n=78) using 
input data of 472-761nm 

                        

Figure 3-8 and Figure 3-9 show a graphical comparison of cross-validated statistics of SMLR, PLSR, and 

BRT models to predict the chlorophyll a+b and carotenoids concentrations respectively. With laboratory 

spectra, the PLSR model resulted in better predictive performance (most accurate) than SMLR and BRT 

0
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Model Cross-validation AIC Selected Wavebands (nm) No .of 

Predictors 

 R2CV RMSECV nRMSECV    

SMLR 0.72 0.33 10.4% -31.56 472, 549, 761 3 

PLSR 0.76 0.31 9.8% -31.67 472, 487, 503-563, 656, 671, 731 4(PLS Factors) 

BRT 0.58 0.46 14.5% -20.49 716,549,563 3 

Model Cross-validation AIC Selected Wavebands 

(nm) 

No .of predictors 

selected  R2CV RMSECV nRMSECV 

SMLR 0.71 0.06 10.9% -91.30 472, 549 2 

PLSR 0.74 0.05 9.1% -93.48 472,533-549,670-680 4(PLS Factors) 

BRT 0.68 0.07 12.7% -84.08 716,549,563 3 
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models which has higher R2CV, lower RMSECV and lower nRMSECV to predict Cab and Cars (Table 3-

9, Table 3-10). On the ground of AIC value, the PLSR was found to be best parsimony model to predict 

Cab and Cars which has very low value (Table 3-9 and Table 3-10). However, the differences between 

SMLR and PLSR were in terms of nRMSECV less than 1%. The simple SMLR model was found to 

predict chlorophyll a+b and carotenoids concentrations with reasonable accuracy at the leaf scale.  

 
Figure 3-9 Comparison plots of R2CV, RMSECV and nRMSECV for the prediction of carotenoids concentration 
from SMLR, PLSR and BRT using laboratory spectra 

However, the SMLR model can be criticised that the selected wavebands failed to correspond with the 

major absorption wavelengths (650-670nm) to predict the chlorophyll a+b concentrations. In contrasts, 

the PLSR model provided better results in prediction (most accurate than SMLR) with the selected 

wavebands located in the major absorption wavelengths (650-670nm). The better performance of the 

PLSR model than SMLR model at the leaf scale confirm the findings of several researchers (Atzberger et 

al., 2010; Coops et al., 2003b; Darvishzadeh et al., 2008; Nguyen & Lee, 2006; Smith et al., 2003). 

 

The BRT model was found to predict chlorophyll a+b and carotenoids in lower R2CV, higher RMSECV 

and high AIC value as compared with SMLR and PLSR models (refer Figure 3-8, Figure 3-9). The reason 

is that SMLR and PLSR models used only one data for validation (leave-one out cross validation), but the 

BRT model used the 50% random subsets of data for validation (n. fold cross validation). The model 

comparisons can be criticised based on the use of different cross validation procedure. The justification 

behind the use of different cross validation is that, the n. fold cross validation is an efficient procedure to 

assess the stability of BRT model (Friedman, 2002); and the leave one out cross validation is an efficient 

method which provides true unbiased generalization errors in linear models (Cawley & Talbot, 2003). 

Even the simple linear model (SMLR) predicts with the least error than BRT model. The reason is that the 

relationship between reflectance (recorded in the controlled environment) and pigments are linear. But, at 

the canopy scale multiple factors (i.e. orientation of leaves, % canopy ground coverage and soil/litter 

surface reflectance) influences the reflectance which allows nonlinearity (Barry et al., 2009; Blackburn, 

2007; Chen et al., 2007; Skidmore et al., 2010). The BRT model has the potential to model nonlinear 

relationships between reflectance variables and pigments. The flexibility of BRT modelling allows for 

overfitting which requires careful consideration to simplify the predictor variables by using most 

important predictors based on their contribution. The BRT model statistically differs from conventional 

linear models. The BRT model can be criticised on the ground that there is no P-value to determine the 

significance of predictors, model coefficients and degrees of freedom in the model. However, the BRT 

model was found to perform well in calibration equalled to PLSR and SMLR models, but it lacks only in 

the validation error due to the lack of larger generalized sample size. The predictive performance of BRT 

is stochastic (i.e., random or probabilistic) which requires the larger samples of generalized to make 

random subsets of data for training and validation (Im et al., 2009).  Due to the lack of larger and 
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generalized sample data, this research failed to reject null hypothesis that BRT does not estimate foliar 

biochemical concentration most accurate than PLSR and SMLR. Similarly, Im et al., (2009) compared the 

PLSR and BRT for the prediction of biophysical and biochemical concentrations for crops using 

hyperspectral bands and found that the PLSR model resulted in good performance, but the BRT with a 

larger sample size appears to be a robust model due to its flexibility modelling to sample data.  

3.6.2. Comparing the performance of models at canopy scale 

The sample size of 13 didn’t support to develop the BRT model. However, SMLR and PLSR models were 

developed to predict chlorophyll a+b and carotenoids concentration at canopy scale.  

 
Table 3-11 Predictive models of chlorophyll a+b at stand level from HyMap wavebands (n=13)  

Model Cross validation AIC No. of predictors selected Wavebands 

 R2CV RMSECV nRMSECV    

SMLR 0.72 0.15 4.7% -6.71 2 738, 692 

PLSR 0.60 0.18 5.6% -5.68 2 (PLS Factor) 707, 722, 738 , 661, 677 

 

The selected wavebands by SMLR and PLSR models explain that the wavebands at the major absorption 

features (650-670nm) are very sensitive to pigment concentrations at the canopy scale (Blackburn, 1998a; 

Sari et al., 2005). The result highlights that chlorophyll is a strong absorber of radiation and the 

chlorophyll absorption feature is not masked by leaf water (Schlerf et al., 2010). The model comparison of 

SMLR and PLSR at the canopy scale could not be statistically reliable due to the limited number of 

samples. However, the SMLR model resulted in higher R2CV, lower nRMSECV and lower AIC value as 

compared to PLSR model (Table 3-11).  
 

Table 3-12 Predictive models of carotenoids at stand level from HyMap wavebands (n=13)  

Model Cross validation 

 R2CV RMSECV nRMSECV 

SMLR 0.20 0.04 7.2% 

PLSR 0.20 0.04 7.2% 

 

The results of Cars (very low R2CV) at the canopy scale with SMLR and PLSR models were poor (Table 3-

12). The models were accurate (nRMSECV 7.2%) but not precise (R2CV 0.20). The predictions by an 

accurate but imprecise model are unrealistic (Tedeschi, 2006). The reason could be that the low 

concentrations of carotenoids in spruce needles with respect to chlorophyll a+b do not have significant 

contribution to absorption at canopy reflectance. Carotenoids are generally masked by chlorophyll in most 

of the leaves (Britton et al., 2008). The absorption features of chlorophyll a+b and carotenoids are highly 

overlapped each other (Blackburn, 2007). It is very difficult in separating and estimating these pigments in 

their overlapping absorption features. Foliar biochemicals contribution to the canopy reflectance are 

influenced by the reflectance of soil, illumination conditions and other canopy biophysical attributes 

(Asner, 1998). Because of these factors, the low content of Cars pigment contribution to the canopy 

reflectance is very minimal. This is not applicable to laboratory spectra, since the reflectance is recorded in 

the controlled environment. The estimation of chlorophyll and carotenoids concentrations separately 

works very well at the leaf scale using empirical methods but fails at the canopy scale or stand levels due to 

multiple scattering in intact leaves (Ustin et al., 2009). This justifies that why carotenoids concentrations 

were estimated only at the leaf scale from laboratory spectra but not in the canopy scale.  
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3.7. Assessing the reliability of predictive model parameters at canopy scale  

                         
Table 3-13  The Summary statistics of regression coefficients 

 Unstandardized 

coefficients 

Standardized 

coefficeints 

Std.error t-value P-value  95% confidence  

Interval 

Intercept 33.369         - 4.118    8.102 0.001 24.19, 42.54 

Waveband 

692nm 

8.258   0.865 1.858    4.445 0.001 4.11, 12.39 

Waveband 

738 

-34.822  -1.406 4.821 -7.223 0.001 -45.56, -24.08 

The standard error of the model coefficients is the standard deviation of the coefficient. This indicates the 

measure of the precision with regression coefficient. It is a measure of the typical deviation of a sample 

estimate of the coefficient from the true parameter value. (Dougherty, 2007). The units of the standard 

error are the units of corresponding variable. The standard error of the model coefficients from very small 

sample size may not be reliable (Fox, 1997). The reliability of the regression coefficients was assessed 

using bootstrapping. Refer Table 3-14 for the results of bootstrap analysis. 

 

The predictive equation: 

Cab = -34.822*(CR waveband at 738nm) +8.258*(CR waveband at 692nm) + 33.369.............. Equation (1) 

 
Table 3-14 The Summary statistics of the regression coefficients for bootstrap sample 

Variables Original 

coefficients 

of sample 

Average 

coefficients 

of bootstrap 

sample 

Standard 

error 

(original 

sample) 

Bootstrap 

standard 

error 

Bias 95% confidence 

intervals 

Intercept 33.369 33.364 4.118 3.631 -0.005 26.26, 40.49 

Band 692 8.258 8.241 1.858 1.641 -0.016 5.057, 11.493 

Band 738 -34.822 -34.831 4.821 4.222 0.009 -43.17,-26.50 

Bias = the differences between original coefficients of the sample and average coefficients of 

bootstrapped samples. This indicates the accuracy of an estimator; bootstrap standard error is the standard 

deviation of the regression coefficient in its bootstrap distribution.  

 

The interpretation of bootstrap results were made from Suat & Dervis, (2007). The bootstrap distributions  

of the intercept, waveband 692nm and waveband 738nm coefficients were reasonably normal distributed 

but somewhat heavy-tailed (Figure 3-10, 3-11 below). The confidence intervals of the coefficients were 

computed based on the bootstrap standard error at 95% level. The differences between the 95% 

confidence intervals (CI) of the original sample and the bootstrap samples were of marginal. This indicates 

the precision of the coefficients. The coefficients of the original sample are biased if its bootstrap 

distribution is not centred at the true value of the parameter (Moore & McCabe, 2006). The parameters or 

estimators of the model (derived from sample) are consistent and efficient when they are very close to the 

mean of population (Clark & Hosking, 1986). The coefficients of the model from the original sample lie 

close to the mean of the bootstrap distribution (Figure 3-10, Figure 3-11). Here, comparing the bootstrap  

average coefficients with the corresponding coefficients of estimated from the original sample were similar 

and shows that there is a very little bias in bootstrap coefficients (Table 3-14). Thus, the regression 

parameters of the model are reliable. 
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Figure 3-11 Histograms and normal quantile plots for the bootstrap (2000 samples) (a) waveband 692 nm and (b) 
waveband 738 nm coefficients; the broken vertical line in each histogram shows the location of the regression 
coefficient for the model fit to the original sample. 

 

. 

Figure 3-10 Histogram and normal quantile plots for the bootstrap replications (2000 bootstrap samples) of the 
intercept term; the broken vertical line in histogram shows the location of the regression coefficient for the model 
fit to the original sample. 
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3.8. Interpretation of the predictive model  

The regression coefficient of the waveband at 738nm indicates a strong negative relationship with 

chlorophyll a+b concentration. The waveband at 738nm has a larger contribution towards the prediction 

of chlorophyll than the waveband at 692nm since they have higher magnitude of the standardized 

coefficient (refer Table 3-13) (Bring, 1994). The negative regression coefficient of the CR waveband at 

738nm (located in the red-edge region) agrees with the understanding that decreasing chlorophyll 

concentration in stressed vegetation leads to a shift of the red edge inflection point towards shorter 

wavelengths (Figure 3-12). The red-edge region means abrupt reflectance change in the 680-740nm, 

termed the red-edge position, caused by the combined effects of chlorophyll absorption and leaf scattering 

(Dawson & Curran, 1998). This result confirms previous study findings that the red edge position shifts 

according to changes in the chlorophyll content that can detect vegetation health status (Helmi Zullhaidi 

& Nasrulhapiza, 2009; Mutanga & Skidmore, 2007; Ruiliang et al., 2003). The positive regression 

coefficient of CR waveband at 692 nm, which is located closely to the major absorption feature (650-

670nm) of pigment, agrees with the general understanding that the chlorophyll concentration increase 

with more absorption. The wavebands selected by the model at the 738 nm and 692 nm reflects that the 

increase in chlorophyll concentration results in the broadening of the absorption feature centred around 

692 nm (red spectrum) due to strong absorption (Dawson & Curran, 1998; Zhang et al., 2007). This 

causes the red edge position to shift towards longer wavelengths. The low regression coefficient of the CR 

waveband at 692nm is highly sensitive to high chlorophyll concentrations, whereas the high regression 

coefficient of the CR waveband at 738nm is highly sensitive to low chlorophyll concentrations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.9. Map of foliar chlorophyll a+b concentration  

The predictive model derived using SMLR from HyMap was most accurate in prediction used to produce 

the map of leaf chlorophyll a+b (LCC) concentration. Norway spruce stands were digitized based on 

visual interpretation from HyMap. The predictive model developed using CR spectra and SMLR 

(Equation 1) was applied on the HyMap image to compute the map of leaf chlorophyll a+b concentration 

(LCC) for pixels representing spruce alone. The histograms of the LCC (not shown here) from the map 

revealed that the values are in a range from 2 to 6 mg/g dry matter. The map revealed some distinct spatial 

Figure 3-12 The spectral characteristics of healthy and stressed vegetation; Source : NOAA, (2011) 
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variation; there are some areas in red colour (very high Cab) and some areas were in blue (low Cab) (Figure 

3-13). The detailed interpretation of the spatial patterns of LCC in relation to the underground soil 

properties were made below (Section 3.10). 

 

 

                                

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.10. Investigation of spatial variation in foliar biochemicals  

The geology shapefile (represents soil substrates) obtained from the forest management was used to 

investigate the relationship between the LCC and the underlying soil substrate types. In figure 3-14, the 

LCC were very low (blue colour) over the buntsandstein geology class and very high (red colour) over the 

Figure 3-13 Map of leaf chlorophyll concentration a+b for Norway spruce at Gerolstein 
study site, West Germany 
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quaternary geology class. Analysis of Variance (ANOVA) was used to find whether the LCC varied on the 

different soil substrates.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.10.1. Sample size for ANOVA 

The numbers of pixels (map of LCC) in each geology unit were calculated in Arc GIS found to be more 

than 10000. For a population more than 10000, 96 numbers of samples were considered as representative 

at 95% level of confidence with ±10% allowable error (refer Table 2-2). The 96 number of samples were 

taken from each geology unit for ANOVA analysis. The total sample size was 96 X 4 (geology units) = 

384. The samples were extracted following method described in section 2.9. 

Figure 3-14 Spatial location of Norway spruce stands over underground geology at Gerolstein 
test site, West Germany 
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3.10.2. ANOVA results                                                                 

                                         
Table 3-15 Summary of the mean differences and ANOVA results of chlorophyll concentration a+b in different 
geology units 

  

The P-value (0.004271) of ANOVA analysis indicates that the differences between the mean of LCC in 

the different soil substrates (represented by geology class) was significant at 95% confidence level (Table 

3-15). Refer table 3-16 and 3-17 for differences between the mean of LCC in different geology class from 

post–hoc and pairwise t-test respectively.  

 

 
Table 3-16 Post- Hoc tests of multiple comparisons of leaf chlorophyll a+b concentration in different geology units 

(I) 

Geology 

(J) 

Geology 

Mean 

Difference 

(I-J) 

Significance 

(Bold indicates 

significant less 

than 0.05) 

 95% Confidence 

Interval 

Lower 

Bound 

Upper 

Bound 

Quaternary Mid-Buntsandstein 

 
0.346 .000 0.155 0.537 

Lower Devonian 0.133 .169 -0.057 0.324 

Mid and Upper 

Devonian 
0.111 .251 -0.079 0.301 

Mid-

Buntsandstein 

 

Quaternary -0.346 .000 -0.537 -0.155 

Lower Devonian -0.212 .029 -0.403 -0.022 

Mid and Upper 

Devonian 
-0.235 .016 -0.425 -0.044 

Lower Devonian Quaternary -0.133 .169 -0.324 0.057 

Mid-Buntsandstein 0.212 .029 0.022 0.403 

Mid and Upper 

Devonian 
-0.022 .819 -0.212 0.168 

Mid and Upper 

Devonian 

Quaternary -0.111 .251 -0.301 0.079 

Mid-Buntsandstein 0.235 .016 0.044 0.425 

Lower Devonian 0.022 .819 -0.168 0.212 

 

 

 

       Groups 

 

Count 

 

Sum 

 

Average 

 

Variance 

  Quaternary 

 

96 

 

357.357 

 

3.722469 

 

0.573571 

  Mid-Buntsandstein 

 

96 

 

324.0942 

 

3.375981 

 

0.396279 

  Lower Devonian 

 

96 

 

344.5398 

 

3.588957 

 

0.416558 

  Mid and Upper Devonian 

 

96 

 

346.6643 

 

3.611087 

 

0.416155 

  
        Source of Variation SS  df  MS  F P-value  

Between Groups 6.033779  3  2.01126  4.463113 0.004271  

Within Groups 171.2434  380  0.450641     

          

Total 177.2772  383       
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 Table 3-17 Pair wise T-test of mean differences between chlorophyll a+b concentration in different geology units 

 Paired Differences 

t df Significance(2-

tailed)(P-value) 

(Bold indicates 

significant less than 

0.05) 

Pair.1 Quaternary – Lower Devonian 1.246 95 0.216 

Pair.2 Quaternary – Mid and Upper Devonian 1.142 95 0.256 

Pair.3 Quaternary – Mid-Buntsandstein 3.424 95 0.001 

Pair.4 Lower Devonian- Mid and Upper Devonian -0.236 95 0.814 

Pair.5 Lower Devonian- Mid-Buntsandstein 2.526 95 0.013 

Pair.6 Mid and Upper Devonian –Mid-Buntsandstein 2.562 95 0.012 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-15 shows the plot of mean LCC in different geology class.  The mean of the LCC over the mid-

buntsandstein (represents low soil fertility substrate) was significantly lower than the other soil substrate 

units at 95% confidence level (Table 3-16 and Table 3-17). But, the mean of LCC in the soil substrates 

represented by the lower Devonian, quaternary and mid-upper Devonian geology classes were not 

significantly different from each other. The variation of soil nutrient availability and soil base saturation in 

the lower Devonian, quaternary and mid-upper Devonian geology units were not reflected in the variation 

of canopy nutrient concentrations. The reason could be that there exist feedback mechanism between the 

biochemical constituents of leaves with the soil properties (Sariyildiz & Anderson, 2005). The soil 

substrates developed from the lower Devonian, quaternary and mid-upper Devonian geology units have 

the base saturation ranging from high to medium; they have some fractions of clay content which can 

decompose litter and improve their soil properties, which feedback to tree productivity through nutrient 

Figure 3-15 The mean plots of chlorophyll a+b concentration in different geology class 
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availability. This feedback mechanism allows trees to lower their dependence on the soil nutrients (Covelo 

et al., 2008). However, the soils developed from mid-buntsandstein geology are of only sands with the 

very low base saturation (no clay content), that cannot decompose litter to improve their soil properties. 

Moreover, trees on soils of low fertility generally produce leaf litters that decompose at slower rates 

(Hattenschwiler, 2005). Previous studies in forestry have shown that the same tree species growing on 

different soil types develop the underlying forest floor characteristics that vary in humus and nutrients 

(Cote et al., 2002; Sariyildiz & Anderson, 2003). This result highlights that only very poor soil nutrient 

availability conditions result in the depressed foliar biochemical concentrations. This understanding 

provides a useful guide for the forest management to map and monitor the stands which suffer due to 

nutrient deficiency by possible fertilization. This result agrees with the expectation of this research that the 

foliar nutrients of spruce result in spatial variation due to the large variation in the underground soil base 

saturation. 

 

These results were in agreement with similar type of studies in forestry. For example, Sariyildiz & 

Anderson, (2005) found that the hemicellulose and lignin composition in the leaves of beech, oak and 

chestnut significantly vary on the different soil types. Wang & Klinka, (1997) demonstrated that the foliar 

concentrations of magnesium, potassium, phosphorous and nitrogen were positively correlated with the 

soil nutrient concentrations in white spruce (Picea glaunca).  The relationship between the soil nutrients and 

the foliar nitrogen and phosphorous concentrations in young densely planted mini plots of Pinus radiate 

and Cupressus lusitanica were significant (Davis et al., 2007). The relationship between the foliar canopy 

nitrogen concentrations and the underlying soil nitrogen cycling was significant in Northeastern US  forest 

(Pardo et al., 2007). These studies were carried on the small sites in forest.  

 

To best of our knowledge, literatures understanding the relation from remote estimation of foliar nutrient 

concentrations with the underlying geology on larger area of forest landscape are very limited. There are 

few comparable studies in literature which analyzed the spatial variation of biochemicals estimated from 

remote sensing.  For example, Ollinger et al., (2002) examined the relationship between the spatial 

patterns of species level foliar nitrogen concentrations and the soil nitrogen availability and soil carbon: 

nitrogen ratios, and found that they all vary as function of stand age and disturbance history in white 

mountains of New Hampshire in North American landscape. Canopy foliar nitrogen was used as an 

indicator of ecosystem response to elevated atmospheric nitrogen deposition in Adirondack park, New 

York (McNeil et al., 2007). Empirical imaging spectroscopy approaches reflected the spatial variation of 

canopy chlorophyll concentrations along an elevation gradient in two coniferous species (Richardson & 

Berlyn, 2002), at leaf scale chlorophyll concentrations responses to changes in soil nutrient availability in 

temperate deciduous trees (Baltzer & Thomas, 2005), and canopy water and nitrogen maps provided 

insights on relationship between canopy chemistry variation with biological invasion in Hawaiian montane 

forest landscape (Asner & Vitousek, 2005). 

3.11. Exploring the relationships of light availability with the leaf chlorophyll concentrations  

Further the analysis was extended beyond the objective of this research, to investigate the variation in 

foliar biochemical concentrations of Norway spruce which is unexplained by geology classes. Along with 

soil nutrient availability, light availability also an another important factor which determines the pigment 

concentrations in forest landscape (Lee et al., 2000). The solar radiation strongly penetrates in canopies 

under steep angles; leaves in sun have higher chlorophyll concentrations (Andrew et al., 2002). Solar 

radiation is strongly influenced by terrain parameters such as slope, aspect and elevation (Kumar & 

Skidmore, 2000). Solar radiation was calculated for four weeks before acquisition date of sensor in the 

interval of 3 days using model developed within Geographical information system package (Arc GIS 10); 

the input to the model is a Digital Elevation Model (DEM). This model derives the incoming solar 

radiation for every pixel in a floating point type from DEM raster surface and has the units of watt hours 
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per square meter (WH/m2). For more description about this model, readers can refer to this page (ESRI, 

2011). Here, DEM of 1meter spatial resolution was used to compute the incoming solar radiation. The 

histogram of the incoming solar radiation from the derived map reveal that they are ranging from 

77980.55 to 465660.40 WH/m2 (not shown here) (Figure 3-16).  The simple random sampling was applied 

on the overlay of derived solar radiation and leaf chlorophyll a+b concentrations map. For a large 

population size, 385 samples were considered representative at 95% confidence level with ±5% allowable 

error (Rea & Parker, 2005) (refer section 2.9 ). The samples were extracted from both solar radiation and 

leaf chlorophyll concentrations map in the same corresponding pixels (Figure 3-16) for correlation 

analysis.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-16 Map of leaf chlorophyll concentrations over incoming solar radiation 
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Similarly, the same random samples were used to investigate relationship between the leaf chlorophyll 

concentrations with elevation and slope (elevation and slope map not shown here). Refer Table 3-18 for 

the results of correlation between chlorophyll concentrations with solar radiation, elevation and slope. 

 
Table 3-18 Correlation coefficient (r) of leaf chlorophyll concentrations with solar radiation, elevation and slope 

Variables Solar radiation Elevation Slope 

Leaf chlorophyll a+b 

concentrations 

r=0.026 

(P value 0.60) 

r =-0.041 

(P value 0.427) 

r= 0.009 

(P value 0.86) 

 

The results indicate that light availability, elevation and slope do not have significant relationship with the 

leaf chlorophyll a+b concentrations in this landscape.  The reason is that Norway spruce (Picea abies L. 

Karst.) is a shade-tolerant species which can tolerate in the low light levels (Metslaid et al., 2005). This 

result confirms that low chlorophyll concentrations were found only due to low soil nutrient availability in 

this landscape. This result further strengthens the understanding of this forest ecosystem. Similarly, Baltzer 

& Thomas, (2005) examined the light and soil nutrient availability in temperate deciduous trees forest of 

Great Lakes–St. Lawrence region of eastern Canada and found that nutrient availability significantly 

influences the pigment concentrations rather than light availability. Elevation effects on foliar 

biochemistry were not significant for Douglas fir species in the Victoria watershed forest, Canada 

(Goodenough et al., 2010). 

3.12. Summary of research answers        

 Research question 1:  

What are spectral bands significantly predicted the chlorophyll a+b (Cab) and carotenoids (Cars) in SMLR, 

PLSR and BRT regression models from laboratory spectra and airborne hyperspectral spectra? 

 

Table 3-19 shows the wavebands significantly predicted the chlorophyll a+b and carotenoids in SMLR, 

PLSR and BRT models at the leaf scale. 

 

 SMLR 

The SMLR model selected wavebands in the blue regions (472nm), green peak (549nm) and red edge of 

the reflectance (761nm) for the prediction of Cab. In the case of Cars estimation, the wavebands in the 

blue regions (472nm) and green peak (549nm) were selected by SMLR at the leaf scale from laboratory 

spectra. At the canopy scale, the SMLR model selected the wavebands in the 692nm (close to major 

absorption wavelengths) and 738nm (red edge) from CR HyMap spectra for the prediction of Cab.  

 PLSR 

In the PLSR model, the wavebands in the blue regions (472nm), green peak (533-549nm), major 

absorption wavelengths (650-670nm) and red edge of the reflectance (731nm) significantly predicted the 

chlorophyll a+b at the leaf scale. The wavebands in blue regions (472nm), green peak (533-549nm) and 

the major absorption wavelengths (670-680 nm) significantly predicted the carotenoids at the leaf scale. At 

canopy scale, the wavebands in the 661-677nm and in the red edge of reflectance (738-761nm) from CR 

HyMap spectra contributed for the prediction of Cab.  

 BRT 

The BRT model selected the wavebands along the red edge (738nm), 549nm and 563nm (green peak of 

reflectance) for the estimation of Cab and Cars at the leaf scale from laboratory spectra. At canopy scale, 

the BRT model was not developed due to the limited number of samples. 
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 Comparisons in the selected wavebands at leaf and canopy scales 

In general, the wavebands in the green peak (549nm) and located along the red edge of the reflectance 

(738-761nm) were selected by all models to predict chlorophyll a+b and carotenoids (Table 3-19 below). 

The BRT model alone didn’t select the blue spectral regions for estimating chlorophyll a+b and 

carotenoids. Specifically, the PLSR model alone was based on the wavebands in the major absorption 

wavelengths (650-670nm). The PLSR model combined the information from the spectral regions (blue, 

both side of the green peak, major absorption wavelengths (red spectrum) and the red edge position) to 

predict chlorophyll a+b. The PLSR model was found to be more reliable based on the selected 

wavebands. Except the BRT model, SMLR and PLSR didn’t select the spectral bands in the red edge 

position to determine the carotenoids concentration.  

 
Table 3-19  The significant wavebands to predict chlorophyll a+b and carotenoids at leaf scale. 

Biochemical  SMLR PLSR BRT 

Chlorophyll a+b 472, 549, 761 nm 472, 487, 503-563, 656-671, 731nm  738, 549, 563 nm 

Carotenoids 472, 549 nm 472, 533-549, 670-680 nm 738, 549, 563 nm 

 

At the canopy scale, both SMLR and PLSR models were based on the wavebands in the major absorption 

features (670-690nm) and along the red edge of the reflectance. The results of carotenoids predictions at 

the canopy scale were poor. 

 

 Research question 2: 

Which regression method estimates foliar Cab and Cars most accurately from laboratory spectra and 

airborne hyperspectral spectra? 

 

The PLSR regression method was found to predict chlorophyll a+b and carotenoids most accurately (low 

AIC value) than SMLR and BRT at the leaf scale. However, all the models predicted chlorophyll a+b and 

carotenoids with an accuracy of more than 85% at the leaf scale. Even the simple linear model (SMLR) 

predicts with the least error than the complex model (BRT) at the leaf scale. This research failed to 

compare models performance at the canopy scale.  

 

This result failed to reject null hypothesis; H0: BRT does not estimate foliar chlorophyll a+b (Cab) and 

carotenoids (Cars) more accurately than PLSR and SMLR from laboratory spectra. 

 

 Research question 3: 

Are foliar chlorophyll a+b (Cab) and carotenoids (Cars) concentrations significantly different over the 

underlying soil substrate types? 

 

The leaf chlorophyll a+b concentrations (LCC) of Norway spruce were significantly different over the 

underlying soil substrate (represented by geological classes) at 95% confidence level in this forest 

landscape. The LCC in the soil substrate (low soil fertility) was significantly lower than from the other soil 

substrate units at 95% confidence level. This result rejected null hypothesis; H0: Foliar chlorophyll a+b 

(Cab) do not vary significantly over the underlying soil substrate types at the 95% confidence level. 

 

3.13.        Limitations of this study  

 The limitation in number of samples at the canopy scale. 

 Non availability of spatial information regarding soil substrate in the study site. 
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4. CONCLUSION 

The PLSR model generally predicts the foliar biochemicals content most accurate at the leaf scale than 

SMLR and BRT. But, the simple SMLR model also predicts the foliar biochemical content in reasonable 

accuracy and it is easy for interpretation. Linear modelling is reasonable in the prediction of foliar 

biochemical content at the leaf scale using hyperspectral remote sensing. However, the multiple 

controlling factors on reflectance at the canopy scale allow nonlinear relationships between pigments and 

reflectance. The estimation of pigments chlorophyll and carotenoids separately in the overlapping 

absorption features at the canopy scale is still challenge. The results of carotenoids prediction at the 

canopy scale are poor. Further studies may consider on estimating Cars: Cab ratio in forest canopies. The 

limitation of this research in the number of samples failed for comprehensive model evaluation at the 

canopy scale. This creates opportunities for further studies to compare linear models with BRT, neural 

network and support vector machines at the canopy scale.  

 

The SMLR model is used to derive the map of leaf chlorophyll a+b concentrations (LCC) in Norway 

spruce forest.  The derived map of LCC reflects distinct spatial patterns due to the variation in soil 

nutrient availability. Low soil nutrient availability results in the low foliar chlorophyll a+b concentrations. 

Therefore, information concerning spatial variations of pigments can be valuable indicator of soil nutrient 

availability. This highlights that an understanding of the spatial patterns of leaf chlorophyll concentrations 

in relation to the underlying soil nutrients is a valuable input for the forest management. This allows 

mapping and managing the low foliar chlorophyll forest stands by possible fertilization. Soil nutrient 

availability greatly influences the foliar biochemical concentration rather than light availability, slope and 

elevation. Further studies may focus on understanding the spatial variation on the other nutrients such as 

nitrogen and lignin in canopies. This research finding suggests further studies to develop the maps of 

foliar biochemical content as a tool for understanding forest ecosystem response to various environmental 

factors to discover ecological principles. This research result may be very interesting for further studies to 

unravel the spatial and temporal variation of foliar biochemicals across a wide range of ecosystem. This 

research can be added claim among few examples exist in literature reflects the application and increasing 

value of imaging spectroscopy for understanding the forest ecosystem. 
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