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Part I 

Review  of  hyperspectral remote sensing of  

foliar nutrients in forests 

 

 



1. Principles of biochemical variable retrie-    

val algorithms 

Fig.1 Forward (solid lines) and inverse (dashed lines) 

problems in remote sensing [Baret and Buis, 2008] 



Biochemical variables 

driven approach 

Radiometric data 

 driven approach 

Fig.2 The two main approaches used to estimate biochemical variables (BV) 

from remote sensing data. BV* is the estimated BV value; Δ indicates the 

cost function to be minimized over the biophysical variables (left) or over 

the radiometric data (right)[Baret and Buis, 2008]. 
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1. Principles of biochemical variable retrie-    

val algorithms 



2. Category of biochemical variable- 

driven (or statistical) approach   

 Linear models 

 Stepwise multiple linear regression (SMLR)  

 Principal components regression (PCR)  

 Partial least squares regression (PLSR)  

 Ridge regression (RR)  

 The least absolute shrinkage and selection operator (LASSO)  



2. Category of biochemical variable- 

driven (or statistical) approach   
 Non-linear models (Machine learning regression 

algorithm) 
 Decision tree (mainly including bagging decision trees, the 

Random Forests (RF))  

 Artificial neural networks (ANNs) (mainly including back-

propagation ANN (BPANN), recurrent ANN (RANN), and 

radial basis function NN (RBFNN))  

 Kernel methods (mainly including support vector machines 

(SVMs), kernel ridge machines (KRR), relevance vector 

machines (RVM), and Gaussian processes regression (GPR))  



3. Applications of statistical approach in 

estimation of biochemical variables 



3. Applications of statistical approach in 

estimation of biochemical variables 
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Hand held + Airborne + Spaceborne Hand held 

Foliar nitrogen estimation using 

hyperspectral remote sensing  



3. Applications of statistical approach in 

estimation of biochemical variables 

Hand held + Airborne + Spaceborne Hand held 

Foliar phosphorus estimation using 

hyperspectral remote sensing  
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4. Applications of statistical approach in 

estimating biochemical variables for 

rubber trees 

Scale Number of researches 
Elements 

Reference 
N P K Ca Mg Fe Mn Zn 

Greenhouse 1 (hand held) * Guo et al., 2016 

Farm 
1 (hand held) * Chen et al., 2017 

2 (hand held) * Tang et al. 2018 

Landscape 
1 (hand held) * Guo et al., 2018 

1 (hand held) * Guo et al., 2019 

Region   

Global                     

Researches of  estimating foliar nutrients of rubber 

trees using hyperspectral remote sensing 



4. Applications of statistical approach in 

estimating biochemical variables for 

rubber trees 

Foliar nitrogen Foliar phosphorus 

Foliar nitrogen and phosphorus estimation 

using hyperspectral reflectance  
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5. One limitation in estimating foliar 

nutrients of forests using hyperspectral 

remote sensing 

Limitation:  

The generalization ability of the inversion 

model developed from the hyperspectral data 

was not good at a broad spatial scale. 



Part II 

A case study on estimating leaf  phosphorus 

content of  rubber trees with hyperspectral 

reflectance using a locally modeling 

approach 

 

 



1. Basic ideas 

Environmental factors (e.g. Climate, 

parent materials, topography) 

Markedly affect foliar 

nutrients 

Being inherently 

heterogeneous over space 

Foliar nutrients are also 

heterogeneous over space 

Foliar nutrients determine leaf 

spectra to some extent 

Leaf spectra track variations in foliar 

nutrients over environmental space 

We assume that relationships between leaf spectral reflectance 

and foliar nutrients are also heterogeneous over space 

Goodchild, 2004 

Zhu et al., 2018 

Asner et al., 2014 

Asner and Martin, 

2010 

Asner et al., 2016 

Asner et al., 2017 

Asner and Marin, 2016 

Asner et al., 2015 

Curran, 1989 

Ollinger, 2010 



1. Basic ideas 

 Locally modeling approach  

 We hypothesized that the relationships between LPC of 

rubber trees and leaf reflectance were variable over 

the different parent materials, but relatively stable 

within the same parent material.  

 Models were built for each parent material, 

respectively.  

 Based on this assumption, a locally modeling approach 

was proposed to estimate leaf phosphorus content 

(LPC).  



2. Case study 

 Sampling design and site description 

Red circles  are within 

the basalt region. 

 

Yellow circles are within 

the metamorphic rocks 

region. 

 

Green circles are within 

the granite region. 

 

Blue circle is within the  

sandshale region. 



2. Case study 

 Sampling design and site description 

Geological units 

Num. of 

sampling sites Elevation range (m) MAP range (mm) MAT range (oC) 

Basalt 3 64-225 925-1773 23.9-24.1 

Granite 2 140-172 1307-1394 24.0-24.1 

Metamorphic 

rocks 2 89-142 1246-1398 24.1-24.4 

Sandshale 1 224-226 1565-1602 23.7-24.0 

Table 1 Site description 



2. Case study 

 Leaf collection  

 Rubber trees show evident seasonal variations in leaf 

nitrogen, phosphorus, and potassium . In order to 

widen the range of the nutrients, leaf samples of the 

rubber trees were acquired in a monthly basis from 

April through November in 2018. The CATAS-7-33-97 

variety is selected as the sampling species. 



2. Case study 

 Leaf collection  

 Within a sampling unit, five rubber trees were 

randomly selected to collect leaf sample. For each tree, 

two mature leaves without disease and inset attack 

were collected from their lower canopy. Thus, ten 

leaves were obtained within a sampling unit and mixed 

as one sample. 



2. Case study 

 Reflectance measurement  

 Reflectance measurement was conducted in a dark 

room. An ASD spectroradiometer, FieldSpec 3 

(Analytical Spectral Devices, Boulder, CO, USA) was 

used to measure reflectance of rubber tree leaves. 



2. Case study 

 Chemical analysis  

 Leaves of each sample were dried at 105oC for 30 min, 

and then at 70oC for 8 h, after which the dried leaves 

were ground and passed through a 1 mm screen. The 

dried and ground samples were digested by a mixture 

of concentrated sulfuric acid and thirty percent 

hydrogen peroxide. Finally, phosphorus content (%) 

was determined using the MO-Sb colorimetric method. 



2. Case study 

 Prediction accuracies of models   

 A commonly employed global model was used as the 

reference method.  

 Performances of established models were evaluated by 

means of coefficient of determination (r2), root mean 

square error (RMSE), and normalized RMSE (nRMSE).  



3. Results and discussion 

 Descriptive statistics of leaf phosphorus content of 

samples 

Geological units Num. of samples Range (%) Mean (%) SD (%) CV (%) 

Basalt 179 0.18-0.43 0.26 0.05 19.23 

Granite 90 0.19-0.32 0.24 0.03 12.50 

Metamorphic rocks 120 0.15-0.46 0.27 0.07 25.93 

Sandshale 42 0.22-0.46 0.33 0.05 15.15 

All 431 0.15-0.46 0.27 0.06 22.22 

Table 2 Descriptive statistics of leaf phosphorus content of samples 



3. Results and discussion 

 Comparisons of LPC for four parent materials  

a 

b 

b 

c 



3. Results and discussion 

 Leaf spectrum of four parent materials 



3. Results and discussion 

 Sensitive bands for each parent material 



3. Results and discussion 

 Performances of estimation models 

Geological units 

Train set   Test set 

Num. of 

samples 
r

2 RMSE nRMSE   
Num. of 

samples 
r

2 RMSE nRMSE 

Global model 288 0.637 0.035 12.977 143 0.588 0.037 14.079 

Basalt model 120 0.852 0.020 7.470 59 0.761 0.022 8.947 

Granite model 60 0.824 0.013 5.484 30 0.738 0.016 6.664 

Metamorphic 

rocks model 
80 0.864 0.025 9.306 40 0.754 0.035 12.834 

Sandshale model 28 0.856 0.021 6.257   14 0.730 0.028 8.252 

Table 3 Prediction accuracies of estimation models 



3. Results and discussion 
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4. Conclusions 

 Rubber tree leaf spectral variability existed among 

four parent materials.  
 Sensitive bands for estimating LPC of rubber trees 

were different for four parent materials. This 

demonstrated that relationships between spectrum 

and LPC were not stable over space at regional 

scale.   The locally modeling approach could significantly 

improve the prediction accuracy in estimating LPC 

of rubber trees compared with the commonly used 

global model.  
 More environmental variables should be taken in 

consideration in grouping leaf samples when using 

the locally modeling approach in the future.  
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