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Abstract 

Leaf biochemicals, such as nitrogen, are central to understanding net primary 
production, photosynthesis and other physiological processes. The variation of these 
biochemicals in mangroves is poorly understood, and remote sensing may provide a 
tool for large-scale canopy monitoring. This study has investigated the applicability 
of airborne hyperspectral remote sensing and advanced regression techniques in 
estimating the foliar biochemical content. The focus was on two study areas in 
Indonesia, located in the Berau delta and the Mahakam delta. Leaf samples were 
collected in these areas during fieldwork in September 2009, and September 2010. 
The measured foliar biochemical content was then matched with hyperspectral 
reflectance data of the sample plots to establish predictive models. 

Four different regression techniques, �-SVR, �-SVR, LS-SVR, and PLSR, were 
systematically compared. Their performance, as well as their weaknesses and 
strengths, were evaluated and discussed. In addition, several spectral transformation 
methods were compared in a similar manner. LS-SVR combined with continuum-
removed derivative reflectance (CRDR) yielded the highest prediction results for 
nitrogen for both the Berau dataset  (R²=0.67, RMSE=0.17, nRMSE=15%) , and the 
Mahakam dataset (R²=0.69, RMSE=0.12, nRMSE=11%). For optimal performance 
of the SVR-based methods, it was necessary to narrow down the number of spectral 
bands used in the models. The bands of highest relative importance were identified 
using the regression coefficients of the generated models. The identified wavelength 
bands could in most cases be linked to previously known absorption features related 
to nitrogen content.  

Predictive models were also established for the foliar content of phosphorus, 
potassium, calcium, magnesium, and sodium. The performance of these models were 
either poor, or strongly linked to species composition. While nitrogen can be 
estimated from its relationship with chlorophyll and proteins, variation in the content 
of the other biochemicals cannot be tied to optically active compounds in the leaves. 

Maps of nitrogen content of the study areas were then derived from the predictive 
models, and efforts were made to relate the variation in foliar nitrogen to natural and 
anthropogenic sources of nutrients, including shrimp ponds and the floodwater. 
Patterns suggest relationships with the nitrogen concentration in the floodwater and 
with the tidal amplitude. 
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“You will find something more in woods than in books. Trees and stones will teach 

you that which you can never learn from masters.” 
Bernard of Clairvaux (1090 - 1153) 

1.1. Background 
The content of nitrogen, phosphorus and other nutrients in vegetation foliage can be 
linked to important ecosystem processes, such as photosynthesis, net primary 
production, as well as plant health. The variation of these biochemicals in 
mangroves is poorly understood, and the ability to accurately monitor them would 
provide important insight into the functions and health status of these ecosystems. 
The field of hyperspectral remote sensing has developed rapidly in the last decades 
and can provide the necessary tools for large scale biochemical mapping. This study 
has explored the possibility to map mangrove foliage content of nitrogen (N), 
phosphorus (P), potassium (K), calcium (Ca), magnesium (Mg) and sodium (Na) in 
two study areas in East Kalimantan, Indonesia. The study areas, located in the 
Mahakam delta and the Berau delta, are very different in terms of anthropogenic 
disturbances. While the Berau delta is relatively pristine and undisturbed, the 
Mahakam delta has experienced widespread deforestation and fragmentation of its 
mangroves due to shrimp pond establishment. The status of the remaining 
mangroves is uncertain, but they may be influenced by excessive levels of 
sedimentation and nutrients caused by upstream deforestation and shrimp pond 
effluents (Sidik, 2009). 

1.1.1. Mangroves and nutrient dynamics 

Mangrove forests grow in intertidal coastal habitats in the tropics and subtropics. 
Globally, they are under pressure from the expansion of human activities. Forests are 
cut down to create new land for agriculture, aquaculture and urban settlements (Giri 
et al., 2008). Fuelled by scientific evidence supporting their importance, a 
turnaround in the view of mangroves has been brought about in the last decade. 
Mangroves act as nursing areas for young fish and other marine life, which are 
observed to later migrate to coral reefs and other offshore ecosystems (Nagelkerken 
et al., 2008). They are also known to capture pollutants, and to prevent coastal 
erosion by consolidating sediments (Alongi, 2008). These functions support adjacent 
coastal and offshore environments, as well as the people dependant on these 
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growth, for instance in the form of species composition (Ukpong, 2000). In general, 
mangroves are highly sensitive to varying nutrient levels and the effect on plants can 
be significant. Common physiological changes include raised growth rates with 
more allocation of biomass in foliage relative to roots (Yates et al., 2002), increased 
hydraulic conductivity, higher rates of photosynthesis, and lower efficiency in 
nutrient resorption (Lovelock et al., 2004). Higher nutrient availability also leads to 
higher foliar concentrations of these biochemicals (Alongi, 2011; Feller et al., 2003; 
Oxmann et al., 2010), enabling the nutritional status to be detected from the leaves. 

Most previous studies on the spatial variability of nutrients have been conducted on 
Caribbean/South American or Australian mangroves (Boto & Robertson, 1990; 
Feller et al., 2003; Lovelock et al., 2007). Indonesian mangroves have received less 
attention, despite the fact that Indonesia accounts for almost 23% of global 
mangrove area (Giri et al., 2011), and has the highest biodiversity rates worldwide 
(FAO, 2007). American studies indicate that the nutrient status can vary 
dramatically, both within and between communities (Feller et al., 2003), but the 
underlying processes are still not fully understood (Dittmar & Lara, 2001). 
Commonly, mangroves grow in nutrient poor soils, and many species are well 
adapted to these conditions. General traits include nutrient-conserving strategies, 
efficient nutrient cycling, and a high level of plasticity which enables them to 
withstand poor nutrient conditions while still being able to take advantage of nutrient 
rich conditions and increase productivity accordingly (Reef et al., 2010). The 
efficiency with which mangroves can take up and use a specific nutrient can be 
linked to redox potential, pH, the availability of other limiting nutrients, and the 
level of salinity (Oxmann et al., 2010; Yates et al., 2002). High salinity can inhibit 
the uptake of nitrogen and potassium, leading to lower growth rates (Kao et al., 
2001; Naidoo, 1987).   

The availability of nutrients can be linked to various biotic and abiotic factors, 
including the microbial activity in the soil, litter production and decomposition, and 
the degree of tidal inundation (Reef et al., 2010). Mangroves exchange nutrients 
with the floodwater, and the degree of nutrient exchange can be linked to the 
concentration of nutrients in the floodwater and the tidal amplitude (Adame & 
Lovelock, 2011; Childers et al., 2002). In cases of higher nutrient concentrations in 
the floodwater, mangroves take up dissolved inorganic nutrients from the water, and 
export them in organic form as litter. 

In many areas, anthropogenic sources of nutrients play a major role. Shrimp pond 
effluents is one such source, which has been shown to cause elevated nitrogen levels 
in surrounding mangroves (Costanzo et al., 2004). The contaminating effect of 
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shrimp ponds depends on if they are managed extensively or intensively. In 
extensive aquaculture, no extra nutrients are added and the effluent may have lower 
nutrient concentrations than the water flowing into the ponds. In contrast, intensive 
aquaculture is based on adding nutrients to feed the shrimps, and large amounts of 
these nutrients can leak to the surrounding environment (Martin, 2011). Although 
eutrophication may be harmful to mangroves under specific conditions in 
fertilisation experiments (Lovelock et al., 2009), most evidence underline their 
capacity to withstand and take advantage of high nutrient levels. Indeed, their high 
productivity and ability to absorb pollutants make them suitable to use for removing 
nutrients and heavy metals from contaminated waters (Tam et al., 2009; Zhang et al., 
2010). There is, however, high interspecies variability in their ability to cope with 
anthropogenic disturbances. Signs of plant stress in mangrove ecosystems may even 
be masked by the transition from vulnerable to more resilient species (sensu 
Dahdouh-Guebas et al., 2005).    

1.1.2. Remote sensing of leaf biochemistry 

The reflectance spectra from vegetation carry information on its biochemical 
constituents. Leaf pigments such as chlorophyll are active in the wavelength region 
of highest solar input between 0.4 and 0.70 μm, while non-pigment constituents such 
as proteins, lignin, cellulose and water can be detected in the infrared region from 
0.7 to 2.5 μm (Kokaly et al., 2009). Detection of these constituents is rendered 
possible through scattering and absorption effects caused by vibrations in the 
chemical bonds within the compounds. Absorption features of biochemicals in the 
near and short-wave infrared are the result of overtones and harmonics of stronger 
principal absorption features in longer wavelengths (Curran, 1989). The works of 
Curran (1989) and Kokaly & Clark (1999) demonstrated the possibility to estimate 
the biochemical content in dried leaves using spectroscopy and stepwise regression. 
Many studies have applied similar techniques on fresh leaves (Curran et al., 1992), 
and on forest canopies using airborne or satellite-borne reflectance data (Martin et 
al., 2008). The ultimate, most cost-efficient and consistent way would be to monitor 
foliar biochemicals using space-based sensors. However, each step brings obstacles 
that lower the accuracy of estimates. When extending analysis from dried to fresh 
leaves, the leaf water constitutes the main barrier by obscuring absorption features of 
other biochemicals (N. M. Knox et al., 2010; Kokaly et al., 1999). When analysing 
whole canopies, the additional effect of vegetation structure, illumination effects, 
atmospheric scattering and absorption, the signal-to-noise ratio, and the reflectance 
from undergrowth, soil, roots and branches must be taken into consideration (Asner 
& Martin, 2008; Majeke et al., 2008).  
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Table 1: Examples of studies on remote sensing of forest biochemicals. 

Chem. R² nRMSE Scale Vegetation Reference 
N 0.94 0.24% Leaf (dried) Slash pine (Curran et al., 2001) 

N 0.86 - Leaf (fresh) Woody plants (Ferwerda & Skidmore, 
2007) 

N 0.53 21% Canopy Temperate 
forest 

(Huber et al., 2008) 

N 0.57 5% Canopy Norway spruce (Schlerf et al., 2010) 

N 0.65 26% Canopy Tropical forest (Asner et al., 2008) 

N 0.83 13% Canopy Range of forest 
ecosystems 

(Martin et al., 2008) 

P 0.74 7% Leaf (dried) Slash pine (Curran et al., 2001) 

P 0.51 - Leaf (fresh) Woody plants (Ferwerda et al., 2007) 

P 0.36 42% Canopy Tropical forest (Asner et al., 2008) 

K 0.68 - Leaf (fresh) Woody plants (Ferwerda et al., 2007) 

Ca 0.62 - Leaf (fresh) Woody plants (Ferwerda et al., 2007) 

Mg 0.49 - Leaf (fresh) Woody plants (Ferwerda et al., 2007) 

Na 0.60 - Leaf (fresh) Woody plants (Ferwerda et al., 2007) 
 

 
Few studies have attempted to estimate P, K, Mg, Ca and Na, and high prediction 
performance for these biochemicals at the canopy level is yet to be achieved. They 
are optically inactive, and their content is difficult to trace in the canopy spectra. 
Nitrogen, on the other hand, has been in focus for many remote sensing efforts, and 
can be estimated through its relationship with chlorophyll and proteins (Kokaly et 
al., 2009; Wright et al., 2004). The relationship between nitrogen and chlorophyll is 
most pronounced in N limited environments and can be much weaker in ecosystems 
not limited by the availability of N (Kokaly et al., 2009). Usually, studies take place 
in less complex ecosystems with a small number of tree species. Experiences from 
mixed forests show that the composition of species together with leaf area index 
(LAI) are the predominant drivers of variation in reflectance (Asner, 2008). For 
vegetation covers of less than 70-80%, gap fraction is the most influential factor on 
the spectral signature (Asner, 2008; Baret et al., 1995), and a dense forest canopy 
therefore represents the ideal setting for estimation of leaf chemicals (Asner, 1998). 
Vegetation factors that influence reflectance include the leaf angle distribution, leaf 
thickness, and multiple scattering and shadow effects caused by the canopy structure 
(Barton & North, 2001; Kupiec & Curran, 1995). Varying LAI and covariance 
between the biochemical content and the vegetation structure of different species, 
therefore constitutes a major problem in foliar biochemical estimation and it is 
important to find ways to counteract these factors. 



 

6 

1.1.3. Modelling the nutrient content 

There are two major approaches to modelling the biochemical content in vegetation: 
physical and empirical modelling. Physicals models are based on calculating the 
interaction of electromagnetic radiation with vegetation, and the resulting canopy 
reflection model can simulate the spectral signal detected by the sensor using 
information on vegetation properties. For retrieval of vegetation properties from the 
spectral signal, the model is inverted. Although physical models are claimed to be 
relatively robust (Jacquemoud et al., 2009), and more portable than empirical models 
(Schlerf & Atzberger, 2006), they were not deemed suitable in this study. While 
existing physical models, such as the Soil-Leaf-Canopy model (Verhoef & Bach, 
2007), can be used to model chlorophyll content in forest canopies, they are not 
designed to retrieve the content of nitrogen or other nutrients. Nitrogen could then 
only be estimated from its relationship with chlorophyll, which may or may not be 
strong. 

In contrast, the empirical approach can be used to model any foliar biochemical 
since it uses statistical regression to establish a relationship between the chemical 
content and the reflectance signal. Some regression methods, such as partial least 
squares regression (PLSR), can be applied on the full reflectance spectra, and thus 
make use of all available information. This enables previously unknown 
relationships to be used, and then possibly identified during interpretation of the 
model. Later, found relationships may be physically explained and incorporated into 
physical models. While most studies on remote sensing of biochemicals rely on 
empirical models (Huang et al., 2004; Martin et al., 2008; Mutanga et al., 2004; 
Schlerf et al., 2010), they have some known disadvantages. The established models 
are generally site and time specific and cannot readily be applied on other kinds of 
vegetation or under different conditions (Grossman et al., 1996). For instance, in an 
attempt to map nitrogen on sites covering a wide range of ecosystems, Martin et al. 
(2008) found that the accuracy of estimations dropped more or less sharply as sites 
were eliminated from the calibration set and predicted using data from the other 
sites. 

PLSR has been used extensively in biochemical modelling (Asner, 2008; Atzberger 
et al., 2010; Darvishzadeh et al., 2008) and is particularly suited to handle cases with 
noisy and collinear variables, or when the number of independent variables exceeds 
the number of observations (Wold et al., 2001). One comparatively new regression 
approach that has shown great promise in many applications is support vector 
regression (SVR). It has, for instance, outperformed PLSR in applications for 
industrial chemometrics (Thissen, Pepers, et al., 2004), and for predicting protein 
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fractions in alfalfa using spectroscopy (Nie et al., 2008). Previous applications of 
SVR in the field of hyperspectral remote sensing are, however, few in number and 
this study has further explored its performance as well as its interpretability. 

1.2. Research problem 
Remote sensing has previously been employed to map the extent and species 
composition of mangroves, and to estimate their biomass and leaf area (Heumann, 
2011). To my knowledge, no previous study has estimated the biochemical content 
of mangroves from remote sensing imagery. Research is needed; both in terms of 
understanding the variation of foliar chemicals, and for finding which methods are 
most useful for analysing and mapping it. The problems addressed by this study are: 
 

� How to develop predictive models for retrieving the foliar biochemical 
content of mangroves. 

� To understand the spatial variation of foliar biochemicals in mangroves 
with respect to anthropogenic and natural sources of nutrients. 

1.3. Research objectives 
 

a) Analyse the possibility to retrieve mangrove foliar nutrient concentrations 
using airborne HyMap images. 

 
b) Explain the models in terms of significant bands and their relation to known 

biophysical reflection properties of leaves. 
 

c) Evaluate the applicability of support vector regression and partial least 
squares regression in modelling the biochemical content. 

 
d) Find ways to counteract the influence of varying LAI, and covariance with 

genera in the generated models and biochemical maps. 
 
e) Analyse the spatial variability of estimated biochemical levels. 

�
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1.4. Research questions 
 

a) To which degree can foliar N, P, K, Ca, Mg and Na concentrations be 
estimated using airborne HyMap images and regression techniques?  
 

b) Which regression technique shows the highest explained variability (R²) 
and lowest root-mean-squared error (RMSE)? 

 
c) Can the models be explained? That is, which bands are most important and 

can these bands be related to known biochemical absorption features? 
 

�
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2.1.1. Mahakam delta 

The Mahakam delta lies east of the provincial capital, Samarinda. The Mahakam 
River is the largest in Eastern Kalimantan, stretching 770 km, and bringing large 
amounts of sediments to the fan-shaped delta. Originally, the delta harboured one of 
the most extensive communities of Nypa fruticans in the world. However, most of 
these and other mangroves were cut down, mainly during the 1990’s and early 
2000’s. It is estimated that about 70% of the deltaic mangroves have disappeared, 
primarily as a consequence of shrimp pond establishment (Sidik, 2009). Shrimp 
ponds in the Mahakam delta has traditionally been extensively managed, but 
intensive farming has been promoted (Powell & Osbeck, 2010). At the time, it is not 
known to which degree they are intensively managed or to which degree they pollute 
the water of the delta. One sign of degraded water quality is a collapse in shrimp 
production (Martin, 2011), and production rates in the Mahakam delta have been in 
decline for a number of years (Powell et al., 2010; Sidik, 2009). This is probably a 
result of both increased pollution and the destruction of mangroves. At the present 
time, Indonesian authorities and local stakeholders are increasingly recognising the 
economic and environmental benefits of healthy mangrove communities, and some 
efforts have been put into replanting projects (Powell et al., 2010). 

The area where the study took place is situated in the north-eastern part of the delta 
(lat. 0°29�42�S - 0°35�45�S, long. 117°27�59�E - 117°35�3�E). Remaining 
mangroves are composed of Rhizophora spp., mono-specific Nypa fruticans stands, 
Avicennia spp., and some sparse Sonneratia spp. and Bruguiera spp. stands. 

2.1.2. Berau delta 

The much less disturbed Berau delta is situated 280 km to the north of the Mahakam 
study area. Off-shore from the delta lies the Derawan archipelago, a biodiversity 
hotspot for corals and reef fish. Although there are some shrimp pond developments 
in the delta, it is on a far smaller scale than in Mahakam. The study area (lat. 
1°57�2�N - 2°4�31�N, long. 117°44�45�E - 117°54�17�E) is mainly dominated by 
Rhizophora spp. with some Nypa fruticans and Bruguiera spp. communities. 
Avicennia spp. is common along coastal fringes with saltier water and high 
inundation levels. Some sparse Sonneratia spp. and Xylocarpus spp. stands are also 
present in the area.    
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2.2. Field data 
Fieldwork in Mahakam was conducted in September 2009, and in Berau during 
September-October 2010. The same sampling strategy was followed during the two 
campaigns. Samples were collected along transects perpendicular to the shoreline. 
The best available data on the area was used when planning transect locations. In 
2010 it was possible to use the hyperspectral images for this purpose. The aim was 
to capture the variation in mangrove forest types and growing conditions over the 
study areas, reflecting the variation in leaf biochemicals. More variation in the 
chemical content of the samples caters for more robust models. A maximum length 
of 400 meters from boat landings was estimated to be sufficient for capturing the 
foliar biochemical variation along transects. Each transect had 5-7 sample points, 
separated by a distance of approximately 50 meters. A shorter distance between 
sample points would have made the sampling process slower. Although transects 
were planned beforehand, local conditions and features not known beforehand did 
influence the sampling process. Planned transects sometimes changed due to the 
accessibility of the terrain, or the composition of species in the forest. The coming 
and going of the tide also create a time-window that restricts arriving and leaving 
certain locations by boat. The dense forest, often with mud and thick root systems 
underneath, further constrains accessibility and thereby the number of samples 
possible to collect in a day. Heterogeneous areas with mixed species were, as far as 
possible, avoided due to the risk of matching leaf samples with image pixels of the 
wrong species. Maps of the collected samples can be found in appendix 1. It is 
acknowledged that the time gap of one year between the recording of the images and 
the Berau field campaign may cause errors. It is, however, more important that the 
fieldwork, in both campaigns, was conducted during the same season as when the 
images were recorded. Previous studies (e.g. Lin et al., 2010) have shown that foliar 
nutrient content of mangroves can change seasonally. 

At each sample point, a representative tree of the dominating genera was selected 
and then climbed by a local guide. A couple of branches from the upper part of the 
canopy were cut down and 10 mature non-damaged leaves were collected from these 
branches. The biochemical content of mangrove leaves change with leaf age and 
especially during senescence. Usually, foliar nitrogen and phosphorus are resorbed 
during senescence in order to conserve these nutrients, while Na is accumulated in 
order to get rid of excess sodium through abscission (Medina et al., 2010; Zhou et 
al., 2010). More stable measurements should be obtained by only analysing mature 
non-senescent leaves. The leaves were stored in envelopes before being shipped to 
the laboratory for chemical analysis. At each sample plot, the position was registered 
using a GPS receiver with an estimated positional accuracy of 5-10 meters. 
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2.2.1. Chemical analysis of leaf samples 

After fieldwork, the collected leaf samples were delivered to the Mulawarman 
University in Samarinda, Indonesia, for analysis of the chemical content. Leaves 
were first dried to a constant weight at 70° C and ground using a Wiley mill. 
Nitrogen was measured using the Kjeldahl method. Phosphorus content was 
measured with a BioMate UV-Visible spectrophotometer. The concentrations of K, 
Ca, Mg and Na were determined with a BioMate atomic absorption spectrometer 
(AAS). The content of all biochemicals were measured as weight percent of dried 
matter (%dm). 

2.2.2. Sample statistics 

Altogether, 25 transects with a total of 138 points were sampled in the study areas. 
Unfortunately, some of these samples could not be used in the final analysis. Some 
of the samples in the 2009 campaign 
were covered by clouds or cloud 

shadows on the airborne images and had 

to be discarded. A combination of low 
positional accuracy and heterogeneous 
forest at some of the sample plots led to 
further discards, due to risk of pixel/plot 
misregistration. In total, 47 samples in 
Mahakam and 74 in Berau were used in 
the final prediction models. 

  Table 2: Sample summary. 

Genera Berau Mahakam 

Avicennia 5 3 

Bruguiera 19 1 

Nypa 8 16 

Rhizophora 38 21 

Sonneratia 0 6 

Xylocarpus 4 0 
total used 74 47 

 

2.3. Hyperspectral imaging 
Airborne hyperspectral images were taken with a HyMap sensor (Cocks et al., 
1998), which detects radiance in 126 spectral bands with coverage between 0.45 μm 
and 2.49 μm. The Mahakam images were recorded on 16 October 2009, and the 
Berau images on 18 October 2009. Due to unstable weather conditions at the time of 
recording, parts of the images were covered by clouds and cloud shadows.  

The images were processed by HyVista, Sydney, Australia. They were converted to 
top-of-canopy reflectance with the software Hycorr, using a model for atmospheric 
correction that is similar to MODTRAN. Empirical line calibration was used for 
reducing spikes around bands affected by water vapour. Geocoding was performed 
with a parametric procedure and assessment of the geocoding accuracy was based on 
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measurements of GCP’s in the field resulting in an average positional error of 6-9 
meters. The spatial resolution of the images is 3.1 meters. 

It was found that the reflectance spectra for the Berau images contain more noise 
than the Mahakam images, which may be attributed to hazier weather conditions at 
the Berau site. The noise pattern was in the form of horizontal stripes, coinciding 
with the flight lines of the aircraft. The Berau spectra also had a couple of artefacts, 
unexpected peaks, in bands at 0.956 μm and 1.12 μm. These and bands above 2.43 
μm, which contained high levels of noise, were excluded from the analysis.  

When extracting the reflectance values, the pixel spectra were visually checked in 
order to select pixels with pure vegetation characteristics. Pixels with lower leaf area 
and higher degree of mud, roots or water were avoided. Though the aim was to use 
the four pixels closest to the sampling position (Martin & Aber, 1997), a scarcity of 
pure canopy pixels lead to 2-3 pixels being selected in some cases. The spectra were 
subsequently averaged to produce the mean spectra for each sample location. 

It is well known that appropriate spectral transformation techniques can remove 
noise and enhance absorption features of biochemicals, thereby improving the 
accuracy of the regression models (Majeke et al., 2008). Apart from using the 
untransformed reflectance, four spectral transformation methods were applied and 
compared in the analysis: MNF-processing, continuum removal, Savitzky-Golay 
first derivative, and continuum-removed derivative reflectance (CRDR). Continuum-
removal, reflectance derivatives, and CRDR have all been used successfully in 
previous studies using hyperspectral remote sensing (Ferwerda et al., 2007; Huang et 
al., 2004; Mutanga et al., 2004). The untransformed and MNF-processed spectra 
were mainly included for comparative reasons.  

2.3.1. Minimum noise fraction (MNF) 

The minimum noise fraction (MNF) transform, as implemented in ENVI 4.7 (ITT 
Visual Information Solutions, 2009), was used to remove noise from the images 
(Green et al., 1988). First, a forward MNF transform was applied, in which data are 
orthogonalised into a new feature space, based on the estimated noise content. The 
first MNF transformed bands, with higher eigenvalues, are considered to contain the 
useful information, while later bands contain most of the noise. A selection of the 
first bands is then inverted back into the original feature space, producing noise-
reduced reflectance data. For the Mahakam image, the first 25 bands were used in 
the inversion process, while only 11 bands were used for Berau. By being more 
selective in the choice of bands for Berau, and specifically avoid bands with clear 
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striping, it was possible to suppress the flight line patterns that lowered the quality of 
those images. The Berau data was thereby changed to a greater degree in this 
process than the Mahakam data. 

2.3.2. Continuum removal 

Continuum removal (CR) is often applied in hyperspectral analysis in order to 
reduce background effects and enhance absorption features in the spectra (Kokaly et 
al., 1999). The continuum is a line fitted on top of the spectra, connecting local 
spectral maxima (figure 3). It is an estimation of general features of the spectra, 
apart from the biochemical absorption features of interest. The continuum is 
removed by dividing the original spectral values by the corresponding values of the 
continuum line. The processing was made in ENVI 4.7 (ITT Visual Information 
Solutions, 2009), and the MNF-processed spectra were used as input because 
continuum removal is sensitive to noise in the data. Usually, spectra are subdivided 
before applying continuum removal on specific absorption features, but the method 
has also shown great efficiency when applied on the full spectrum (Huang et al., 
2004). Here, the spectra were divided into two parts (0.45-1.45 μm, and 1.45-2.43 
μm), with the aim of better isolating biochemical absorption features in the latter 
part. 

Figure 3: Reflectance spectrum and its continuum line. The continuum was calculated 
separately for two parts of the spectra (0.45-1.45 μm, and 1.45-2.43 μm).   
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2.3.3. Savitzky-Golay first derivative 

First derivatives were calculated with the Savitzky-Golay smoothing method 
(Savitzky & Golay, 1964). Because derivatives are highly sensitive to noise in the 
data, the spectra were smoothed using a five-band moving window (Tsai & Philpot, 
1998). A third order polynomial was fitted to the spectral data in the window using a 
least-square fitting procedure, and the parameters of the polynomial were used to 
calculate derivatives. The first derivative shows the slope of the reflectance curve, 
and is often more strongly related to absorption features than the original spectrum. 
The method was applied on the untransformed reflectance spectra, as well as the 
continuum-removed bands to produce continuum-removed derivative reflectance 
(CRDR) (Mutanga et al., 2004). 
 

Figure 4: Examples of transformed mangrove reflectance spectra. For comparative reasons, 
each spectrum was normalised through division by its standard deviation. 

2.4. Regression analysis 
A characteristic of hyperspectral data is that wavelengths are often correlated, 
leading to problems with multicollinearity in regression analysis. Also, the number 
of bands used often exceeds the number of measurements, which can lead to 
overfitting on the calibration data (Wold et al., 2001). Traditional regression 
methods, such as stepwise multiple linear regression, are often unable to deal with 
these problems (Curran, 1989). Although these problems could be overcome by first 
singling out the spectral bands of interest, this study aimed to start by making use of 
the full spectra. While absorption features associated with nitrogen have been 
identified (Curran, 1989), less is known of which bands are important for identifying 
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the spectral footprint of other foliar nutrients such as phosphorus and magnesium. 
By initially using the full spectra and then analyse the regression coefficients, it is 
possible to find out which bands are most informative in each case. These bands are 
then used to generate the final model. 

This study utilised three variants of support vector regression (SVR) and partial least 
squares regression (PLSR). PLSR has been used frequently in remote sensing 
studies of vegetation, and has been shown to outperform the more conventional 
stepwise multiple linear regression (Atzberger et al., 2010; Darvishzadeh et al., 
2008). Here, PLSR serves as a proven reference to the comparatively more novel 
support vector approaches, both in terms of model performance and model 
interpretation. The other three methods are based on the support vector machine 
(SVM), developed by Vapnik and colleagues in the early 1990’s. SVM is a machine 
learning technique sprung from the field of statistical learning theory. Since its 
development it has been successfully used in many fields, including applications for 
time-series prediction (Cao & Tay, 2004), pattern recognition such as face detection 
(Osuna et al., 2002), and image classification (Chapelle et al., 2002). Initially, it was 
developed to solve classification problems but was later extended to also handle 
regression (Vapnik, 1995). Support vector regression (SVR) uses the principle of 
structural risk minimisation to simultaneously optimise performance and 
generalisation, and is often able to find non-linear and unique solutions (Thissen, 
Üstün, et al., 2004). There are a few different variants of SVR that utilises different 
optimisation algorithms, and the three most commonly used are perhaps �-SVR, �-
SVR and LS-SVR. This study has experimented with these three, in order to 
compare them and find the most appropriate in the present case. 

Validation of the results was carried out using standard leave-one-out 
crossvalidation (Efron & Gong, 1983). One model for each sample was created and 
the prediction for that sample was calculated using all other samples as calibration 
set. The process was then repeated for all combinations of spectral transformation 
and regression method for all foliar biochemicals. Model performance was 
quantified using precision, by means of the coefficient of determination (R²), and 
accuracy, in the form of cross-validated root-mean-squared error. Also the 
normalised root-mean-squared error (nRMSE or relative error) was calculated by 
dividing the RMSE with the mean of the sample set. 

Prior to the calibration phase, regression parameters were tuned. This is an important 
step in any empirical regression, and serves to find a suitable level of complexity for 
the model (Wold et al., 2001). An overly complex model leads to overfitting on the 
calibration data, and will be less efficient at predicting other samples. All regression 
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tools had built-in cross-validation functions that were employed in the process, and 
parameter settings were optimised through minimisation of RMSE. The tuning 
process is crucial for model performance, and cross-validation methods (both k-fold 
and leave-one-out) are considered reliable approaches (Chalimourda et al., 2004; 
Darvishzadeh et al., 2008; Hernández et al., 2009). The complete analysis was 
carried out in MATLAB v.R2010a (The MathWorks, 2010). 

2.4.1. Partial least squares regression 

Partial least squares regression (PLSR) combines concepts from multiple linear 
regression and principal component analysis. It uses component projection to reduce 
the full spectrum to a smaller number of non-correlated components (also called 
latent variables) that contain the most useful information (Rosipal and Krämer 
2006). To a large extent, noise and collinearity in the original spectra is eliminated in 
the condensed components. The aim was to predict foliar chemical content (Y) from 
the hyperspectral reflectance data (X). Both the X and Y variables are decomposed 
as a product of a set of orthogonal components and a set of loadings. As explained 
by Wold et al. (2001), the PLSR algorithm finds a smaller number of orthogonal 
variables, X-scores, which both model the original X, and are good predictors of Y. 
The X-scores (T) are linear combinations of the X-variables and the weights W: 

 � � �� � � ��� � 	 
 � ��� � 
 

(1) 

The original X-matrix is then decomposed into X-scores (T) and X-loadings (P), 
with minimisation of the residuals in E. The same X-scores can also predict Y 
through multiplication with the weights (C), where the y-residuals (F) denote the 
prediction error. The latent variables in the score matrix (T) are designed to explain 
as much as possible of the covariance between X and Y (Abdi, 2010). The above 
equations can be combined into:  

 
 � �� � �� � 
 � �� � 
 (2) 

where B contains the regression coefficients, which determine a linear relationship 
between X and Y. The regression coefficients thereby also carry information on the 
influence of each X-variable on the model. The absolute values of the regression 
coefficients are proportional to the relative importance of their corresponding X-
variables for predicting Y, and when plotted alongside the original spectra they 
enable interpretation of the PLSR-model.  
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The performance of a model depends on the number of latent variables set by the 
user. Typically, the performance first increases with more latent variables, and after 
the optimal number is reached it decreases due to overfitting (Abdi, 2010). Here, the 
optimal number was determined through five-fold crossvalidation on the calibration 
set and selecting the setting that minimises RMSE. The plsregress tool in MATLAB 
v.R2010a (The MathWorks, 2010) was used for regression modelling, including the 
parameter optimisation. 

2.4.2. Epsilon (�) support vector regression 

Epsilon (�) SVR is the original SVR method developed in the mid 1990’s. It was 

developed to solve the regression problem defined as follows: ����� �������  is a set of 

calibration data, where �� � �� is the ith data point in input space, and  �� � � is the 
corresponding output. The input data are transformed into a high-dimensional 
feature space using a non-linear function. The aim of �-SVR is then to approximate a 
linear function in the high-dimensional feature space of the form: 

 ���� � � !� � "�� # � $ (3) 

 

 where !� � "�� # is the dot product between  � and "�� , � is a vector in the 

feature space, and $ is a constant (Haigang et al., 2003; Smola & Schölkopf, 2004). 
Instead of only trying to minimise the training error (empirical risk), it also aims to 
minimise the complexity of the model (structural risk). The ability of SVR to control 
the complexity and thereby produce models with high generalisation performance 
and less risk of overfitting is one of its main advantages. Minimisation of the 
training error is handled by Vapnik’s  �-insensitive loss function, by which errors are 
not penalised as long as they are smaller than �. A loss-free tube with radius � is thus 
formed around the data points. Points that fall outside of the tube are penalised 
according to the deviation of their value from the �-tube (figure 5). 
As explained in Smola and Schölkopf (2004), it can be formulated as a convex 

optimisation problem with the use of slack variables �%�� %��  to help solve the 

minimisation problem: 

 &'( )* +�+, � � � )(-�%��%�� �
���  (4) 

 

Subject to the constraints:   . ����� / !� � "�� # / $� 0 1 � %�����!� � "�� # � �$ / �� 0 1 � %���%� � %�� 2 3� ' � )�4 � (�������������
5   
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Here, +�+, characterises model complexity and the second part of the formula takes 

the training error into account. The regularisation constant � determines the trade-

off between model flatness and the degree to which errors larger than � are 
penalised. The solution of the described optimisation problem can be obtained by 
introducing Lagrange multipliers. The regression function then gets the following 
form: 

 ��� � -�6� / 6�� 7���� � � $�
���  (5) 

 

where  7���� �  is a kernel function. The actual support vectors are calibration data 

on or outside the �-tube border, and the Lagrange multipliers��6�� 6��  associated 
with these vectors are called support values (Shmilovici, 2005). Calibration data 
inside the tube are thus not part of the regression model, meaning that a larger set � 
reduces the number of support vectors. Both C and � have a large impact on the 
performance of �-SVR and have to be appropriately set before training the model. In 
this study, they were tuned through a grid search of parameter settings where each 
setting was evaluated using five-fold cross-validation on the calibration data. 

It is the kernel function that transforms the input data into a high-dimension feature 
space, and thereby enables SVR to map a non-linear relationship using a linear 
function. There are several different options for which kernel function to use. The 
most widely recommended (e.g. by  Scholkopf et al., 1997), and the one employed 
in this study, is the Gaussian Radial Basis Function (RBF) with the formula: 

 

 7���� � � �8�9 :/+� / ��+,*;, < (6) 

 

where ; defines the kernel width. Other types, linear and polynomial kernels, were 
briefly tested, but the RBF kernel was found to be the most reliable in this case. The 
matlab tools provided in the libSVM software library v3.0 (Chang & Lin, 2001) 
were used for all �-SVR, as well as �-SVR, calculations. Following 
recommendations in the software manual, all spectral data were normalised to 0 � x 
� 1 before applying the methods. 
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Figure 5: The �-svr approach, where data points located outside the �-tube (the support 
vectors) are penalised according to the deviation �i. The slopes in the loss-function (right 
figure) are determined by the C parameter. Figure from Thissen, Pepers et al. (2004). 

2.4.3. Nu (�) support vector regression 

Given the difficulty in finding suitable values for the tube-width �, Schölkopf et al. 
(2000) proposed a modification of the algorithm that automatically minimises � 
depending on the properties of the data. With this method, called �-SVR, a new 
parameter (�) is introduced that trades off the size of � against model complexity and 
slack variables. The optimisation equation then gets the form:  

 &'( )* +�+, � � � =>1 � )(-�%��%�� �
��� ? (7) 

Subject to the constraints:   . ����� / !� � "�� # / $� 0 1 � %�����!� � "�� # � �$ / �� 0 1 � %����1� %�� %�� 2 3� ' � )�4 � (�����������
5   

Instead of choosing ���and � a priori, the user will need to specify ��and >, where > 
in effect determines a fraction of the data points to be used as support vectors. 
Again, a grid search and five-fold cross-validation was employed for finding suitable 
parameter values.  

2.4.4. Least squares support vector regression 

Least squares (LS) SVR is an alternative variant of SVR proposed by Suykens, Van 
Gestel and De Brabanter (2002). It simplifies the optimisation problem by replacing 
the quadratic programming equation (4) with a set of linear equations, making it 
computationally faster (Shmilovici, 2005). The insensitive loss function is replaced 
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by a squared loss function. LS-SVR requires the setting of two parameters, the 

kernel parameter (;,) and the regularisation factor (@). In practise, this step was 
greatly facilitated by a new optimisation routine in the LS-SVM toolbox that 
automatically tuned the parameters through coupled simulated annealing and leave-
one-out crossvalidation (De Brabanter et al., 2010). 

A possible disadvantage of LS-SVR is that it uses all calibration data as support 
vectors and thus looses sparseness of the models (Thissen, Üstün, et al., 2004). In 
order to produce sparser model, pruning techniques have been proposed in which 
support vectors that contribute less to the model are removed (Suykens et al., 2002). 
All LS-SVR calculations were performed using the matlab functions in the free LS-
SVM toolbox v1.7 (De Brabanter et al., 2010). 

2.4.5. Model interpretation 

As outlined in section 2.4.1, PLSR models can be interpreted from plotting the 
regression coefficients (b-coefficients), and a larger absolute value indicates a 
greater contribution from that specific wavelength to the regression model. While 
PLSR models are considered sufficiently transparent to enable interpretation, the 
case is different for the SVM-based methods. With the kernel-based transformation 
into a high-dimensional feature space, connection with the original input variables is 
lost and interpretation of the model is rendered complicated. Hence, SVR is mainly 
applied as a black box and no effort is put into explaining the model structure 
(Hernández et al., 2009). There is, however, some information in the support vectors 
and their corresponding support values that can be used for interpretation. This study 
used an approach proposed by Üstün et al. (2007), in which the inner product of the 
support vector matrix and the support value vector (�) is plotted and interpreted in a 
similar manner as the PLSR b-coefficients. The resulting vector (P) has one value 

per spectral band, and the P-values for the spectral wavelength � is the sum of all 

support vector variables at that spectral band multiplied by their respective support 
values:  

 �� � 6� � �, � 6,A A A �� � 6� � �B (8) 

 

where ��4� are support vector variables, and 6�4� their corresponding support 
values. The PLSR b-coefficients and the SVR P-values were subsequently 
normalised through division by their standard deviations, and then compared with 
the original wavelength bands. The standard deviation of the weight vector is 
sometimes used as a threshold to single out the wavelengths that are most important 
for the model (Bian et al., 2010; Gomez et al., 2008). In this case, one and a half 
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standard deviation was an appropriate threshold value. The models used for 
interpretation were calibrated using all available samples.  

2.5. Constructing nutrient maps 
For successfully modelled biochemicals, maps were created using the regression and 
transformation method yielding the lowest RMSE. These were generated in 
MATLAB (The MathWorks, 2010), and the full dataset was used to calibrate the 
model before applying it on each map pixel. The biochemical content is only shown 
for pixels with a clear mangrove vegetation spectrum. All other land-cover types, 
shrimp ponds, lowland non-mangrove forests and mud flats were masked out. Also, 
mangrove pixels with strong elements of roots, mud or water were eliminated in 
order to only apply the model on pixels with a comparatively dense mangrove 
canopy. The separation between mangrove and non-mangrove pixels was made 
using ISODATA unsupervised classification in ENVI 4.7 (ITT Visual Information 
Solutions, 2009).  

2.6. General workflow of the methodology 
 

 

Figure 6: General workflow of the methodology. 
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“Statistics is the grammar of science” 
Karl Pearson (1857–1936) 

3.1. Preliminary analysis 
For better model performance, a few outliers were removed from the datasets. When 
validated, outliers bring down prediction results of the model, and outliers in the 
calibration set are detrimental to the quality of the predictor. Outliers (four in 
Mahakam, three in Berau) were identified by matching the predicted and measured 
chemical content in a graph. Figure 7 illustrates the effect of removing one 
extremely detrimental outlier (M0606). The divergent nutrient content of these 
outlier samples may have been caused by pixel/plot mismatch, or if the collected 
leaves were not representative of the sample plot. In the case of M0606, it was later 
found that it probably was a pixel/plot mismatch. 

Figure 7: Model results for the Mahakam dataset including the outlier M0606 (left graph), 
and results for the same dataset after removal of M0606 (right graph). 

 
Table 3 shows the number of samples and statistics for the different chemicals in 
weight percent of dried matter (%dm). The coefficient of variation is the ratio of the 
standard deviation to the mean, and is a dimensionless measure of the dispersion 
within the sample set. The statistics indicate that phosphorus, despite its importance, 
is a very small component of leaf tissue with mean values at 0.09-0.10 %dm. This is 
one reason for why it is difficult to estimate its content from the spectral reflectance 
(N.M. Knox et al., 2010). 
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Table 3: Sample statistics. 

Chem. Study area 
No. of 

samples 
Range      
(%dm) 

Mean     
(%dm) 

Standard 
deviation 
(%dm) 

Coefficient 
of variation 

(%) 

N Berau 74 0.66 - 2.30 1.09 0.29 26.6 

  Mahakam 47 0.60 - 1.45 1.02 0.21 20.3 

P Berau 74 0.02 - 0.29 0.09 0.06 64.0 

  Mahakam 47 0.07 - 0.16 0.10 0.02 20.7 

K Berau 74 0.24 - 1.45 0.67 0.24 35.5 

  Mahakam 47 0.36 - 0.61 0.50 0.06 12.3 

Ca Berau 74 0.03 - 6.47 2.07 1.37 66.2 

  Mahakam 47 0.28 - 1.48 0.75 0.38 50.2 

Mg Berau 74 0.10 - 0.38 0.29 0.07 23.8 

  Mahakam 47 0.03 - 0.39 0.29 0.09 31.1 

Na Berau 74 0.23 - 0.90 0.74 0.17 22.8 

  Mahakam 47 0.23 - 1.33 0.77 0.30 39.4 
 

 
It is important to note that the Mahakam samples were collected and analysed in 
2009, and the Berau samples in 2010. Differences in calibration of the instruments at 
the chemical laboratory, and temporal climatic factors, such as differences in the 
amount of rainfall between the two years, may therefore affect the measured 
chemical contents. The samples are also not completely representative of the whole 
area since they were concentrated to specific transects. It is therefore not possible to 
draw conclusions on differences between the two study areas based on these 
numbers.  

Table 4 shows nitrogen prediction results using all available wavelength bands. 
Overall, the choice of spectral transformation technique had a major impact on 
model performance. All transformation techniques improved the results compared to 
the untransformed reflectance, and best results were obtained using CRDR. The 
higher performance of CRDR goes in line with the results of Mutanga et al.(2004) 
and Kawamura et al.(2009). Continuum-removal applied on the full spectra can thus 
successfully remove the background trend of the reflectance spectra which has little 
or no relationship with the biochemical content. Spectra are thereby normalised to a 
common base-line. By then using the derivative of the continuum-free spectra, 
absorption features associated with nitrogen are further enhanced. 
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3.2. Relative importance of spectral wavelengths 
First, nitrogen was modelled using all available bands in order to find out which 
combination of regression technique and transformation method to use during model 
interpretation. Due to the higher performance of CRDR-based models, these models 
were then used for identifying the relative importance of the spectral bands. In figure 
8, patterns for the LS-SVR and PLSR coefficients follow each other closely, 
indicating that the SVR P-vector does, indeed, contain similar information as the 
PLSR b-coefficients and can be interpreted in a similar manner.   

Figure 8: Relative importance of spectral bands for estimating N in Berau using CRDR 
transformed reflectance. The coefficients were normalised through division by their respective 
standard deviations. 

 
Due to covariance between N content and other related genera-specific biochemical 
or structural properties of mangroves, models are derived from a mix of 
relationships, and only partially from general nitrogen related absorption features. In 
an attempt to reduce links with genera in the coefficients, also information on genera 
for each sample was included when calibrating the model (figure 9). Many of the 
relationships directly attributed to genera were thereby concentrated in the 
coefficients for the added genera information, and coefficients for the spectral data 
became less influenced by these factors. 
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Figure 9: Relative importance of spectral bands for a model derived solely from HyMap data 
and a model that also included information on mangrove genera. Both models were based on 
CRDR transformed data for Berau. 

 
Notable differences in the coefficients with less influence of genera are a more 
pronounced influence of chlorophyll absorption around 0.5 μm, the red edge 0.67-
0.75 μm, and protein absorption at 1.5 μm. 

Table 5: Relative importance of wavelengths influenced by chlorophyll (0.4-0.8 μm). 

  
Relative 

importance 
Rel. importance  

(red. infl. of genera) 

Berau 25% 34% 

Mahakam 20% 28% 
 

 
According to the PLSR coefficients, the models attributed 20-25% of the total sum 
of coefficients to wavelengths affected by chlorophyll. These numbers increased to 
28-34% when the influence of genera was reduced. The link between chlorophyll 
and nitrogen is relatively weaker in the Mahakam models, which, in theory, could 
indicate a lower level of nitrogen limitation in that area. Also, the wavelengths of 
highest importance were located further away from the chlorophyll absorption 
maxima in the case of Mahakam, suggesting a higher degree of saturation. 
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Table 6: Wavelengths of importance for estimating nitrogen (both Berau and Mahakam).   

Wavelengths 
(μm) 

Wavelengths in 
literature (μm) Compound Reference 

0.48-0.60 0.43, 0.46, 0.64, 
0.66 

Chlorophyll a and b (Curran, 1989) 

0.67-0.75 0.68, 0.75 Chlorophyll, "the red 
edge" 

(Cho & Skidmore, 2006; 
Curran et al., 2001; Martin 
et al., 1997) 

0.91 0.91 Protein (Curran, 1989) 

1.13 1.12 Lignin (Curran, 1989) 

1.32-1.44 1.36, 1.42 Protein, lignin (Card et al., 1988; Fourty et 
al., 1996; N. M. Knox et al., 
2010) 

1.48-1.50 1.50, 1.51 Protein, nitrogen (Curran, 1989; Curran et al., 
2001) 

1.60 1.61        - (Serrano et al., 2002) 

1.67-1.71 1.69 Lignin, starch, 
protein, nitrogen 

(Curran, 1989) 

1.78-2.02 1.94, 1.98 Protein, nitrogen, 
lignin 

(Curran, 1989) 

2.08-2.14 2.08, 2.11, 2.13 Protein (Card et al., 1988; Curran, 
1989) 

2.18-2.22 2.18, 2.24 Protein, nitrogen (Curran, 1989) 

2.28-2.30 2.29, 2.30 Protein, nitrogen (Curran, 1989; Martin et al., 
1997) 

2.34-2.39 2.35, 2.36 Protein, nitrogen (Card et al., 1988; Curran et 
al., 2001) 

 

 
Table 6 shows the identified wavelengths of highest influence with references to 
previously identified absorption features of nitrogen. The bands were selected based 
on both the regular models and models with reduced genera influence. In the visible 
region, important wavelengths were located in two blocks 0.48-0.60 μm and 0.67-
0.75 μm, indicating that wavelengths of highest chlorophyll absorption in the red 
(0.64-0.66 μm) were saturated and the amount of chlorophyll was best estimated 
from wavelengths on the edges to green and infrared. This saturation effect is 
common for absorption features linked to chlorophyll, as well as proteins and other 
compounds, and means that wavelengths where the absorption is less strong are 
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often more strongly related to biochemical content than wavelengths at the 
absorption maxima (Curran, 1989; Kokaly, 2001). 

In the short-wave infrared (SWIR) region from 1.4 to 2.5 μm, nitrogen is estimated 
from absorption features of proteins. The effects of absorption features are generally 
spread out, and not concentrated to specific wavebands. Most information seems to 
be held on the slopes before and after absorption features and not in the wavelengths 
of maximum absorption. This could indicate saturation, but is probably also an effect 
of using CRDR, in which five bands are used to calculate the derivative at each 
wavelength. Trends thereby become clear on the slopes, but may be inconclusive at 
bands where the reflectance curve changes direction. 

The wavebands of high importance for the models could usually, but not always, be 
linked to previously identified absorption features of nitrogen. The band at 1.13 μm 
was of relevance for both Berau and Mahakam models, but is only known in the 
literature to be related to lignin. Lignin does not contain nitrogen, but it has been 
known to correlate with the availability of nitrogen in temperate forests by 
determining decomposition and nitrogen mineralisation rates of litter (Wessman et 
al., 1988). 

Based on the PLSR and SVR coefficients, the most influential bands around the 
absorption features were selected to produce models less affected by redundant 
information. In the case of highly informative bands close to each other in the 
spectra, a few test runs were carried out to ensure there were no detrimental effects 
from multicollinearity. The selected bands are presented in table 7. 

Table 7: Selected wavelengths (μm) used in the final nitrogen models. 

Berau 0.484, 0.705, 0.909, 1.489, 1.597, 1.712, 1.796, 2.025, 2.082, 2.118, 2.225, 
2.277, 2.344, 2.393   

Mahakam 0.558, 0.588, 0.733, 0.909, 1.136, 1.447, 1.� 76, 1.674, 1.784, 2.118, 2.189, 
2.294, 2.361, 2.393 
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3.3. Nitrogen prediction results 

Table 8: Nitrogen prediction results from using the selected CRDR bands in table 7. 

  Nitrogen Berau Nitrogen Mahakam 

Regression R²cv RMSEcv nRMSEcv R²cv RMSEcv nRMSEcv 

� -SVR 0.647 0.173 15.9% 0.657 0.121 11.9% 

�-SVR 0.675 0.167 15.3% 0.674 0.118 11.6% 

LS-SVR 0.672 0.166 15.2% 0.692 0.115 11.2% 

PLSR 0.566 0.193 17.7% 0.657 0.121 11.9% 
 

 
The best performing model for Berau (R²=0.67, RMSE=0.17, nRMSE=15%) and for 
Mahakam (R²=0.69, RMSE=0.12, nRMSE=11%), both show successful estimations 
of foliar nitrogen. The lower performance of the Berau model is probably due to the 
poor image quality of that area, and because of the time gap of one year between 
image recording and sample collection.  

While the results of PLSR show little or no improvement from narrowing down the 
number of bands, SVR improves greatly. The performance of SVR is thus highly 
susceptible to multicollinearity and redundant information in the independent 
variables, which also was noted by Wang et al. (2010). The best performing model 
for Berau and Mahakam were both based on LS-SVR. Based on theoretical 
comparisons, the main advantage of LS-SVR over �-SVR and �-SVR is the 
computationally faster algorithm (Shmilovici, 2005). In practice, however, LS-SVR 
has also in other cases shown higher performance. This is probably because  the 
algorithm can be trained more efficiently (Chauchard et al., 2004), and is easier to 
optimise accurately (Hernández et al., 2009).  

The generally higher performance of SVR compared to PLSR has been noted in 
previous studies (Thissen, Pepers, et al., 2004), and is often attributed to its ability to 
map non-linear relationships. However, there are also cases in which PLSR has 
outperformed SVR (Shah et al., 2010). These differences are likely to depend on the 
degree of non-linearity in the relations, the degree of multicollinearity and noise in 
the independent variables, and how accurately the SVR parameters can be tuned. In 
this study, the tuning process of �-SVR and �-SVR proved to be difficult and time-
consuming. Although the grid-search used for parameter tuning was automatic, it 
took time to learn how to properly set the intervals and boundaries of the grid-
search. LS-SVR was far easier to apply in this respect, due to the built-in 
optimisation routine in the LS-SVM toolbox. 
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Figure 10: Nitrogen prediction for the Berau dataset, using LS-SVR and CRDR. 

 

Figure 11: Nitrogen prediction for the Mahakam dataset, using LS-SVR and CRDR. 
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Figures 10 and 11 show predictions of the highest performing models for each study 
area. Clearly, the ranges of nitrogen content vary between the different genera. 
Rhizophora, the most common genera in both areas, contain both higher and lower 
values of measured nitrogen. This caters for strong relationships also for within-
genera models. A model based solely on Rhizophora samples could thereby also 
predict nitrogen with high performance (R²=0.64, RMSE=0.12, Mahakam dataset). 
Nypa and Avicennia are more clustered, resulting in poor within-genera 
performance. Interestingly, Avicennia in Berau have all high nitrogen content, while 
in Mahakam they are clustered in the lower range. 

When extending studies from single species to multiple species environments, 
precision generally increases and the accuracy decreases.  The greater range of 
biochemical content, associated with a larger variety of species, makes it easier to 
find a relationship which may be partly based on covariance with related factors 
such as vegetation structure of the different species. The accuracy is usually higher 
in single species studies because those models can adapt more closely to spectral 
characteristics of the particular species. 

3.4. Predictions of biochemicals other than nitrogen 

Table 9: Model results for biochemicals other than nitrogen. Results shown are for the best 
performing models in terms of lowest RMSE. 

  Chemical Regression Transformation R² RMSE nRMSE 

B
er

au
 

P �-SVR None 0.218 0.049 56.6% 

K LS-SVR Continuum-removed 0.309 0.196 29.3% 

Ca LS-SVR Continuum-removed 0.395 1.067 51.5% 

Mg LS-SVR CRDR 0.678 0.039 13.4% 

Na PLSR CRDR 0.851 0.065 8.8% 

M
ah

ak
am

 

P LS-SVR First derivative 0.046 0.020 21.3% 

K �-SVR First derivative 0.300 0.051 10.2% 

Ca LS-SVR CRDR 0.266 0.322 42.6% 

Mg �-SVR Continuum-removed 0.457 0.068 23.0% 

Na � -SVR First derivative 0.166 0.275 35.6% 
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Figure 12: Magnesium prediction for the Berau dataset. 

 

Figure 13: Sodium prediction for the Berau dataset. 



 

Results for biochemicals other than
content in leaves can be traced thro
the other examined biochemicals 
related to optically active elemen
sometimes have claimed to mode
usually either tied to the compositio
site-specific correlation with more 
(Porder et al., 2005). Those models
but are not possible to apply in a w
when trying to map the complex bio

Prediction results for magnesium
However, graphs of the predicted co
strongly clustered, thus producing 
correlations were also found to be m
that relationships are formed throug
vegetation structure. The strong lin
reflects the habitats of these specie
frequently inundated by sea water ri
other hand, is adapted to grow furt
(Sulong et al., 2002), and absorb mu

Figure 14: Nypa fruticans (left) is the
saline environments, while Avicennia al
to the ocean. 
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n nitrogen are generally poor. While the nitrogen 
ough the absorption of chlorophyll and proteins, 
are less traceable because their content is not 
nts in the leaves. Although previous studies 
el these biochemicals, found relationships are 
on of species (Ferwerda et al., 2007), or based on 
spectrally visible biochemicals such as nitrogen 

s might be of some use within that specific area, 
wider context. Such relationships are of little use 
ochemical variation in mangroves.  

m and sodium in Berau are seemingly high. 
ontents (figures 12 and 13) show that samples are 
artificially high correlations. The within-genera 
much weaker than those for nitrogen, indicating 

gh genera-specific spectral characteristics such as 
nk between Na-Mg contents and genera partly 
es. Avicennia alba grows along coastal fringes, 
ich in sodium and magnesium ions. Nypa, on the 
ther from the ocean in more brackish conditions 
uch lower concentrations of these chemicals. 

e only palm tree among mangroves. It grows in less 
lba (right) has adapted to the most saline habitats close 
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3.5. Maps of nitrogen content 

 

Figure 15: Map of nitrogen content in the Berau study area derived through PLSR using all 
CRDR bands. 

Due to the poor results from P, K, Ca, Mg and Na predictions, only the nitrogen 
models were deemed powerful enough to generate maps of the study areas. 
Although the Berau models for magnesium and sodium showed high accuracy and 
precision, their low within-genera performance makes them unsuitable for 
biochemical mapping. A sodium map of Berau would thus only show the 
composition of different genera in the area.  
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The Berau map shows some horizontal striping that coincides with the flight lines of 
the aircraft. These artefacts are caused by insufficient atmospheric correction of the 
Berau images. Striping was even more deteriorating in a previous version of the 
map. By redoing the MNF-transformation and being much more selective on which 
bands to invert back, the effect of striping could be greatly reduced. Also, it was 
found that a map generated using the model of highest performance (LS-SVR on the 
fourteen most important bands) was more sensitive to striping than a model 
generated through PLSR using all bands. This is probably related both to a higher 
susceptibility to noise in the few selected bands, and differences in how the two 
methods cope with noise. PLSR is known to be able to handle noise well by 
suppressing it in the extracted latent variables (Wold et al., 2001), and it may 
therefore be a better option in cases of noisy data. Another alternative could be to 
combine the two methods. Chauchard et al.(2004) compared the performance of LS-
SVR and PLSR on data containing different kinds of noise and found LS-SVR to be 
highly noise-sensitive. By applying LS-SVR on latent variables (PLS components), 
they achieved higher performance than with LS-SVR applied on wavelength bands 
or when using the PLSR method. 

Because the map generated using LS-SVR was more affected by striping, the Berau 
map presented in figure 15 is instead derived from PLSR applied on the full spectra. 
The general trend of the map is that levels are higher closer to the shore than further 
inland, suggesting that mangroves are fed with nitrogen from the main river channel. 
However, for many of the smaller creeks, nitrogen levels seem low close by the 
creek and higher further away. In a review of previous studies on nutrient dynamics 
in mangroves, Adame & Lovelock (2011) observed that mangroves sometimes 
import and sometimes export nitrogen. Significant correlations were found between 
dissolved N exchange and N concentration in the floodwater as well as the tidal 
amplitude. Imports were higher in cases of high N concentration in the floodwater, 
while exports are common when the floodwater has low N concentration. Both 
import and export cases are enhanced by higher tidal amplitude, which generally 
occurs closer to the water channels. In the case of Berau, foliar N contents suggest N 
imports around the main river channel. By the smaller creeks further away from the 
main river channel, diffusion of nitrogen from sediments to the less nutrient-rich 
creek water might cause lower foliar N concentrations in surrounding mangroves.  
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Figure 16: Map of nitrogen content in the Mahakam study area derived through LS-SVR and 
CRDR, using the selected wavelength bands in table 7. 

The Mahakam map shows a pattern of higher nitrogen levels in the west mainly 
affected by river water, and lower levels in the east, mainly affected by sea water. 
Unlike in Berau, nitrogen levels seem very low along the coastal fringes. The 
differences are possibly related to the coastal morphology of the two study areas. 
The Berau study area is located in a sheltered bay with an archipelago offshore, and 
may therefore be less exposed to ocean dynamics and influx of nutrient poor 
seawater than the eastern part of the Mahakam study area. 
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Mangroves growing further inland are fed with nutrients from the river, and possibly 
also from the shrimp ponds. However, these results do not show signs of extreme 
foliar nitrogen values related to anthropogenic disturbances in the delta. Due to a 
lack of information on the status of the shrimp ponds and the quality of the water, an 
attempt at interpretation is bound to be speculative. It may, however, be that the 
shrimp ponds are mainly extensively managed, or simply that the level of 
confinement is low. Low confinement, in this respect, means that the capacity of the 
ecosystem to change its water is high enough to prevent large amounts of nutrients 
leaking from the shrimp ponds to accumulate in the surrounding area (Martin, 2011). 

It is important to note that no certain conclusions can be drawn only based on the 
derived maps. The maps are only as reliable as the models they are based on, and the 
models rely on to which degree the ground samples capture the variation in the study 
areas. One weakness is the low variety in the sampled Avicennia spp. As it turned 
out, all Avicennia samples in Mahakam had low nitrogen content, creating a risk of 
all Avicennia throughout the area being categorised as low in nitrogen. 
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“It is not the possession of truth, but the success which attends the seeking after it, 

that enriches the seeker and brings happiness to him.” 
Max Planck (1858-1947) 

4.1. Conclusions 
This study has demonstrated the possibility to accurately estimate nitrogen in 
mangroves using airborne hyperspectral data and empirical modelling. The highest 
performing nitrogen prediction model for Berau (R²=0.67, RMSE=0.17, 
nRMSE=15%), and for Mahakam (R²=0.69, RMSE=0.12, nRMSE=11%) both show 
encouraging results. The content of P, K, Ca, Mg and Na proved much more difficult 
to estimate because the variation of these chemicals cannot be tied to optically active 
compounds in the foliage. 

The performance of four different regression techniques, �-SVR, �-SVR, LS-SVR, 
and PLSR, were evaluated. LS-SVR yielded the highest accuracy, and was found to 
be a highly efficient tool in biochemical modelling. It is, however, necessary to 
remove collinearity and redundant information in the data for optimal performance. 
In the final LS-SVR models, only the fourteen most informative wavelength bands 
were used to derive the model. These were identified using the relative importance 
of the bands, reflected in the regression coefficients. It was demonstrated that the 
SVR P-vector, derived from the support vectors and their corresponding support 
values, contains similar information as the PLSR regression coefficients, and can be 
interpreted in a similar manner. PLSR can handle multicollinearity and noise better 
than LS-SVR, and should be preferred in analysis of noisy or collinear variables. 

Different spectral transformation methods were compared with respect to their 
influence on the performance of the predictive models. Continuum-removed 
derivative reflectance (CRDR) proved to be the most efficient transformation 
method at enhancing absorption features related to nitrogen. 

One of the research objectives of this study is to find ways to counteract the 
influence of varying LAI, and covariance with the vegetation structure of different 
species. That was made in the following ways:  
� In order to reduce the influence of varying LAI, I was particularly careful 

when selecting which pixels to represent each sample plot. Pixels with 
elements of mud or roots were avoided and only comparatively pure 
vegetation pixels were included. Furthermore, in the process of making the 
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nitrogen maps I was careful in filtering out pixels with less pure vegetation 
spectra. These steps should reduce contamination from pixels with very low 
LAI in the derived maps.  

� When analysing which bands are most important to predict nitrogen, I was 
especially interested in bands related to the within-genera variation of 
nitrogen. By adding information on genera to the calibration data, it was 
possible to reduce the influence of genera in the regression coefficients for 
the hyperspectral data and thereby identify wavelength bands of particular 
importance for modelling the within-genera variability.       

 
The ability to map nitrogen from remote sensing data can prove important when 
analysing ecosystem processes and the complex patterns of nitrogen fluxes in 
mangroves. Nitrogen maps for the two study areas were derived using the 
established models. These maps give indications of the general patterns of foliar 
nitrogen, and these patterns may reveal links to natural or anthropogenic factors 
influencing the nitrogen dynamics in the study areas. When attempting to interpret 
the maps, possible links to species composition, tidal amplitude, nitrogen 
concentration in the floodwater, and the coastal morphology of the study areas were 
found. No clear signs of excessive nitrogen levels related to anthropogenic sources 
were identified. 

4.2. Summary of answers to research questions 
This section contains a brief answer to each of the three research questions. 
Question: To which degree can foliar N, P, K, Ca, Mg and Na concentrations be 
estimated using airborne HyMap images and regression techniques? 
Answer: N could be estimated to within 11-15% of its mean content, as shown in 
table 8. Estimations of P (rel. error 21-57%), K (rel. error 10-29%), Ca (rel. error 43-
52%), Mg (rel. error 13-23%), and Na (rel. error 9-36%) are shown in table 9. These 
are generally poor, or show a strong covariance with genera. 
 
Question: Which regression technique shows the highest explained variability (R²) 
and lowest root-mean-squared error (RMSE)? 
Answer: These are evaluated based on the highest performing predictive models for 
nitrogen, shown in table 8. For the Berau dataset the highest performing models 
were based on LS-SVR (R²=0.67, RMSE=0.17), and �-SVR (R²=0.68, RMSE=0.17). 
For Mahakam dataset the highest performing model was based on LS-SVR 
(R²=0.69, RMSE=0.12). 
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Question: Can the models be explained? That is, which bands are most important 
and can these bands be related to known biochemical absorption features? 
Answer: Most of the highly influential wavelength bands can be related to 
previously identified absorption features, as shown in table 6. However, the impact 
of absorption features were spread out over several bands and were usually not 
strongest at the wavelength of highest absorption. Not all influential bands could be 
related to known absorption features; the band at 1.13 μm is known to be sensitive to 
the content of lignin, but not nitrogen.  

4.3. Limitations 
This section mentions some of the limitations of the conducted study. 
� Due to the known absorption features related to nitrogen, and its importance 

in physiological processes, more effort was put into modelling nitrogen than 
the other biochemicals. It is likely that prediction results for P, K, Ca, Mg, 
and Na would have improved from narrowing down the number of used 
bands, as in the case of nitrogen. That was never done because of the 
evidently poor within-genera prediction results of those chemicals. 

� The narrowing down of wavelength bands was necessary due to the inability 
of SVR to handle collinearity and redundant information in the full spectra. 
That was, however, not known at the start of the study and no proper 
methodology was developed for how to best do this step. Stepwise multiple 
linear regression may, for instance, have been a useful tool when narrowing 
down the bands that also would have given the significance of each 
wavelength band. 

4.4. Recommendations 
� LS-SVR proved to be an efficient modelling tool that was easy to apply. One 

major factor that has hampered the use of SVR-based methods in research 
during the last decade is a lack of easy-to-use SVR tools. Especially, the 
tuning process of the regression parameters has been difficult. The LS-SVM 
toolbox v1.7 (De Brabanter et al., 2010) provides many functions that makes 
LS-SVR easy to apply in research. The recent optimisation routine based on 
Coupled Simulated Annealing (CSA) is of particular importance. 

� In future applications of SVR in biochemical modelling, it is important to 
find proper methods for narrowing down the number of bands. This may be 
done through stepwise multiple linear regression, perhaps in combination 
with analysis of the regression coefficients, or by utilising vegetation indices. 
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Another way to reduce the number of bands that also improves its ability to 
cope with noise is to apply SVR on latent variables, as shown by 
Chalimourda et al. (2004). 

� Continuum-removed derivative spectra (CRDR) was, to my knowledge, first 
described by Mutanga et al. (2004), and has not been used often in 
biochemical modelling despite having shown promising results in the few 
studies that have employed it. This study further indicates that continuum-
removal can successfully be applied on the full spectra and that the derivative 
of the continuum-removed spectra further enhances absorption features. In 
this study, I applied continuum removal separately on two parts of the spectra 
(0.45-1.45 μm, and 1.45-2.43 μm), in order to make the continuum line 
follow the general trend of the vegetation spectra more closely. This approach 
seemed to improve the prediction results, and I recommend it to be further 
investigated in future studies.  

4.5. Future directions 
Given the rapid technological advancements in the last decades, it seems inevitable 
that nitrogen will increasingly be estimated using space-based sensors. A few studies 
have already used space-borne Hyperion data to predict nitrogen with promising 
results (Smith et al., 2003). More research is needed to advance beyond site-specific 
studies and look at the global level. Martin et al. (2008) took one step in that 
direction by merging many local studies and trying to find a more generalised 
empirical model that is applicable over a range of landscapes. However, empirical 
models will always be dependent on which sites and species that are included in the 
calibration set. If an empirical approach is pursued at the global level, it would be 
necessary to collect an enormous amount of calibration data. Instead, it would be 
more advantageous to use the relationships found in empirical studies and 
incorporate them into more general and portable physical models or vegetation 
indices. 
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Figure 17: Map of Berau study area showing collected samples. 
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Figure 18: Map of Mahakam study area showing collected samples. 


