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ABSTRACT 
Within the frame of a larger project funded by the High Tech Offensive Bayern (HTO) hyperspectral 
HyMap data have been investigated on their spectral content in order to determine bio-geo-chemo-
physical parameters of land cover units in the catchment of Lake Waging-Taching in Upper Bava-
ria, Germany. The focus of the current investigations was on parameter extraction from grasslands 
and the aim was to identify differences in management intensities of meadows and pastures in the 
area. The results would contribute to a more adequate modeling of the transport of fertilizers, pes-
ticides, etc., that potentially influence the water quality of the lake ecosystem and serve as an input 
to object based radiative transfer model inversion studies. 

As input for the parameter retrieval a land cover map is used, that is based on classification re-
sults. Supervised classification results using standard Gaussian maximum likelihood (GML) classi-
fier with second order statistical techniques like Bhattacharya distance for feature selection,  is 
compared with classification results obtained from the spectral angle mapper (SAM) classifier. 
Ground truth of a polygon shape file is used to check the classification accuracy. Maximum likeli-
hood method produced relatively good results with overall accuracy above 90% while SAM showed 
relatively lower overall accuracy of 46%.   

Different vegetation indices were calculated to determine the leaf area index (LAI) of the classified 
surfaces. For the estimation of LAI, empirical relationships between spectral indices, such as NDVI 
and the structural parameter were tested. Eventually a hyper-exponential function was used to 
compute LAI from NDVI. Ground measurements for LAI from LiCor-LAI 2000 were used to validate 
the results. 

Keywords: Hyperspectral, feature selection, GML, SAM, LAI. 

INTRODUCTION 
As part of the Hi-tech Offensive Bayern (HTO) project, HyMap data have been investigated to de-
termine the bio-geo-chemo-physical parameters of land cover units in the Waging-Tachinger 
catchment in Upper Bavaria, Germany. Classification of land cover is performed using supervised 
techniques. The classification results from this analysis will be the basis for a further characteriza-
tion of land cover units and serve as an input to object based radiative transfer model inversion 
studies. Various vegetation indices were calculated. A new hyperexponential relationship was es-
tablished between the parameter Leaf Area Index (LAI) and NDVI. The focus of the current investi-
gations was on land cover classification and parameter extraction from grasslands.  

A continuous challenge in hyperspectral image processing is the classification of image into 
classes which confirms the reality on ground. The introduction of hyperspectral sensors which pro-
duce data with narrow, contiguous spectral bands throughout the visible, near-IR, mid-IR, and 
thermal IR portions of the spectrum, provides enhanced abilities to extract useful information. 
However, this complex data requires more complex and sophisticated data analysis techniques if 
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their full potential is to be achieved. Maximum likelihood based on gaussian distribution and spec-
tral angle mapper algorithms are applied for supervised classification of the land cover units. Land 
cover classification will be used as an input for object based parameter retrieval with radiative 
trasnfer model inversion (i).  

MATERIALS AND METHODS  
Study Area Description 
The study area is located in the catchment of Lake Waging-Taching. This catchment has a spatial 
extent of approximately 120km² area and elevation ranges from 450 to 700 meters ASL (Figure 1). 

  

  

Figure 1. Location of Study Area Location with digitized land cover map shown in 1b 

The main land cover/ land use types are represented: agriculture by tilling mainly in the North and 
grassland farming in the South, with intermixed forestry, urban-, protected- and recreation areas 
(ii). The grass land farming has an intensive grass land use with approximately 6 cuts each year. 

Earth Observation Data 
During the growing season of 2003, airborne Hyperspectral images were acquired by the HyMap 
sensor flown by DLR on August 4th, 2003 with a spatial resolution of 5m² and 126 channels cover-
ing the visible, NIR, SWIR portions of the solar spectrum from 450nm- 2500nm with the bandwidth 
of 15 – 20 nm. This image was corrected for radiometric (iii) geometric (iv) and atmospheric influ-
ences (v). A subset is shown in figure 2. 
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Figure 2. A subset represented in CIR (RGB 29,15,9) of the HyMap data acquired over the study 
area 

Field Reference Data 
A definitive classification accuracy assessment requires the use of ground truth as part of the 
sampling design (vi). For this purpose comprehensive field data was assembled which included a 
thematic land cover map. Fields of interest, large agricultural targets with clearly discernable crops 
and grass lands were recorded by collecting GPS corner coordinates. Field measurements of re-
flectance of meadows, pastures and bare soil were collected using an ASD Field spec Pro FR  
hand held spectrometer (Analytical Spectral Devices Inc., Boulder Colorado, USA) and LAI was 
measured in a non-destructive way using the Plant Canopy analyzer (LAI-200; Li-Cor) (ii). 

Image classification 
The maximum likelihood classification, assumes a normal statistical distribution of pixels and clas-
sifies the pixels belonging to a particular class based on the probability that a given pixel belongs 
to a specific class. To make a classification decision for a pixel, it is necessary to know the a pos-
teriori probabilities that a pixel belongs to each of the training classes, given that the pixels have 
the feature vector. This probability is calculated using Baye´s decision rules (vii). A necessary con-
dition, in order to achieve non-singular second order statistics, is that the pixels of the training ar-
eas are linearly independent in the spectral region; for n number of spectral bands, a minimum of 
10n to 100n pixels (in the case of HyMap n = 126) is used since the estimates of the mean vectors 
and covariance matrices improve as the number of pixels that can be used in the training sets in-
creases (viii). The selected training areas should be homogeneous, very well representative and 
separated. The separability criterion is met from computing JM distance which should be equal to 2 
(ix). 

478 training areas were selected over the entire catchment´s area representing eleven classes 
satisfying the conditions mentioned above. Other categories, though recognised, were ignored 
from the analysis simply due to very thin representation, especially those which could not meet the 
criterion of 10n to 100n sample size. This is important because the accuracy of maximum likeli-
hood classification routine depends heavily on an accurate estimation of the covariance matrix. To 
accurately estimate the covariance matrix, a sufficient number of pixels for each class training site 
must be readily available. 

It is expected that probability classification routines offer, in most cases, a higher degree of classi-
fication accuracy over the distance based classifers. These classification routines incorporate both 
the mean and variance of the data set into the classification decision rule. The utilization of vari-
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ance into the classification decision rule provides additional data on which to base the classifica-
tion, thereby improving overall classification accuracy. However, even if great care is taken to en-
sure that a statistically significant number of training pixels is used to generate reference signa-
tures, the underlying decision rule still requires an assumption of data normality with well defined 
variances in each spectral band (x). In the following analyses it is assumed that the training pixels 
are normally distributed. Hence, as earlier, the eleven classes were taken into consideration for 
classification using the Maximum Likelihood classifier. The identification of the specific training 
class corresponding to that particular class was done by using the a priori knowledge based on the 
thematic map prepared from the ground survey. 

On the other hand the spectral angle mapper (SAM) compares image spectra to individual spectra 
or spectra in a spectral library (xi). SAM determines the similarity between two spectra by calculat-
ing the spectral dimensionality equal to number of the bands. This method is insensitive to atmos-
pheric influences like brightness shifts, albedo and other spectral artifacts since it uses only the 
direction of the spectral reflectace vectors and not their length. Pure endmembers as spectral sig-
natures for the representative classes are derived as explained below. Throughout the classifica-
tion analysis the features which we are not interested in, like water bodies, forests, settlements and 
other artificial structures, were permanently masked. The mask was applied using the vector shape 
file clipped out from the ground truth shape file. The data in the range of 1.419-1.447,1.795-1.990 
and 2.373 – 2.483μm were seriously affected by the atmospheric absorbtions and hence the bands 
in these wavelength portions were excluded from further analysis. Also highly noisy bands like 
band number 1 with 0.438 μm is omitted during the entire classification process. The water ab-
sorbtion bands were visually identified from the spectral profile of the pixels. Finally 109 bands (# 
2-63; 67-92; 98-118) were incorporated in the classification analysis. 

Endmember Selection 
The minimum noise fraction (MNF) transformation is used to segregate noise in the data, to deter-
mine the inherent dimensionality of the image data, and to reduce the computational requirements 
for subsequent processing. Figure 3 shows the false color combination of different MNF bands for 
a particular scene. The bands are in a descending order of eigen values with almost no noise in 
the bands where the eigen values are near unity and below unity indicating signal-to-noise ratio 
S/N decreasing with decreasing order of MNF bands. By using only coherent portions, the noise is 
seperated from the data, thus improving the spectral processing. 

109 MNF bands (figure 3) were used for further processing in selection of pure endmembers. The 
most spectrally pure pixels typically correspond to mixing endmembers. The Pixel Purity Index 
(PPI) was used to indentify the most “spectrally pure” or extreme pixels in the imagery. When the 
PPI image is linked together with the MNF image (Fig. 3) and the reflectance image (figure 2), Z-
profiles of the pure pixels can be examined. This can be done both saptially and spectrally. After 
the PPI result is evaluated, the PPI is threshold to regions of interest. The ROIs contain the pixel 
locations in the image regardless of the endmember they belong to and they can be isolated for 
specific pure endmembers in a n-Dimensional visualizer by spinning the ROIs. Each time a pixel 
hits the corner of the scatter plot the rotation is stopped and the point is circled in a ROI in the scat-
ter plot (figure 4a) which is then subsequently converted into a class with a specific color. If the n-D 
visualizer is linked with the reflectance image via the Z-profile so the reflectance spectra corre-
sponding to specific endmember can be viewed while painting and rotating the endmember. This 
helps to preview spectra before it is finalized as a spectral class. The resulting endmembers corre-
sponding to their respective calsses are hence extracted as shown in (figure 4b). 
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Figure 3: Minimum NoiseTransformation bands in false color  combination 

 

  

Figure 4a : n-D visualizer scatter Plot;    4b: Pure spectral endmembers  

Parameter Extraction 
The most frequently used spectral vegetation index is the Normalized Difference Vegetation Index 
(NDVI), which was first described by (xii). It is based upon the contrast between the maximum ab-
sorption in the red due to cholorphyll pigments and the maximum refelction in the infrared caused 
by the leaf cellular structure. Numerous studies have shown a strong correlation between NDVI 
and Plant Primary Productivity (PPP), bio-mass, and Leaf Area Index (LAI) (xiii, xiv, xv). 

During the recent decades substantial efforts were expended in improving the Normalized Differ-
ence Vegetation Index (NDVI) in developing new indices to compensate for the soil background 
influences (xvi, xvii). Even though the external perturbing factors related to changes in soil bright-
ness and atmospheric changes were taken into account, vegetation indices have definite intrinsic 
limitations; they are not a single measure of a specific variable of interest such as pigment content, 
plant geometry, or canopy architecture. So far it has not been possible to design an index which is 
sensitive to only a desired variable and insensitive to all other vegetation parameters. Therefore 
different indices are designed for different purpose, and optimized to assess a biophysical parame-
ter of interest. For instance some indices were designed to retrieve LAI (xviii, xix). Another problem 
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is that most VIs approache a saturation level asymptotically when LAI exceeds 2 to 5, depending 
on the type of vegetation (xx). To address these issues a few studies have been carried out to 
asses and compare various VIs in terms of their stability and prediction power of LAI (xxi,xxii) while 
others have dealt with modifying VIs to improve their linearity with, and increase their sensitivity to, 
LAI (xviii, xix). Consequently some indices have been identified as best for estimating LAI as they 
are less sensitive to the variation of external parameters affecting the canopy spectral reflectance, 
namely soil optical properties, illumination geometry and atmospheric conditions. However, the 
effect of leaf chlorophyll on the LAI-VI relationship remains an unresolved problem.  

For a high dimensional space, as dimensionality increases, the volume of a hypercube concen-
trates in the corners and the volume of the hypersphere concentrates in a outside of the shell 
(xxiii). This signifies two aspects, first, high dimensional space is mostly empty and secondly, nor-
mal-distributed data will have a tendency to concentrate in the tails (xxiv). Based on these informa-
tions, it is assumed that a hyper exponential linear relationship between NDVI and LAI would pre-
dict a reliable estimation of LAI. Hence, in the present study a new empirical linear relationship 
between LAI and hyper exponential NDVI was used to calculate LAI from the earth observation 
data. NDVI map generated using the formula, NDVI= (RNIR – RRED)/RNIR + RRED), from the subset of 
the hyperspectral data using bands 26(NIR-810nm) and 17(Red-677nm).  

RESULTS 
Spectral Angle Mapper 
A library containing spectra of  land cover types Corn, Winter Wheat, Rye, Oat, Barley, Potatoes, 
Meadows and Pastures was used to compare error metrics from the SAM. 

Table  1: Error Matrix resulting from SAM classification . 

Classes u a b c d e F g h i T.class Pd.Acc%

u-Unclassified  30 314 39 264 12 163 19 105 111 1057  

a-Corn  4652 855 116 0 0 11 102 0 0 5736 91,7 

b-WiseIntensive  4 1788 1087 31 0 567 52 1 414 3944 31,36 

c-PasturesIntensive  0 116 88 67 0 16 1 0 62 350 3,56 

d-WinterWiezen-stand 0 0 0 1110 0 0 0 0 516 1626 45,29 

e-Winterwheat Harvest 0 6 0 203 512 0 0 969 207 1897 81,14 

f-MeadowsExtensive  0 384 192 29 0 335 0 0 0 940 24,26 

g-Potatoes  386 2123 952 28 0 261 71 0 264 4085 28,17 

h-WinterRye  0 0 0 0 107 0 0 559 48 714 34,21 

i-Oat  1 116 0 719 0 28 7 0 837 1708 34,04 

T.Gr.Truth  5073 5702 2474 2451 631 1381 252 1634 2459 22057 41,5 

User´s Acc%  81,1 45,33 25,14 68,3 27 35,6 1,74 78,3 49 46,05 
OA=45,1
1 

Kappa coeff 0,36 OA = Overall Acuracy        

The resulting classification map shown as a subset of the whole catchment in figure 5, and corre-
sponding error matrix is displayed in the table 1. The overall performance was very poor with over-
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all accuracy reported to be only 45,11% and a kappa coefficient of 0,36. The overall user accuracy 
was very marginal with only 46,05% compared with the over all producer´s accuracy obtained as 
41,5%. The feature class corn (sea green in the figure 5) is well classified with overall producer´s 
accuracy of 91,7% and overall user’s accuracy of 81,1%. Second most pronounced feature class is 
oat with a user´s accuracy over 78%. Harvested winter wheat showed a producer´s accuracy of 
81,14% but a very poor user’s accuracy of only 27% with high omission error with 107 pixels clas-
sified as oat. All the four types of grass lands show misclassification due to spectral signature re-
semblance.  

 

Figure 5: Subset of Study area with SAM classifications (left) corresponding to a masked CIR sub-
set of the study area (right). 

Maximum Likelihood classification 
The same subset as shown in figure 5 is used to classify land cover with the maximum likelihood 
method. Once again 109 bands were selected but the land cover units to be classified were re-
duced to six classes. The results of the error matrix is shown in the table 2 and the subsequent 
classified image is shown in figure 6.  

Observation of this table would vindicate that 10 pixels from winter wheat harvest are not classified 
while 2 pixels from winter Barley are misclassified to the same class. As expected once again 
there is a lot of confusion with the grass lands, notably Pastures Intesive and to a lesser extent 
Meadows Intensive both showing omission and commission errors. Pastures intensive is highly 
misclassifed and confused with Meadows Intensive resulting in a producer’s accuracy of 48,9%. 
The overall producer’s accuracy is reported to be 91% and overall user’s accuracy is reported to 
be 95,6%. 
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Table2. Error Matrix of the sub set of the scene with 6 categories of land cover units 

Classes a b c d e f T.class Pd.Acc% 

a-Wint wheat Harvest 2159 0 0 0 2 0 2161 99,54 

b-MeadowsIntensive 0 6502 1471 0 0 0 7973 98,74 

c-PasturesIntensive 0 83 1392 0 0 0 1475 48,48 

d-MeadowsExtensive 0 0 8 534 0 0 542 100 

e-WinterBarley 10 0 0 0 1750 0 1760 99,89 

f-Corn 0 0 0 0 0 4474 4474 100 

Total Class 2169 6585 2871 534 1750 4474 18385 91,01 

User´s Acc.% 99,91 81,55 94,37 98,52 99,43 100 95,63 OA=91,4 

Kappa Coefficient 0.885 OA= Overall Accuracy     
 

 

 
Figure 6 : A sub set of the test area classifed with maximum likelihood method into 6 land cover 
units shown in coparision with  the training areas distribution on the right image.  
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Estimation of Leaf Area Index 
The calculation of LAI was based on NDVI. The NDVI for a subset of the study area can be seen in 
figure 7. 

 

 
Figure 7: NDVI Map shown as a subset of HyMap data 

LAI = 0.45exp(exp NDVI) 

In the results shown in Figure 8 LAI as derived from the hyper-exponential formula varies between 
0.6 and 6.8 which is close to field measurement values of 0.6 and 7.48 with coefficent of determi-
nation (R²) of 0.984 as shown below table 3. In this investigation the hyper-exponential function 
proposed and applied to NDVI resulted in a relatively good agreement with the ground measure-
ment of LAI. 

 
Figure 8:  Leaf Area Index based on NDVI 
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Table 3: Linear Correlations between Ground Measured LAI and HyMap reflectance Derived LAI 

   
Gronnd_LA
I 

Hy-
Map_LAI 

Pearson Cor-
relation 1 ,984(**) 

Sig. (2-tailed)   ,000 

Ground_LAI 

N 16 16 
Pearson Cor-
relation ,984(**) 1 

Sig. (2-tailed) ,000   

HyMap_LAI 

N 16 21 
**  Correlation is significant at the 0.01 level (2-tailed). 

DISCUSSION 
Vegetated surfaces are one of the most complex types of optical bodies in the natural environ-
ment, which is actually confirmed by the classification results. A closer look at the error matrix in 
the examples shown on this study would suggest that the SAM classified the cover type Corn quiet 
distinctly compared to other cover types due to its growth and dense canopy at the time of data 
take, showing a high reflectance values. The endmembers were derived from the scenes as mean 
reflectance values of the respective class regions of interest. While overall reflectance for any par-
ticular land cover class may be higher or lower than the mean spectrum, the reflectance pattern is 
a linearly scaled version of the mean overall reflectance pattern (xxvi). The knowledge of individual 
land covers exhibiting a range of linearly scaled possibilities can be advantageously used in the 
SAM classification decision rule, thus avoiding the problem of misclassifying land covers that are 
linearly scaled versions of the particular reflectance pattern. Examination of the rule images, result-
ing from the SAM classifier in the form of 11 layers of single grey bands representing each end-
member showing the angular distance of each endmember from their respective reference spec-
trum in radians, gives a visual idea of the difference in the endmember images that possess differ-
ent spectral similarities from the input image. Hence smaller values mean more similarity and these 
are the darker pixels in the image and vice versa. 

As far as Corn is concerned, the crop seems to be fully grown with a dense canopy giving a very 
high reflectance value, whereas Meadow Intensive is the dominant cover type in the entire catch-
ment as also evident from the ground truth map. Figure 10 shows the spectral response patterns 
for the four types of grass lands for the two management practices (Intensive and Extensive). From 
these patterns, we see that the grassland types are spectrally not clearly distinct. Specially in the 
visible range, the two grass land types, Meadows both intensive and extensivee are extremetly 
overlapping in the visible range. Similarly in the infrared region, it is difficult to distinguish between 
Pastures Intensive and extensive. Hence the high misclassification between different grass lands 
is attributed to their spectral signature overlapping during the growing season of August 2003 
when this data was recorded. 

The classification results of probability based maximum likelihood classifer showed some encour-
aging results. The example analysis above demonstrates an acceptable estimate of overall accu-
racy of the land cover classifications. Among the six dominant cover types: Corn, Winter Wheat 
Harvested, Meadows Intesive, Pastures Intensive, Meadows Extensive and Winter Barley classi-
fied, Meadows Intesive and Pastures Intensive show some commission and ommission errors, 
hence causing confusion. 

The results also confirm a good second order, non-singular class statistics required for successful 
classification. Hence, the class mean vector and covariance matrices are very well evaluated with 
tha overall inter-class seperability being satisfactorily achieved as 2 according to the JM distance. 
This increases the importance of having adequate numbers of training samples when estimating 
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high dimensional density function parameters, and of using lowest dimensionality which would pro-
vide good results. 

In summerizing the discussion above, the class category Corn, Winter Wheat Harvested, Oat, and 
Winter Barley were very well represented by the training samples over the entire scenes from dif-
ferent example analyses. With some confusion among the grass lands, these representative 
classes are also successfully discriminated. 

 

Figure 10:  Overlapping spectral signatures four types of grass land. 

In general, however, the hyperspectral image analysis relies more on physical and biophysical 
models rather than on pure statistical techniques such as maximum likelihood classification. A 
growing number of studies have focused on evaluating spectral indices interms of their sensitivity 
to vegetation biophysical paramters (xx). In the present work, Normalized Difference Vegetation 
Index (NDVI) was computed based on NIR = 810 and Red = 677 portion of the EM wavelength 
range. Based on this index a new hyperexponential function linearly related to leaf area index (LAI) 
and NDVI was proposed and LAI values over the scene were computed. The resulting LAI values 
were within the range of 0.6 to 6.8 which is quite in line with one can expect from remote sensing 
data. 

Althoug the correlation of ground measured LAI and overall scene based computed LAI seems to 
be very good, it was not correlated with the exact GPS location points with those points where LAI 
data on ground was gathered. 

CONCLUSIONS AND OUTLOOK 
The goal of this research was to develop land cover classifications for parameter retrieval from 
grasslands using hyperspectral data recorded on 4th August 2003. Supervised classification ap-
proach was used to create these products and to evaluate their merits. It is observed that semi-
automatic supervised classification can be developed successfully from HyMap imagery. The use 
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of hyperspectral sensor with spatial resolution of 5m was very useful in discriminating some of the 
major existing land cover units.  

The reason why the overall best accuracy of only 46% was achieved with SAM classifier when 109 
bands were used for the single scene is basically attributed to the accuracy assessments method 
based on ground truth regions of interest in which the sample size of classes were not representa-
tive enough as compared to the ground truth shape file. However SAM have successfully classified 
the crop Corn, Winter Wheat Harvested, Oat and Rye. Confusion was noticed among four grass-
lands and between grass lands and Potatoes. This is not fully in agreement with some of the re-
search work reported (xxvi) in which SAM results outperformed maximum likelihood classifier re-
sults. 

On the other hand maximum likelihood showed encouraging results in almost all the analysed ex-
amples. The overall accuracy reported was more than 85% which is a commonly acceptable norm. 
Also careful examination of error matrix would reveal that the individaul class categories resulted in 
a very good overall user’s and producer’s accuracy for Corn, Winter Wheat, Oat, Winter Rye as 
well as three grassland types except Pastures Intensive which reported very low producer’s accu-
racy. Pastures intensive reported errors of comission and errors of omission in particular with Pota-
toes. These results are however complying with some other studies using hyperspectral and mul-
tispectral data (xvii,xxviii) 

The results of parameters extractions like LAI over the entire scene are in good agreement with the 
ground data. However the LAI values collected at the DGPS locations did not fully confirm with the 
estimated values point by point when a point shape file from measured LAI was evaluated and 
compared to the estimated LAI. The newly proposed empirical linear relationship between LAI and 
hyper exponential NDVI values resulted in a LAI, which ranged between 0.6 and 6.8 which is in 
confirmation to generally expected LAI values from satellite data. 

Finally it is observed that classification of different grass land types with a single data take is not 
easily possible simply as Meadows and Pastures differ particularly at subpixel microstructures and 
also due to the ecological variations of these grass lands and the mangement intensities practiced 
with many cuts per annum. It is believed that multi-temporal resolution imagery would discriminate 
these grass lands quiet successfully as different phenological stages can be used as input to the 
classification model. Multi-temporal resolution is essential for inventories of such intensively man-
aged grass lands as information about different phenological stages would help in discrimination of 
meadows and pastures and hence to use the output products for model inversions. Object based 
decision tree hierarchical classifications would be a viable option for the classification of such a 
data set. 
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