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ABSTRACT
Leaf Area Index (LAI) is an important variable in environmental processes modelling. Already several approaches were proposed to model wetlands LAI with remote sensing data. However, none
of these methods was based on upscaling the field spectral reflectance measurements, which is a
matter of this paper. In this study, we used combined measurements of spectral reflectance (3502500 nm) and LAI to establish a regression model of LAI. The spectral reflectance was resampled
to the spectral resolution of a satellite hyperspectral sensor (CHRIS-PROBA) beforehand and then
used to calculate NDVI-based spectral indices. From the set of spectral indices the one with the
strongest correlation with LAI was chosen for the regression. Finally, the regression was applied to
the CHRIS satellite images and the results were analysed within the scope of different wetland
communities of the study area. The results show that the optimal regression model gives statistically different LAI values for the majority of different ground truth plant communities, rivers and
urban areas.
INTRODUCTION
Leaf Area Index, LAI (m2 m-2), expresses leaves area per the unit canopy area in the top projection
and is an important parameter in environmental modelling. Spatial maps of LAI are used in estimating hydrological processes and variables: evapotranspiration (1), hydrological modelling (2,3),
radiative transfer models (4) and many others.
Nowadays, the LAI mapping involves mostly remote sensing techniques. Certainly the most popular approach is to develop a regression between pixel values of satellite imagery and georeferenced LAI measurements. In the regression approach, both optical (5,6) and microwave sensors
(7,8) are successfully used. This method gives a straightforward way for LAI mapping, but requires distributed spatial sampling to obtain acceptable results.
Another popular approach is to develop a regression between spectral properties (e.g., reflectance) sampled in the field and measured LAI at the same spots. This method is popular for LAI
estimation of individual species, mostly crops (9). Some of the studies using the latter approach
establish the regression using the same bands as available in the satellite sensors (10,11) to show
the potential of upscaling the results with satellite images.
The aim of this paper is to establish a regression between LAI and spectral indices calculated with
field spectroscopy data. The regression is validated on a multispecies data set reflecting the true
species composition in the study area. Finally, a regression equation is used to calculate a LAI
map derived from the CHRIS PROBA hyperspectral image of the study area.
METHODS
Study area
The study is conducted in the Biebrza National Park (BNP). The BNP which preserves the biggest
wetland area in West and Central Europe is situated in north-east Poland. The Biebrza wetland
consists of three basins: Upper, Middle and Lower Basin. As a study area we selected the Upper
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Basin of the Biebrza wetlands. Important factors influencing ecosystem development in the Upper
Basin are groundwater seepage and flooding, which occur almost every year after a spring thaw
(12). The field survey is made in different herbaceous ecosystems characteristic of the study area
and interesting with regard to their water storage capacity (13). They were grouped in three types:
a) sedge communities with a management policy, mowed once/twice a year; b) sedge communities
not mowed for the last 10-20 years, and c) moss-sedge ecosystem mowed twice a year (Figure 1).

Figure 1: The three types of sedge communities dominant in the study area.
Field measurements and processing
The sampling points of the field measurements were distributed in the river valley of the Upper
Biebrza Basin (Figure 2). The field measurements were the same at each sampling point and consisted of: spectral reflectance (ASD FieldSpec 3, measurement range 350-2500 nm), LAI (LI-COR
LAI 2000) and geographical coordinates (GPS receiver). The measurements campaigns were conducted two times: 27-28 June 2011 and 29 June 2012. The differences in phenological cycle between the two measurement campaign dates provided more representative data sources for regression analysis and model application.

Figure 2: General location of the measurement sites in the study area. The background is the true
colour composite based on CHRIS image bands.
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In order to account for heterogeneity in the sensitivity of the spectroradiometer (ASD instrument)
field-of-view (FOV) the samples were acquired at several angles from the main axis; several repetitions were made at each measurement point in order to obtain representative samples. The spectral reflectance was recalculated from the original resolution to the CHRIS sensor bands using the
CHRIS spectral response function. The LAI measurements were taken in 10 repetitions at each
spot at approximately the same area as the spectroradiometer FOV.
The field measurement data set was randomly divided into validation and calibration samples prior to
further processing. The spectral reflectance recalculated to the CHRIS bands was further used to
calculate normalised-difference spectral indices, which have a general form similar to the NDVI:

i b1_ b 2 =

b1 − b2
b1 + b2

where b1 and b2 are reflectances for selected CHRIS bands. The i b1_ b 2 values were calculated for
all possible compositions of the 62 CHRIS bands. The optimum i b1_ b 2 , used to establish the regression with LAI, was selected based on the strongest correlation with the measured LAI. The
quality of the regression was evaluated based on the independent validation sample. The regression model was based on a power law in the general form: LAI = a ⋅ i b1_ b 2n , where a and n are parameters estimated with the nonlinear least squares method.
Satellite remote sensing data
The CHRIS image (background in Figure 2), was acquired on 4 June 2011. In mode 1, the CHRIS
image has 62 bands, ~10 nm widths, from 415 to 1003 nm, at 34 m spatial resolution. For our experiment only the nadir CHRIS image was used. Standard pre-processing methods of noise removal were applied and the CHRIS image was registered with ground control points at 30 m spatial resolution. The image was converted from radiance to surface reflectance by an empirical line
method using the reference spectra sampled in the study area.
RESULTS
In all, 43 samples of LAI and spectral reflectance were taken. After a random division the calibration sample consisted of 22 and the validation of 21 measurements. The strongest correlation between i b1_ b 2 and LAI was found for the CHRIS bands 52 (886 nm) and 11 (530 nm) (Figure 3);
from the two possible combinations of b52 and b11, the combination with positive correlation
( i52 _ 11 ) was selected for the identification of the regression model (Figure 3). The band 530 nm is
unusual for the NDVI calculation, as it belongs to the green part of the spectrum. However, the 530
nm band is used to calculate the photochemical reflectance index (PRI), which can be related to
LAI ( 14) as well as to the red and NIR bands.
The regression equation using i52 _ 11 to model LAI took the form: LAI = 14.508 ⋅ i 52 _ 116.245 . The fitted
model and validation are presented in Figure 4. The validation reveals r2=0.697, which is a good
score for multispecies composition LAI models. Moreover, the mean absolute error of the LAI
model was only 0.84 (in LAI units), which is equivalent to 15% of the data range.
In the final step, the regression equation was used to calculate a map of LAI using the original
bands of the CHRIS image (Figure 5). The average LAI in the analysed plant communities was:
managed meadow – 2.23; unmanaged meadow – 2.08 and moss-sedge – 1.16. In the other landscape features, easy to delineate from the satellite image, the average LAI was: river and the bank
vegetation – 0.64; urban and built-up areas – 0.09. The differences between average LAI for different plant communities of other landscape features are always bigger than 15% of the data range of
the regression-based LAI map (Figure 5). Moreover, the t-test results calculated between these
average values shows, that they are different at p-levels < 0.001 except between the managed and
unmanaged meadows which have a p-level = 0.126.
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Figure 3: Correlation matrix for CHRIS i b1_ b 2 with measured LAI. The circles indicate the two possible combinations of b52 and b11 with the strongest correlation.

Figure 4: The power law model fitted to the calibration subsample of LAI measurements (a) and the
independent validation of the model (b). The black lines follow the equations presented at the top
of each plot; the dashed red lines present the 95% confidence interval for the fitted model; the
dashed grey line is the 1:1 line.

km

Figure 5: LAI map obtained from the CHRIS image and the regression established from field
measurements.
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The results show the expected variability in the landscape features of the Biebrza River valley.
However, the data range of the LAI values is lower than the data range of measured LAI in the field
campaigns. The reason is twofold: The satellite image was acquired about 1 month before the field
campaigns, so the phenological cycle was in an earlier stage; the point measurements cannot be
directly compared with pixel values which average the area of 30 × 30 m2 and smooth the pixel
values by mixing with surrounding objects. Nevertheless, the methodology described in this paper
has a potential to be applied in other projects, if an additional spatial evaluation of the final product
is conducted.
CONCLUSIONS
The presented methodology of estimating LAI from satellite images based on combined field
measurements of LAI and spectral reflectance enables promising results to be generated. The validation of the regression model of LAI explained by field spectral reflectance resulted in a strong
co-linearity with the observed LAI and errors lower than 20% of the data range. The LAI map obtained by applying the regression model to the hyperspectral satellite image shows the expected
LAI variability in the analysed landscape features. However, LAI maps developed with the proposed method should be validated with LAI samples measured during the satellite image acquisition. As such LAI samples were not available in this research, we propose to perform a similar experiment with the mentioned validation step for further work.
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