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Abstract. This study proposes a method for the calibration of the semi-
empirical CLAIR model, a simplified reflectance model used to estimate
Leaf Area Index (LAI) from optical data. The procedure can be applied
in case of lacking of both LAI field measurements and surface reflectance
data by exploiting free of charge data as the novel high level Landsat 8
Operational Land Imager Surface Reflectance (OLISR) product and the
MODIS LAI (MCD15A3H level 4 product). This last dataset was used
as LAI reference within an iterative procedure based on the resampling,
at the MODIS pixel size, of LAI estimated from OLISR data. The pro-
cedure generated LAI information consistent with the MCD15A3H LAI
estimation. Lastly, the method was tested and statistically assessed in a
territory characterized by an extremely heterogeneous and fragmented
landscape (irrigation district “Sinistra Ofanto”) located in the Apulia
Region (Italy).

Keywords: Leaf Area Index · CLAIR model · Landsat 8 surface
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1 Introduction

Leaf Area Index (LAI) is defined as the one half of the total leaf area per unit
ground area [1] and is a key parameter implemented in a large variety of climate,
ecological and agricultural applications [2]. In particular, LAI is used as input
parameter in many biophysical models for calculating vegetation parameters as
evapotranspiration (e.g. [3,4]) and net primary production (e.g. [5]).

Direct measurements of LAI over large areas require continuous updates and
can be extremely time-consuming and not cost-effective owing to its large spa-
tial and temporal variability [6]. This is especially true over heterogeneous land-
scapes [7] in which the analysis of spatial/temporal data is required [8]. In these
cases, passive remotely sensed observations covering the visible to shortwave
infrared (SWIR) spectral region are a valid alternative to provide a rapid and
non-destructive LAI estimation [9]. Several algorithms were developed during
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the past decades to estimate LAI from remote sensing. The procedures can be
divided in four groups [10]: parametric regressions, non-parametric regressions,
physical based approaches and hybrid methods. Parametric methods (e.g. [11])
assume an explicit relationship between LAI and spectral observations (typi-
cally a vegetation index) through a fitting function built by relying on statistical
or physical knowledge of the variable and the spectral response. Among para-
metric methods, in this study was selected the semi-empirical CLAIR model
(Clevers leaf area index by reflectance) [12]. The model estimates LAI of green
canopy (vegetative stage) by means of an empirical logarithmic relationship of
the Weighted Difference Vegetation Index (WDVI) [13]. Due to the WDVI,
the model can compensate the errors related to soil background reflectance
contribute [14].

CLAIR model LAI estimation requires the soil-line slope value to calculate
the WVDI and to calibrate its own parameters: the asymptotic value of WDVI
(WDVI∞) and the extinction and scattering coefficient (α). Although these para-
meters have a physical nature, they are estimated empirically from a set of LAI
field measures [9,15–17]. However, this practice requires special attention since
field-measured and remote sensing data are different both in spatial resolution
and accuracy [18,19]. In case of lacking LAI and surface reflectance field measure-
ments, the retrieval of model parameters could be performed collecting previous
results (e.g. . [20–22]). This solution is hardly applicable because of a very great
number of soil and crop type combinations with respect to the number of pro-
duced works. Nevertheless, for its easy conception, the CLAIR model is still
utilized in many studies (e.g. [23–26]).

Image-based estimation of the model parameters can be useful to extend
the applications of the CLAIR model, especially lacking in situ measurements.
Literature has already shown that the soil-line slope can be retrieved from surface
reflectance images [27] and used to estimate vegetation biophysical parameters
or soil surface status [28]. With regard to the WDVI∞, image-based solutions
assume it as the maximum WDVI value for vegetated areas retrieved within an
image (e.g. [9,16,29,30]). In this way, it is possible to estimate LAI in all the
images. To filter out outliers, Akdim et al. [31] proposed WDVI∞ estimation
from WDVI time series, as a linear combination of their mean value and the
standard deviation retrieved in each image.

The extinction coefficient requires crop specific calibration [9] because it
describes the canopy architecture and depends on the crop type and the cor-
responding Leaf Angle Distribution (LAD) value. Vuolo et al. [16] tested a pro-
cedure to derive site-specific values of α and WDVI∞ for two study areas in
Italy and Austria. However, this solution partially solved the problem because
each new test site needs field LAI measurements to infer α. Once calibrated,
the model could be applied to the newly images without the need of new field
measurements.

The main goal of this work is to define a procedure for the evaluation of the
two parameters of CLAIR model using only surface reflectance and LAI retrieved
from satellite data. The method exploits only free of charge data. In this way is
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possible to estimate LAI without expensive in situ measurements and satellite
data acquisition.

For this purpose, Landsat 8 Operational Land Imager Surface Reflectance
(OLISR) sensor data and the four days composite MODIS (Moderate Resolu-
tion Imaging Spectroradiometer) LAI products (MCD15A3H) were selected. In
particular, Landsat 8 OLI datasets were used to implement the CLAIR model
by applying different algorithms to perform the atmospheric correction (e.g.
[15,31,32].

The proposed procedure generates LAI information consistent with the
MODIS LAI product and characterized by a higher resolution. The featured
geometric resolution is the same of the surface reflectance data used as input in
the CLAIR model. The procedure does not require the knowledge of the crop
species present in the considered area. In fact, by taking in account the mixture
of all crop types, the estimated parameters can be considered site specific (and
not crop specific). Lastly, the procedure was tested and statistically assessed
in a study area located in the Apulia Region (Italy) and characterized by an
extremely heterogeneous and fragmented landscape.

2 Study Area and Data

The study area (Fig. 1) falls within the Italian irrigation district “Sinistra
Ofanto”, a large cultivated area, characterized by an extremely heterogeneous
landscape with the presence of vineyards, olive trees, orchards and cereals.
The district is situated in the North of the Apulian Region and is delimited
by the Ofanto river at the southeast and characterized by a typical Mediter-
ranean climate with strong seasonal and inter-annual variability. The climate is
semi-arid and the irrigation system (managed by the Consortium Capitanata)
implements both reservoir and groundwater as often happens in other semi-
arid Mediterranean regions (e.g. [33,34]). For this study Landsat 8 OLISR
and MODIS LAI (MCD15A3H) product acquired in the 2013 crop year were
used. Both datasets were retrieved from the U.S. Geological Survey (USGS)
archives (https://earthexplorer.usgs.gov/). Landsat 8 OLISR data are developed
for supporting land surface change studies. OLISR products include: Original
Input Products (Level-1 data files, Quality Assessment Band file and meta-
data text file), Top of Atmosphere (TOA) Reflectance, Surface Reflectance
(SR), Brightness Temperature products and Surface Reflectance-based Spec-
tral Indices (such as NDVI, NDMI, NBR, SAVI, EVI). These data are obtained
with the algorithm Landsat 8 Surface Reflectance Code (LaSRC). Although
LaSRC is a new algorithm (that should be considered provisional), the first
test carried out showed that the LaSRC OLISR product performed better than
previous LEDAPS (Landsat Ecosystem Disturbance Adaptive Processing Sys-
tem) products [35]. This result was achieved by using the coastal aerosol band
and auxiliary climate data from MODIS for the implementation of the radia-
tive transfer model. OLISR products have inherited the properties of the pre-
vious Landsat 8 products: 30-meter spatial resolution with a 16-day temporal

https://earthexplorer.usgs.gov/
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Fig. 1. The irrigation district “Sinistra Ofanto” (North of the Apulian Region Italy)
as seen by a true color visualization of Landsat 8 (7 August 2013 - Reference System
WGS 84).

resolution [36]. Further details related to the Landsat 8 OLISR product (e.g.
data type, data range, correction coefficients, etc.) can be found in the “Provi-
sional Landsat 8 surface reflectance code (LASRC)” (https://landsat.usgs.gov/
landsat-surface-reflectance-high-level-data-products) product guide.

The site-specific CLAIR calibration was executed using the Cloud mask band
(CFmask) and the surface reflectance Blue (Band 2), Green (Band 3), Red
(Band 4) and Near Infrared (NIR - Band 5) bands. Moreover, the study area is
included in two Landsat 8 frames, named by the notation Path-Row 189-031 and
188-031 of Landsat 8 Pre-Worldwide Reference System (WRS-2). The satellite
acquisitions in these two frames are shifted by 7/9 days. For this reason, the tempo-
ral resolution of surface reflectance data for the study area is nearly doubled. In this
study eleven Landsat 8 OLISR images, acquired from 05/19/2013 to 11/02/2013
without cloud contamination over the study area, were used. The complete scene
list is reported in the Table 1.

The product MCD15A3H (level 4) is included in the latest version of MODIS
LAI and Fraction of Photosynthetically Active Radiation (FPAR) products, Col-
lection 6 (C6). It was derived from the combined use of Terra and Aqua satellite
and generated with 500-meter spatial resolution and a temporal compositing
period of 4 days. As remarked by Gao et al. using a four-day composite product
can ensure a better temporal product, particularly during the period of rapid
crop growth [2]. MCD15A3H data include 6 Science Dataset: LAI and FPAR
with their standard deviation (LAI 500m, Fpar 500m, LaiStdDev 500m, FparSt-
dDev 500m) and two quality assessment bands at the pixel level (FparLai QC,

https://landsat.usgs.gov/landsat-surface-reflectance-high-level-data-products
https://landsat.usgs.gov/landsat-surface-reflectance-high-level-data-products
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Table 1. Available Landsat 8 surface reflectance scenes and MCD15A3H LAI (M LAI)
products over the study area for the 2013 crop year.

Landsat 8 OLISR Prev. M LAI Next M LAI

Date DOY Path-Row Date DOY Date DOY

05/19/13 139 188 - 031 05/17/13 137 05/23/13 141

06/20/13 171 188 - 031 06/18/13 169 06/24/13 173

07/13/13 194 189 - 031 07/12/13 193 07/17/13 197

07/29/13 210 189 - 031 07/28/13 209 08/02/13 213

08/07/13 219 188 - 031 08/05/13 217 08/11/13 221

08/14/13 226 189 - 031 08/13/13 225 08/18/13 229

08/23/13 235 188 - 031 08/21/13 233 08/27/13 237

09/08/13 251 188 - 031 09/06/13 249 09/12/13 253

09/24/13 267 188 - 031 09/22/13 265 09/28/13 269

10/26/13 299 188 - 031 10/24/13 297 10/30/13 301

11/02/13 306 189 - 031 11/01/13 305 11/06/13 309

FparExtra QC). The MODIS LAI algorithm consists of a main Look-Up-Table
(LUT) based procedure. The LUT was generated using the 3D radiative transfer
equation [37] and exploits the spectral information content of the MODIS red
and NIR surface reflectance. When the LUT method fails, the algorithm utilizes
the backup method based on empirical relationships between LAI and the Nor-
malized Difference Vegetation Index (NDVI). Yang [38] demonstrated that the
best quality is obtained from the main algorithm.

Among the datasets stored in the MCD15A3H product the following layers
were used in this study: LAI (Lai 500m); Quality Control information band
(FparLai QC) that specifies the overall quality of the product (algorithm path
and quality of the input data); Standard Deviation (LaiStdDev 500m) related
to the uncertainty in the estimation of LAI. To consider LAI data close to the
acquisition of the surface reflectance, for each Landsat surface reflectance data
the previous and the successive MCD15A3H data were considered, as reported
in Table 1.

3 Method

The semi-empirical CLAIR model (Eq. 1) is based on a simplified reflectance
model that exploits an empirical logarithmic relationship between LAI and
WDVI [13]:

LAI = −
(

1
α

)
∗ log

(
1 − WDV I

WDV I∞

)
(1)

WDVI is a vegetation index developed to consider the influence of soil back-
ground reflectance [14]. The WDVI (Eq. 2) is defined as a weighted difference
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between the measured NIR and Red reflectance (respectively ρNIR and ρRed)
assuming as weighting factor the “soil-line slope” (a) defined (Eq. 3) as the ratio
between NIR and red reflectance of bare soil (ρNIR,s, ρRed,s):

WDV I = ρNIR − (a ∗ ρRed) (2)

a =
ρNIR,s

ρRed,s
(3)

In the next sections are described the image-based procedure proposed for
the retrieval of the soil-line slope (a), necessary to calculate the WDVI, and the
parameters of the model (WDV I∞ and α) for the selected study area.

3.1 Identification of the Soil-Line Slope (a) and Asymptotical
Limiting Value of WDVI (WDV I∞)

The evaluation of the soil-line slope started from the selection of a Region Of
Interest (ROI) corresponding to bare soil. This operation was performed for each
surface reflectance image due to the variability of the land cover during the veg-
etative season. The selection was conducted by exploiting “natural color” (Red-
Green-Blue) and “false color” (NIR-Red-Green) band combinations. In addition,
an NDVI thresholding filter was applied. In this way the pixels wrongly inter-
preted as bare soil and with NDVI value major than 0.20 corresponding to shrub
and grassland were eliminated from the ROI [39]. From each bare-soil ROIs, the
scatter plot between Red and NIR surface reflectance was calculated: the value of
soil-line slope, for the selected scene and accordingly to Eq. 3, was assumed equal
to the angular coefficient of the fitting line of the scatter plot. For the CLAIR
model, the soil-line slope of the study area does not depend from the soil water
content and thus it was calculated as the mean value of all the retrieved ones.

As stated within the “Introduction” section, in image-based estimation the
WDVI∞ is often equal to the maximum WDVI value found within the scene.
In this way, LAI can be estimated since the argument of the logarithm in Eq. 1
results greater than zero. The respect of this condition is necessary to ensure
future applications of the model to the newly images. For this reason, WDV I∞
was estimated by increasing of the 6% the greatest WDVI value retrieved among
all the surface reflectance scenes. This assumption was a consequence of empirical
and iterative tests and reduced the problem of LAI saturation when WDVI values
approach WDV I∞.

3.2 Extinction Coefficient (α)

The calibration of the extinction requires a preliminary pre-processing phase
of the MODIS LAI data to retrieve LAI values, with the best quality and the
lowest uncertainty, close to the acquisition of the surface reflectance. In this
phase, for each Landsat surface reflectance data, the previous and the successive
MCD15A3H data were considered. The elaborations, proposed in this paper,
were applied for each MODIS pixel of the study area, following the 3 steps:
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– Selection of the pixels with overall good quality: LAI retrieved using the main
algorithm and without index saturation and presence of significant clouds.
This information was carried out by the layer Quality Control (FparLai QC).

– Among the selected pixels, were selected the pixels with the minor uncer-
tainty in the estimation of LAI. This selection was carried out using the
Standard Deviation data (LaiStdDev 500m) and excluding pixels with ratio
StdDev/LAI major than 0.25.

– Lastly, LAI data close to the acquisition of surface reflectance data were
calculated as mean values, among the previous and the successive MODIS LAI
data, and only for the pixels common for both the MCD15A3H scenes. In this
way, a further quality selection of the data was performed. It was considered
the mean value since surface reflectance data occurred in the middle of two
MODIS acquisitions.

The procedure proposed for the calibration of the extinction coefficient (α) is
based on a simple method, proposed by Gao et al. [2], to retrieve LAI from
Landsat using MODIS LAI products as reference. They proposed two different
solutions to match coarse-resolution MODIS LAI data: one is to first aggregate
the Landsat surface reflectance (SR) to MODIS resolution and then compute
LAI at that scale; another way is to compute LAI from Landsat data and then
linearly aggregate these fine-scale LAI value to the MODIS resolution. This last
solution was adopted in the proposed method in which for each MODIS pixel
the Landsat LAI was aggregated following Eq. 4:

LAIMODIS =
∑n

i=1 LAILand,i(α)
n

=
∑n

i=1 f(SRLand,i(α))
n

(4)

Where f is the CLAIR model function (Eq. 1), i is the index associated with
each Landsat pixel within a given MODIS pixel cell and n is the total number
of Landsat pixels in the considered MODIS pixel cell.

The objective function (Eq. 5) of the iterative procedure is based on the
difference between LAI MODIS and the LAI Landsat aggregate at the MODIS
resolution, accordingly the previous equation. For each MODIS pixel (j), the
objective function is shown in Eq. 5.

LAIdiff,j(α) = LAIMODISQC,i
−

∑n
i=1 LAILand,i(α,WDV I∞,WDV Ii)

n
(5)

For the Landsat pixels with WDVI values negative, it was assumed LAI
(LAILand,j) equal to 0 because in these cases the LAI retrieved with the CLAIR
model is negative and therefor without physical meaning. The possible range of
α values was extended from 0.10 to 0.80 with steps of calculation of 0.025.

The range of α values was selected by analyzing previous ones retrieved in
literature and estimated by means of regression analysis between computed LAI
and field LAI measurements. These results are synthetically reported in Table 2.

In this case, the selected test range was greater than the previous ones to
extend the investigations with respect to similar studies. For each scene was
selected the value of the α parameter that determines the minor Mean Absolute
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Table 2. Soil-line slope, maximum WDVI and extinction coefficient for the CLAIR
model retrieved in literature. Parameters were estimated by using field measurements
of LAI and surface reflectance.

Reference Soil-line slope (a) WDVI∞ Extinction coefficient (α)

Vannino et al. [32] - 0.55 0.39 (0.34–0.70)

Akdim et al. [31] 1.02–1.25 0.40–0.51 0.37

Vuolo et al. [16] 1.47 (1.41–1.64) 0.60 (0.57–0.61) 0.34

1.35 (1.24–1.42) 0.52 (0.47–0.59) 0.35

Richter et al. [9] 1.2 0.50 0.8

Minacapilli et al. [25] - 0.57 0.225 (0.120–0.515)

Vuolo et al. [24] 0.90–1.10 0.64–0.68 0.40-0.47

DUrso et al. [40] 0.97–1.16 0.51 (0.45–0.54) 0.42 (0.34–0.54)

Clevers et al. [23] - 0.579 0.686 0.25–0.53

Difference (MAD (6)) computed between α Landsat retrievals, resampled at the
MODIS resolution, and MODIS LAI products. MAD was calculated over the
MODIS grid.

MAD =

∑m
j=1 LAIdiff,j(α)

m
(6)

where m is the total number of MODIS pixels used for the calibration procedure.
Lastly, the α value (valid for the whole crop season) was calculated as

the average value of the extinction coefficients retrieved among all the surface
reflectance scenes.

4 Results and Discussion

The CLAIR model parameters for each image were retrieved following the proce-
dure described in the last sections. Table 3 resumes the results of the calibration.

The soil-line slope values retrieved during the season were between 1.22 and
1.38 with an average value of 1.31. This range of values results in line with
previous similar scientific studies (Table 3).

With the computed soil-line slope value, it was possible to calculate the
WDVI for the study area and for each image. This operation was carried out both
using the mean seasonal soil-slope (amean, see Table 3) and the image specific
soil-slope values (ai, see Table 3) with the purpose to estimate the difference in
the maximum WDVI retrieved. The differences were not significant since in both
the cases the maximum WDVI retrieved (WDV IMAX), within the study area,
was equal to 0.61. This result is in line with the values retrieved in literature
as reported in Table 2. Vanino et al. [32], retrieved WDVI value of 0.55 for a
vineyard situated within the irrigation district Sinistra Ofanto. However, this
value was crop specific and was calculated to create a correspondence of pixels
with maximum vegetation cover. In order to ensure future applications of the
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Table 3. Soil-line slope, maximum WDVI and extinction coefficient values retrieved
for each satellite image in the study area using the proposed image-based method. For
each scene, the maximum WDVI was retrieved both using the corresponding soil-line
slope (f(ai)) and the seasonal mean soil-line slope value (f(amean)).

Soil-line slope WDVIMAX Extinction coefficient (α)

n. pixel n. pixel WDVI∞ = 0.61 WDVI∞ = 0.65

ROI ai f(amean) f(ai) LAI reference α MAD α MAD

267 1.22 0.44 0.45 967 0.33 0.18 0.31 0.18

477 1.40 0.61 0.61 1287 0.38 0.26 0.35 0.26

265 1.38 0.57 0.56 1096 0.35 0.30 0.32 0.29

269 1.29 0.51 0.51 1285 0.33 0.27 0.30 0.27

950 1.36 0.57 0.57 1299 0.37 0.26 0.34 0.26

770 1.34 0.55 0.55 1258 0.34 0.26 0.32 0.26

1282 1.28 0.54 0.55 1177 0.37 0.24 0.34 0.24

1315 1.24 0.52 0.52 1172 0.34 0.24 0.32 0.23

3838 1.27 0.55 0.55 1269 0.37 0.23 0.34 0.22

1522 1.30 0.60 0.60 687 0.39 0.15 0.37 0.15

2012 1.37 0.56 0.56 426 0.37 0.12 0.35 0.12

mean 1.31 0.36 0.23 0.33 0.291

max 0.61 0.61

model to the newly images, WDVI∞ was estimated by increasing of the 6%
the greatest WDVI value retrieved among all the surface reflectance scenes.
Therefore WDVI∞ was assumed equal to 0.65.

The calibration of the extinction coefficient, achieved adopting the proposed
iterative procedure, was executed after the soil-slope and the WDVI∞ retrieval.
The results depicted that the calibrated CLAIR is able to produce LAI val-
ues consistent with MODIS data. The maximum MAD value retrieved along
all the scenes was equal to 0.29 (Table 3). The MAD was close to the range of
MODIS LAI accuracy reported in the Standard Deviation layer, being the pos-
sible MODIS LAI standard deviations errors variable from 0 to 1 for LAI values
included in the range 0–4. The scatterplots between the LAI MODIS (reference)
and the LAI Landsat (Fig. 2), shows that the model tends to underestimate LAI.
This is more evident for higher LAI values (greater than 2).

In order to verify the effects of the hypothesis adopted for the estimation
of WDVI∞, the calibration procedure was iterated also with WDVI∞ equal to
the mean value of WDVIMAX (0.61). In both cases the estimated extinction
coefficient values are included in the range value found in literature (Table 2).
It is important to underline that an increment of the 6% of the WDVI∞ value
corresponds, for each scene, to a mean reduction of the 8% of the α values.
The overall MAD values retrieved were very similar for the two parameter sets.
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Fig. 2. Scatter plot between LAI MODIS and LAI Landsat retrieved using the CLAIR
model and aggregated to the MODIS pixel resolution for the surface reflectance acqui-
sition of the 07/13/2013 (DOY 194).

It globally ranges from 0.12 and 0.30 with a mean value of 0.23. The MAD
results, between Landsat retrievals and MODIS LAI products, are in lines with
the ones showed by Gao et al. [2]. They found MAD values in the range 0.07–0.80
for the High-Quality MODIS LAI pixels used as training sample.

Moreover, for each scene was analyzed the distribution of LAI values retrieved
using the two sets of parameters. Figure 3 shows the histogram related to the
scene with the highest WDVI value found (0.61). This condition was selected since
it highlights LAI saturation problems. The histograms show that by adopting a
WDVI∞ values major than the maximum one, the distribution of LAI remains
the same whereas the differences, in terms of MAD, are non-significant. The most
important consequence is that the maximum LAI value retrieved within the image
ranges from 20.79 to 8.42. However, this occurs for a very little number of satu-
rated pixels. In this way is possible t o reduce LAI saturation problems and further
extend the future application of the model for the newly images.
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Fig. 3. Histogram (bin width equal to 0.25) of LAI related to the maximum WDVI
values for the entire season (06/20/2013). The histogram considers only vegetated
areas.

5 Conclusion

This study proposes an image-based method for the calibration of the CLAIR
model using Landsat 8 surface reflectance data and MCD15A3H LAI products
as reference. The proposed procedure generates reliable LAI information with
a higher spatial resolution than LAI data used as reference. In this way, LAI
information retrieved are suitable as input in large variety of climates, ecological
and agricultural applications (e.g. crop yield prediction, evapotranspiration esti-
mation). The procedure can be applied in case of lacking both LAI and surface
reflectance field measurements and moreover it is not required the knowledge
of crops present in the investigated area. In fact, the estimated parameters of
the model can be considered site specific (and not crop specific) because during
the calibration procedure were considered the mixture of all crop types present
in the selected area. For its characteristics, image-based calibration represents a
valid solution to extend the field of application of the CLAIR model.

The method was tested and statistically assessed in a territory of the irri-
gation district Sinistra Ofanto (Apulia region - Italy). Despite the extremely
heterogeneous and fragmented landscape of the study area, the obtained results
depict that, once calibrated, the CLAIR model is able to produce results con-
form to the MODIS data. In fact, MAD values were close to the range of MODIS
LAI retrieval accuracy over all the considered scenes. Furthermore, the proposed
calibration procedure can be furtherly tested by using others surface reflectance
(e.g. Sentinel products) and LAI datasets.
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