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Spatially and temporally complete leaf area index (LAI) time series are required for
crop growth monitoring, forest biomass estimation, and land surface process simula-
tion studies. Global LAI products currently available include the Moderate Resolution
Imaging Spectroradiometer (MODIS) LAI product. However, data quality still needs to
be improved, especially with respect to temporal continuity. In this research, a new
approach has been developed to estimate LAI time series using the data-based
mechanistic (DBM) modelling procedure. Both the nadir viewing reflectance and
anisotropic index (ANIX) time series derived from the MODIS product are used in
LAI DBM modelling and estimation, where the ANIX values are used as an auxiliary
variable to represent the bidirectional reflectance anisotropy of the vegetation canopy.
Both the MOD0O9GA multi-angular remote-sensing observations and the MOD15A2
LAI products are used in the LAI time series modelling and retrieval procedure.
Ground measurements at typical vegetation sites are used to validate the estimated
LAIL The preliminary results show that: (1) the new LAl DBM approach using nadir
viewing reflectance observation and ANIX time series can be used to improve the
continuity of estimated LAI time series. The disturbance noise introduced by using the
MODO09A1 directional reflectance observations directly can thus be reduced. (2) An
ANIX time series can represent the vegetation canopy bidirectional reflectance aniso-
tropy information and its dynamic changes. It works well in the retrieval procedure for
improving LAI time series estimation. (3) The preliminary retrieval results demonstrate
that the estimated LAIs can achieve better time series continuity than the original
MODIS LAI product.

1. Introduction

Leaf area index (LAI) (Chen and Black 1992; Pisek and Chen 2007) is used mainly to
represent land surface vegetation growth patterns and their dynamically changing status.
LAI time series derived from remote-sensing data are an essential component of environ-
mental and ecosystem research, especially for describing dynamic vegetation changes.
They also provide important biophysical parameters for atmosphere—ecosystem interac-
tion and global climate change studies (Jin, Randerson, and Goulden 2011; Lewis et al.
2012).

Researchers have focused on vegetation LAI time series estimation using remote-
sensing data (Masson et al. 2003; Baret et al. 2006; Pinty et al. 2011). Several global
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remote-sensing LAI products have become available in recent years, such as the Moderate
Resolution Imaging Spectroradiometer (MODIS) LAI product (Myneni et al. 2002;
Knyazikhin et al. 1998a, 1998b) derived using physical models. The CYCLOPES LAI
(Baret et al. 2007) and the Global Land Surface Satellite (GLASS) products (Xiao et al.
2014) are derived using nonparametric neural networks and can provide spatio-temporally
continuous LAI. These products focus on global vegetation cover applications and show
some dependence on the sampling or training data set.

To improve LAI time series continuity and accuracy, Knyazikhin et al. (1998a) and
Ganguly, Samanta et al. (2008) used multi-sensor observations to generate vegetation
canopy LAI time series. Tian et al. (2002a, 2002b) considered scale effects among
different remote-sensing products and developed an LAI estimation approach using a
vegetation growth model and multi-resolution data fusion. Because multi-sensor observa-
tions contain variations in spatio-temporal resolution and spectral response, they are
incapable of explaining the fused observation data. Wang, Wang, and Liang (2010)
used a data assimilation method to couple the vegetation growth model to a canopy
radiative-transfer model to estimate LAI. However, this method contains a complex model
structure and requires deep understanding of the models used in the assimilation proce-
dure. Jiang et al. (2010) generated spatio-temporal variations in the the MODIS LAI
product using statistical methods and used this specific information in LAI time series
prediction research. Xiao et al. (2009, 2011, 2012) carried out a series of LAI post-
processing studies, including the use of a data-filter method to generate smoothed LAI
time series and application of a data assimilation method to LAI time series retrieval.
These methods can provide accurate LAI time series modelling or retrieval of reference
data. They also demonstrate low accuracy in some local areas due to the post-processing
methods themselves.

Chen, Wang, and Liang (2012) applied a data-based mechanistic (DBM) (Young
1998) approach to model the statistical relationship between canopy reflectance observa-
tions and LAI This method used MODO09A1 directional observations and historical
MODIS LAI to estimate LAI time series for land vegetation pixels. However, this
approach did not consider bidirectional reflectance characteristics at the pixel scale
when using the MODO09A1 time series. Because the temporal continuity of estimated
LAIs needs to be improved, it is meaningful to consider bidirectional reflectance informa-
tion in DBM modelling and LAI time series estimation. The purpose of this work is to
establish an accurate and temporally continuous LAI estimation method based on DBM
methodology.

2. Methodology

The basic procedure of the new method includes: (1) forming a usable observation time
series by recalculating directional reflectances (BRFs) under the specific observation
directions of the hotspot, dark spot, and nadir view from MODO09GA data (Vermote
2011) and the corresponding anisotropy index (ANIX) introduced by Sandmeier and
Deering (1999); (2) modelling the relationship between directional reflectance and time
series LAI. Both the nadir view reflectance (NVR) and ANIX time series are used in the
DBM modelling procedure (LAI DBM); and (3) a dynamic update modelling procedure
introduced for LAI time series estimation. The previous three years’ NVR and ANIX data
were used to initialize the model structure, and the estimated LAI outputs were used as the
following year’s modelling data. In this way, the modelling data and model structure can
be updated in temporal sequence.
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2.1. Kernel-driven model and ANIX

Generally, the kernel-driven model uses linearly or nonlinearly combined kernel functions
(Roujean, Leroy, and Deschamps 1992; Wanner, Li, and Strahler 1995) to represent the
vegetation canopy bidirectional reflectance distribution characteristics. In this study, the
RossThick-LiSparse-Reciprocal (RTLSR) model was used, which is based on a semi-
empirical linear combination of isotropic, volume scattering, and geometric optic kernel
functions to generate vegetation canopy bidirectional reflectance distribution. The model
form can be described by the following equation (Lucht, Schaaf, and Strahler 2000):

R(Ha 9,0, A) = fiso (A) Jrfvol(A)Kvol(ev v, 90) JrfgeO(A)th‘O(H: v, ‘P)a H

where R(0, 9, o, A) is the bidirectional reflectance distribution function, which is deter-
mined by the illumination spectrum wavelength /A, the solar zenith angle 1, the observa-
tion zenith angle 6, and the relative azimuth . fis,(A), fio1(A), and feeo (A) represent the
isotropic, volume scattering, and geometric optic kernel weights, respectively. The kernel
weight coefficients are estimated by the least-squares method. K, (0,1, ¢) and
Koeo(0,0, @) are the volume-scattering and geometric optic kernel functions. Both of
these kernels are functions of the illumination and viewing zenith angles and their relative
azimuths. The isotropic kernel is generally kept constant and set to one. The kernel-driven
model structural form used in this paper is the same as that of the operational MODIS
BRDF products (Schaaf et al. 2002; Wanner et al. 1997). Based on multi-angular
observation time series and the kernel-driven model, the vegetation canopy bidirectional
reflectance at the nadir viewing direction, hotspot, and dark spot could be calculated. In
this research, we simply calculated the BRFs from MODO09GA data.

ANIX is defined as the ratio of a specific wavelength spectrum maximum and
minimum directional reflectance and can be calculated as shown in Equation (2). In this
study, it was introduced into the modelling and retrieval procedure to represent the
vegetation canopy bidirectional reflectance distribution information. It has a non-negative
value associated with the specific wavelength of the reflectance (Li and Strahler 1992,
Sandmeier and Deering 1999, Schaaf et al. 2002):

ANIX = REFBand_Hot/ REFBand_Darka (2)

where REFgang_not and REFgand_park represent the spectral reflectance at hotspot and dark
spot, respectively. Different values of this index can indicate the properties of bowl-
shaped, dome-shaped, or relatively flat vegetation canopy BRDF distributions (Jiao et al.
2011).

In the MODIS BRDF shape-indicator product (Schaaf et al. 2002), ANIX is calculated
by setting the solar zenith at a fixed angle of 45° and both backward and forward viewing
zeniths are also set at a fixed angle. However, this calculation may not fit the observed
geometry requirements of the hotspot and dark spot in the time series. Therefore, this
research used Equation (2) and calculated BRFs at the hotspot and dark spot to generate
ANIX in the red and near-infrared bands.

2.2.  Scattering by Arbitrarily Inclined Leaves with Hotspot (SAILH) model

Generally, the full time series remote-sensing product is meaningful for biomass and
ecosystem research. In fact, observation quality is affected by many factors, such as snow-
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Table 1. Parameter settings of SAILH model.

Canopy Parameter Unit Red band NIR band
Crop (grass) LAl m*/m? Background value
(multi-year mean/variance)
Leaf inclined angle (6,,)  Degree 45.0 45.0
Shape parameter () - 0.10 0.10
Leaf reflectance (p) % 0.12 £ 0.02 0.40 £ 0.03
Transmittance () % 0.10 + 0.02 0.50 + 0.02
Soil reflectance (pg;) % 0.07 + 0.01 0.12 £ 0.02
Sky scatter light (skyl) % 0.03 0.05
Hotspot parameter (hot) - 0.1 £0.01 0.1 £0.01
Forest LAI m?/m? Background value
(multi-year mean/variance)
Leaf inclined angle (6,,)  Degree 45.0 45.0
Shape parameter () - 0.10 0.10
Leaf reflectance (p) % 0.09 + 0.02 0.45 +0.03
Transmittance (7) % 0.10 + 0.02 0.50 + 0.02
Soil reflectance (pg;) % 0.05 + 0.01 0.12 £ 0.02
Sky scatter light (skyl) % 0.03 0.07
Hotspot parameter (hot) - 0.12 £ 0.01 0.12 £ 0.01

cover, cloud water vapour interference, and sensor fault conditions, so that the problem of
missing or invalid spatio-temporal data persists (He, Liang, et al. 2012; Xiao et al. 2011).
In this research, when sufficient multi-angular observation data of good quality for
generation of NVR and ANIX were not available during the 16-day period, it then became
necessary to fill in the missing observations (Pisek and Chen 2007).

The SAILH model was used to generate missing hotspot, dark spot, and nadir viewing
directional reflectance values at specific times. The SAILH model was developed based
on the Suits (1971) radiative transfer model by Verhoef (1984, 1998), and its forward
calculation uses LAI data as input. With reference to previous research work (Cho,
Skidmore, and Atzberger 2008; Goel and Deering 1985; Li et al. 1997; Li, Yan, and
Mu 2010; Nilson and Kuusk 1989; Sandmeier et al. 1998; Schlerf and Atzberger 2006,
Verhoef 1998), the parameter settings used are summarized in Table 1.

Given the location of a vegetation site and the observed geometry, LAI mean and
variance calculated from the multi-year MODIS LAI product were used as the background
LAI input. The canopy directional reflectance could then be simulated under specific
observation conditions. To evaluate the accuracy of the simulated directional reflectance
and make necessary corrections, a certain number of MOD0O9GA data points passed by
quality control (QC) during the specific 16-day observation cycle were used to check and
adjust the model parameters to provide an acceptable simulation output.

2.3. DBM time series data modelling

To develop a parameterized LAI time series estimation model, the DBM modelling
method was used. Young (1998) developed this method, which is particularly suitable
for modelling time series data and can provide explanations for a complex parameterized
model (Ochieng and Otieno 2009; Romanowicz et al. 2006). The model can be described
by the following equation:
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B B Byls) | 1
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where y, is the model output, which refers to the expected estimation output (filtered LAI
product data) in the modelling procedure and the estimated LAI time series output in the
estimation procedure; 4 and B are time series sequence-related polynomials, which are
both related to the model input-driven data; C denotes the error noise coefficients as
estimated by the DBM algorithm; s is the backward shift operator, determined by the
specific model structure; u;, represents the model input-driven data, which in this research
refers to the NVR and ANIX data; and e, represents the estimated model parameter error.
Polynomials 4 and B are given in the following equations (Young 2006):

B(s) = bos™ + by1s" ' + L+ b, )

As) ="+ a1s" ' + L +a,, Q)

where a, and b,, are the polynomial differential operator coefficients, which are estimated
by the modelling method; » and m are the model order numbers, which are related to the
differential operator and can be identified in the modelling procedure.

The basis of the LAl DBM approach can be described in the following form
(assuming that the model order number is 2, with the actual order number determined
by the specific modelling situation):

bios' + b byos! + b
LAI[ = Rl,z 210S i 111 2.t 220s + 121
ars* +ayst +1 ars® +apst +1 ©6)
bSOSl + b3 b40S1 + b4y
Pary,,——— 4+ Parp,——————— ,
+ rany ars? +aps! +1 + s +agst + 1 ter

where R;, and R, represent the observation time series vectors, which are constructed
from the nadir viewing reflectances in the red and near-infrared bands; Par;; and Par,,
represent the corresponding ANIX time series of the two bands; and e, represents the
model parameter estimation error vector. The backward shift operator s contains the LAI
time series dynamic translation form s"LAI, = LAI,_,. Let n = 2; that is, the backward
shift operator s can represent the estimated LAI time series in the iterative calculation
form, shown in Equation (7):

LAL = bioR1; + b11R1 -1 + baoRo s + b21 Ry -1
+ byoPar ; + by Pary ;| + bsoPary; + by Pary, (7
— a;LAL_ — a;LAL_, + e’t.

In other words, the current time-node estimate LAI, can be represented by current and
previous time-node observations, estimated LAI value, and ANIX according to the back-
ward shift operator calculation, thus providing an updated LAI, time series output. All the
coefficients and parameters involved in the modelling procedure can be initialized by
executing the DBM calculation, and the accuracy of the modelling results can be evaluated
by the corresponding coefficients of determination (R*) and the Young information criterion
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(YIC) (Young 1998). The R? indicates the accuracy of the model parameter evaluation: the
higher the coefficient, the more accurate is the model. The YIC is related to model
complexity in this study: the lower the YIC value, the more complex the model structure.

2.4. LAI estimation mechanism and procedure

LAI time series estimation procedure using time series multi-angular remote-sensing data
includes two successive steps: LAl DBM modelling and LAI time series estimation, as
shown in Figure 1.

In LAI DBM modelling (Figure 1(a)), MOD0O9GA and MOD15A2 data are selected
using QC information. The MOD15A2 LAI time series data selected are used for two
purposes: to generate temporal LAI background values for gap filling, and to provide
filtered time series data (Jonsson and Eklundh 2002) as the modelling input. The multi-
angular observations selected from the MODO9GA data are used to obtain the specific hot
spot, dark spot, and NVR and ANIX for every eight-day interval. This study uses a period
of 16 Julian days as a cycle to organize the MODO9GA data as the RTLSR kernel-driven
model input (Lucht 2001; Wanner, Li, and Strahler 1995). The accuracy of the estimated
kernel-driven model weights is influenced mainly by the observation sample distribution
and the number of observations (Jin et al. 2002). Evaluation of kernel-driven model
sensitivity to the random noise in the multi-angular reflectances observed can then be
investigated using the weight of determination (WoD) and root mean squared error
(RMSE) (Lucht and Lewis 2000). WoD evaluates the confidence level of retrieval from
a given set of angular samples, and RMSE provides a deviation indicator for the model
fits. In this research, with reference to previous research (Jin et al. 2003; Shuai et al.
2008), the generated thresholds of WoD value (less than 2.0) and RMSE (less than 1.0)
were used to determine whether there were sufficient multi-angular samples to build the
correct BRDF shape. If not, and the kernel-driven model calculation fails to generate the
directional reflectance in the specific time, the SAILH model is used to simulate the
directional reflectance and fill in the missing data gap.

The NVR and ANIX time series (¢ = 1,2,...,i) derived from the MOD09GA multi-
angular observations and the filtered time series LAI from the MOD15A2 data are then
used to initialize the LA DBM model.

'
| mobesca | | mopisax | oM | Time SeresLAIModeling |
_* + . ! Append previous estimated LAI !
ittt T iy e iy | ¥ BRF 1 (t=i+1) '
il [ ] L Time series 3o | e e e e i e i i il
1
| B P || e e
1 - 1 Kemel Data '
; 13 ; E Modl + Filling ) E | BRFrine series H
- '
E Kemel Dat. H E ! (RTLSR) (SAILH) i v '
1 L}
i i 5 i ! ' Time Series LAI Estimate H
i 2 1
\ }I ! (1=i+2) ,
' R L e L L]
! . v
1
'
i

Continues: !
Time Series LAI

Modeling Estimate 1

(1=i+k) -

1

- - - H Output: LATzer
Time Series LAI Modeling s (t=i+1)
LAI(n= DBMLA]I Model (-'\_‘VR.-: ANIX) : (i€ Time series n years;
(r=1, 2...i; i€ Time series n years) k=integers. i+ kS n)

(a) 57 § Mok rasiiosimmnorllh

Figure 1. Flow chart of LAI time series estimation: (¢) LAl DBM modelling; (b) dynamic
estimation.
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In the LAI time series estimation procedure (Figure 1(b)), temporal sequence data
(t =i + k) are used including the recalculated NVR and ANIX. These two data sets are
used as the initialized LAI DBM model inputs for LAI estimation in a continuous
temporal sequence. Furthermore, the actual vegetation growth routine can include both
the canopy and its background development as a dynamically changing process. A
dynamic LAI modelling and estimation procedure has also been developed based on the
LAI DBM model: the estimated LAI output from the previous year is appended onto the
modelling data for the LAI estimation of following year. This process is repeated to the
end of the temporal sequence. Therefore, the LAI time series model and the retrieval
procedure can be integrated together as a dynamic update process.

3. Data
3.1. Study area and sites

The study area and experimental sites include cropland, forest, and grassland vegetation
types; a detailed analysis is shown in Table 2.

The Shihezi cropland study area is located in Xinjiang, China, the main land-cover
vegetation being cotton; Luancheng and Guantao cropland study areas are located in
Hebei Province, China. All three cropland study areas have a uniform landscape, and the
ground measurements were collected from a spectrum knowledge database on typical
land-surface objects in China (Wang et al. 2009). The Larose forest site is located in
Canada, and the main land-cover vegetation is broadleaf and coniferous mixed forest. The
Fairbanks forest site is located in the USA, and the Laprida grassland site is located in
Argentina. The Le Larzac grassland site is located in France. The forest and grassland site
ground measurements were obtained mainly from the CEOS-Benchmark Land Multisite
Analysis and Intercomparison of Products (BELMANIP) data sets. All LAI ground
measurements were collected using LAI-2000, TRAC instruments, or the direct destruc-
tive sampling method. For LAI time series estimation at each vegetation site, a window 8
x 8 km in spatial extent was used as the research area; the estimated LAI pixel spatial
resolution was 1 x 1 km, and the temporal resolution was eight days.

3.2. Multi-angular reflectance observations

This research required a sufficient number of multi-angular observations to generate the
vegetation canopy bidirectional reflectance distribution. The MOD09GA data (Vermote
2011; Wanner, Li, and Strahler 1995) can provide 500 m spatial resolution for daily
observed reflectance, sensor zenith angle and azimuth, solar zenith angle and azimuth, and
data quality control information. The directional observed reflectance time series and its

Table 2. Study area/sites location and vegetation canopy type.

Study area/Site LON/LAT (°) MODIS tile Country Vegetation type
Shihezi N44.33, E85.83 H24V04 China Crop
Luancheng N37.90, E114.75 H27VO05 China Crop
Guantao N36.52, E115.13 H27V05 China Crop
Larose N45.38, E-75.22 H12V04 Canada Forest
Fairbanks N64.87, E-147.85 H11V02 USA Forest
Laprida N-36.99, E-60.55 H13V12 Argentina Grass

Le Larzac N43.94, E3.12 H18V04 France Grass
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Table 3. MODO09GA data quality control information (partly list of QC information).

Surf refl state 500 m/1 km

Bit no. Parameter Bit comb. Reflectance data state QA
0-1 Cloud state 00 Clear
01 Cloudy
10 Mixed
11 Not set, assumed clear
2 Cloud shadow 1 Yes
0 No
3-5 Land water flag 000 Shallow ocean
001 Land

a0

oy -ow

* Solar: Zeuith angle, azimuth

© Semsor- Zemith angle, azinwth.
=150 150 —150 150

(a) 180 () 2

Figure 2. Observation angular distribution characteristics for (a) crop, (b) forest.

observational geometric information can be used for kernel-driven model weight coeffi-
cient estimation.

To explore and provide a summary analysis of the MODO9GA data, the Shihezi
cropland study area (H24V04) and the Larose forest site (H12V04) were used to perform
multi-angular observation sampling analysis. This analysis included MODO09GA data
quality assurance information (part) (Table 3) and observational angular distribution
characteristics (Figure 2).

The angular distribution characteristics are shown for cropland (Figure 2(«)) and forest
(Figure 2(b)) sites in 2002 from Julian days 208 to 223 (one 16-day cycle). It is obvious
that the change in sensor position (zenith angle and azimuth) in the 16-day cycle has a
fixed path of motion, which is distributed mainly between the principal and cross-
principal planes. The solar zenith angle varied slightly, with azimuth changes following
Julian day variation during the 16-day cycle. The MODO09GA product data quality
assurance bit-number information is shown in Table 3 (part) and the data selection
qualifications include no clouds, clear sky, no ice, and appropriate land status.

3.3. LAI product

In this research, MODIS LAI product MODI15A2 data were used as the modelling
procedure input data. This input dataset was produced based on a three-dimensional
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radiative transfer model and a lookup-table method (Ganguly, Samanta et al. 2008;
Ganguly, Schull et al. 2008). Spatial resolution was 1 x 1 km and temporal resolution
was eight days, and it was the true LAI value. MOD15A2 data contain land vegetation
LAI time series from 2000 to the present, and are available online. The current product is
Collection 5 version MODIS LAI and FPAR. The product quality control information is
specified as follows: QC = 0 denotes optimal quality data, QC < 64 represents product
data produced by the main algorithm, and 64 < QC < 128 represents product data
produced by the back-up algorithm. For this research, optimum quality MODI15A2 data
(QC = 0) were selected for LAl DBM modelling and SAILH model simulation input.

4. LAI time series estimation results

Preliminary LAI estimation used all the vegetation sites listed in Table 2. The Shihezi
cropland study area (H24V04), the Larose forest site (H12V04), and the Le Larzac
grassland site (H18V04) were selected for further analysis. For each vegetation site, the
modelling time series ran from 2001 to 2003 (Chen, Wang, and Liang 2012). After
initialization of the LAl DBM model, NVR and ANIX temporal sequences from 2004
were applied LAI estimation and the estimated results are shown in Figures 3-5.

4.0
~+— DLF (Double-logistic Filter) -+ EST (Estimated LAI) — MODI15 (MOD15A2) ® A1 (MODO09A1 estimated LAI) + FIELD

35

LAT (m¥m?)

2003
Year (180:Julian Day)

Figure 3. LAI estimation result for Shihezi cropland study area (H24V04).

== DLF (Double-logistic Filter) —= EST (Estimated LA — MODI15 (MODI15A2) * A1 (MODO0YA1 estimated LAT) & FIELD

LAI (m¥m?)

2003
Year (180:Julian Day)

Figure 4. LAI estimation result for Larose forest site (H12V04).
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3.0

#~ DLF (Dquble-logistic Filter) <« EST (Estimated LAI) == MOD15 (MOD15A2) » A1 (MODO09A1 estimated LAI) 4 FIELD

LAI (m*m?)

0.0
2001 180 2002 180 2003 180 2004 180 2005

Year (180:Julian Day)

Figure 5. LAI estimation result for Le Larzac grassland site (H18V04).

Table 4. Model structure and criteria for LAl DBM modelling.

Site Model order no. R? YIC

Shihezi (H24V04) [212121] 0.87 -10.64
Larose (H12V04) [221111] 0.82 -10.16
Le Larzac (H18V04) [121121] 0.79 =7.02

The DBM modelling procedure can provide the model order number, the coefficient of
determination (R?), and the YIC to evaluate model accuracy. The model order number is
dependent on the dimension of the model input data. The structure and criteria of the
initialized LAl DBM models for the three vegetation sites are shown in Table 4.

For these three vegetation sites, the filtered MOD15A2 data from 2001 to 2003 were used
as the model input data and the filtered data curve represents the vegetation growth routines in
temporal sequence. It is obvious that the LAI estimated in this study (for 2004) has an
improved continuous LAI curve compared with the MODIS LAI product. The field measure-
ments can validate both the filtered MODIS LAI and estimated LAI, and they show that these
two types of LAI data are in good agreement with field-measured values in the temporal
sequence. For all three vegetation sites, R* values are all close to 0.8 and indicate satisfactory
accuracy for the modelling procedure. Cropland, forest, and grassland sites have their own
specific model order numbers, and YIC varies marginally among the different sites.
Preliminary estimated results indicate that the LAl DBM estimation approach can represent
the LAI time series sequence and vegetation growth characteristics exceptionally well.

Uncertain disturbance cases, such as fire, clear-cutting, and beetle infestations, may
occur in the vegetation growth sequence. To address this, a dynamic modelling procedure
was introduced to update the modelling and estimate information in real time. The Larose
forest site was used as an example to describe LAl DBM dynamic modelling and
estimation procedure. The analysis used temporal sequence data from 2004 to 2008,
and the results are shown in Figure 6.

In the LAI time series dynamic modelling and estimation procedure, the current 2004
year’s estimated LAI was appended to the previous year’s modelling data (2001-2003) to
initialize the LAI DBM model for 2005, and the observation data for 2005 were used to
generate the current year’s LAI estimate. Moving forward, the 2005-estimated LAI values
were then appended to the modelling data (2001-2004) to initialize the updated



Downloaded by [Institute of Remote Sensing Application] at 00:13 19 September 2014

International Journal of Remote Sensing 4665

7.0 -
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Figure 6. LAI dynamic modelling and estimation for Larose forest site (H12V04).

LAI DBM model for 2006, and then the 2006 observation data were used to generate the
LALI estimate; this process was repeated up to the final year, 2008. Dynamic modelling
and estimation procedures can be implemented as a continuous time series forecast. Thus
the dynamically updated model structure can accommodate cases of disturbance in the
vegetation growth sequence and initialize an objective LAI time series estimation proce-
dure. These results also indicate that introducing the ANIX into the modelling and
estimation procedure can reduce estimation disturbances, especially when the observed
data are invalid.

5. Analysis and validation
5.1. Time series character of MODIS multi-angular observations

Because multi-angular observation time series are used in LAl DBM modelling and LAI
estimation, it is necessary to analyse MODIS multi-angular observation geometry and
directional reflectance as a variable process in temporal sequencing. The Shihezi cropland
study area (H24V04) was chosen as the sample for analysis, and the solar and view zenith
angle distributions for 2004 are shown in Figure 7.
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Figure 7. Solar and view zenith angle distribution for the Shihezi cropland study area.
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Figure 7 shows that the solar zenith angle moves on a relatively stable track over the
year. In the MODO9GA data, the viewing zenith angle varies between a maximum and
minimum angle during each 16-day cycle. Especially for MODO09A1 data, because the
product takes only the optimal directional reflectance from eight days of observation,
reflectances can present significant variation during two adjacent 8-day intervals. For
example, the solar zenith angle and vegetation conditions changed slightly close to Julian
day 200. The view zenith angle varied by approximately 15° and the red band reflectance
changed by almost 0.02, but the near-infrared band reflectance changed over a wider
range, about 0.14. Another typical case is close to Julian day 250, when the view zenith
angle varied by about 25° and red band reflectance changed marginally, but near-infrared
band reflectance varied by more than 0.17. These cases indicate that when the vegetation
canopy changes marginally, MOD09A1 reflectance can vary significantly because of the
changeable view zenith angle. This means that if MOD09A1 reflectance data are used in
the LAl DBM modelling procedure, they will confuse the directional reflectance variance
that is dominated by either variable observation geometry or vegetation growth status.
Therefore, NVR and ANIX were used in this research to improve the accuracy and
continuity of LAI time series estimation.

5.2. ANIX contribution

In this research, the ANIX was introduced to LAI dynamic modelling and estimation
procedures to represent vegetation canopy bidirectional reflectance information. The
estimated LAI was compared to ground measurements, and the coefficient of determina-
tion was calculated to analyse the contribution of the ANIX to improving LAI time series
estimation accuracy, as shown in Table 5.

The coefficients of determination of cropland and forest were calculated by taking
vegetation LAI field measurements for the entire cropland (n = 18) and forest (n = 22)
study areas. Insufficient grassland vegetation LAI field measurements (n = 2) were found
to generate the statistical coefficient (NA in Table 5). For cropland vegetation, estimated
LAI using both NVR and anisotropic index (BRFs-ANIX) had the highest R* value of
0.71; that using only NVR (BRFs) had an R* value of 0.68; and that using MODO09A
data had a lowest R? value of 0.57. This indicates that the estimated LAI (EST) generated
by the proposed method had a higher correlation with the ground field value than the other
two results. Forest vegetation yielded similar correlation characteristics.

The ANIX was used to investigate the dynamically changing characteristics of
vegetation canopy bidirectional reflectance over temporal sequence. A summary of
estimated LAI and red band ANIX time series over cropland and forest sites is shown
in Table 6.

Table 5. Coefficients of determination for estimated LAI and field measurements.

Data* Crop (n = 18) Forest (n = 22) Grass
Al 0.57 0.68 NA
BRFs 0.68 0.83 NA
BRFs-ANIX 0.71 0.82 NA

Notes: *Al: estimated LAI using MODO09A1 data.
BRFs: estimated LAI using NVR.
BRFs-ANIX: estimated LAI using both NVR and ANIX (same as EST).
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Table 6. Anisotropic index with corresponding estimated LAIL

Julian day
Vegetation canopy for 2004 96 143 185 201 246 291
Crop (H24V04) ANIX (Red)* 1.29 1.44 1.80 1.77 1.49 1.89
LAI (EST) 0.17 0.29 1.21 1.97 2.85 0.26
Forest (H12V04) ANIX (Red) 0.97 2.27 3.29 3.53 3.27 0.93
LAI (EST) 0.34 1.58 4.79 5.24 5.30 1.97

Note: *ANIX (Red): Red band anisotropic index.

The cropland ANIX was slightly higher than or similar to the forest index during the
LAI low-value period, but the forest ANIX was obviously higher than the cropland index
during the LAI high-value period (between Julian days 143 and 246). Furthermore, the
forest ANIX remained at a relatively stable value (marginally higher than 3.0) when the
estimated LAI was close to 5.0. However, the cropland ANIX dropped when the estimated
LAI reached its peak value of 2.85. This particular ANIX value situation indicates that
cropland vegetation and its background can change significantly over a relatively short
time period and that its changing characteristics can be represented by the corresponding
ANIX. The forest canopy structure develops in a relatively stable way over the temporal
sequence, and its background anisotropy characteristics vary only marginally. This aniso-
tropic change can be further confirmed by referring to the coefficients of determination in
Table 5, where the cropland coefficient varies markedly but the forest coefficient only
marginally.

5.3. Validation

Ground-measured values, the MODIS LAI product, and the estimated pixel LAI for the
entire cropland and forest study areas were used to conduct a statistical comparison
analysis, with the results shown in Table 7.

The coefficients of determination were calculated for the estimated LAI (same as EST)
and ground-measured LAI; RMSE is the root mean squared error between estimated and
ground-measured LAI; bias represents the difference between estimated LAI or MODIS
LAI and ground-measured LAI (a positive value indicates that estimated LAI is higher
than ground-measured LAI, while a negative value indicates the converse); relative bias is
the ratio between bias and ground-measured LAI, as a percentage; STD is the standard

Table 7. LA statistics of study area/sites.

Bias Relative bias (%)

Study area/ Relative
site Data R> RMSE Min. Max. Min. Max. STD STD
Crop Al 0.57 056 -1.53 0.51 -60.50 78.57 0.53 0.34
(n=18) EST 0.71 042 -0.79 1.04 -59.69 4494 0.41 0.42
MODI15 052 077 -1.83 128 —72.33 105.18 0.77 0.46
Forest (n =22) Al 0.68 086 —-159 0.55 -74.20 20.52  0.42 0.21

EST 082 057 -1.43 032 —69.83 13.08 0.57 0.29
MODI5 0.70 084 —-141 182 —70.46 49.46 0.68 0.28
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Figure 8. Scatter plot of ground measurements and estimated LAI: (a) crop, (b) forest.

deviation calculated using bias; and relative STD is the standard deviation calculated
using relative bias. The maximum bias for the estimated LAI of cropland vegetation was
1.04, and the standard deviation was no higher than 0.5. For forest vegetation, the
estimated LAI maximum bias was —1.43 with standard deviation no greater than 0.6.
Meanwhile, the MODIS LAI maximum bias for cropland vegetation was —1.83, with a
standard deviation over 0.7. For forest vegetation, the maximum bias was 1.82 and the
standard deviation approximately 0.68. For both cropland and forest vegetation, estimated
LAI RMSE values were superior to those for the MODIS LAI product. This indicates that
the MODIS LAI bias level is higher than that for the LAI values estimated by the
proposed method.

To investigate the validation accuracy level of estimated LAI, the relative bias, which
is the ratio between bias and ground-measured LAI, was used. For cropland vegetation,
the ratio boundary of the estimated LAI did not exceed +60%, and the bias-ratio standard
deviation was 0.42. The ratio of MODIS LAI to ground-measured-LAI peaked at
105.18%, and the bias-ratio standard deviation was 0.46.

Scatter plots that use the entire set of LAI ground measurements for all vegetation
study areas and sites are still being constructed. The cropland scatter plot (Figure 8(a))
shows that the MODIS LAI values are much more widely distributed than the estimated
LAI values, which are closely distributed around the 1:1 ratio line. The forest scatter plot
(Figure 8(b)) also indicates that the estimated LAI values are distributed closer to the 1:1
ratio line than the MODIS LAI values.

6. Conclusions and discussion

In this research, a LAl DBM model was developed using multi-angular observation time
series. Based on a kernel-driven model and multi-angular observations, vegetation canopy
directional reflectance was calculated at nadir view, hotspot, dark spot, and the corre-
sponding ANIX time series were generated. Using these datasets in the LAl DBM
modelling and estimation procedure can reduce the disturbances introduced by the direct
use of directional observations. The ANIX was introduced to represent vegetation canopy
bidirectional reflectance information in LAI time series retrieval. This information
enriches the vegetation canopy representation and its background bidirectional reflectance



Downloaded by [Institute of Remote Sensing Application] at 00:13 19 September 2014

International Journal of Remote Sensing 4669

information, which are expressed in modelling the relationship between multi-angular
observations and LAI time series. Preliminary results show that the LAl DBM dynamic
model can capture the dynamically changing characteristics of the vegetation canopy in a
time series that can be used to update the LAI estimate. The estimated LAIs for several
vegetation sites present a stable value distribution in the temporal sequence, and a better
consistency with ground measurements than the MODIS LAI product.

The dynamically updated modelling and estimation procedure developed in this
research was validated using data from three types of vegetation site. This procedure
also has the potential to process disturbances such as fire or clear-cutting on vegetation-
covered land. Because the dynamic process can iterate the estimated LAI into the
LAI _DBM model, the temporal sequence from the updated procedure can capture vegeta-
tion variation dynamically. However, this procedure still needs further validation.

The accuracy of the estimated kernel-driven model weights is influenced by the multi-
angular observation sampling behaviour and the number of available observations within
every 16-day period. The WoD and RMSE were used as examination thresholds. If there
are insufficient multi-angular samples to build the correct BRDF shape and the kernel-
driven model calculation fails to generate the directional reflectance in a specific time, the
SAILH model simulating reflectance is used to fill the missing data gap. Further improve-
ments in regard to quality assessment threshold should be addressed in future work. One
potential problem is that the SAILH model may not be suitable for simulating directional
reflectance for sparse vegetation types such as savanna. Therefore when simulating these
vegetation types, the approach should refer to the multi-year LAI as a background value
and choose a more appropriate radiative transfer model.

Many types of multi-angular remote-sensing observations and LAI products are
available (He, Chen, et al. 2012), and comparative studies have been performed to explore
the differences and advantages among LAI products (Fang, Wei, and Liang 2012). The
estimated LAIs need much more validation and explanation in further work. The estima-
tion approach should also be applied at the regional scale and with more vegetation types.
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