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Abstract: The LAl is a key parameter used to describe the exchange of material and energy between
soil, vegetation and the atmosphere. It has become an important driving datum in the study of car-
bon and water cycle mechanism models at many regional scales. In order to obtain high temporal
resolution and high spatial resolution LAI products, this study proposed a method to combine the
high temporal resolution of MODIS LAI products with the high spatial resolution of Sentinel-2 data.
The method first used the LACC algorithm to smooth the LAI time-series data and extracted the
normalized growth curve of the MODIS LAI of forest and used this curve to simulate the annual
variation of the LAl Secondly, it estimated the LAI at the period of full leaf spread based on the
traditional remote sensing statistical model and Sentinel-2 remote sensing data as the maximum
value of the forest LAl in the study area and used it to control the LAI growth curve. Finally, the
time-series LAI data set was created by multiplying the maximum LAI by the normalized forest LAI
growth curve. The results indicate that: (1) the remote sensing statistical estimation model of LAI
was developed using the atmospherically resistant vegetation index ARVI (R? = 0.494); (2) the
MODIS LAI normalized growth curve keeps a good level of agreement with the actual variation.
This study provides a simple and efficient method for obtaining effective time-series forest LAI data
for the scope of small- and medium-sized areas.
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The forest ecosystem is the main component of the terrestrial ecosystem [1,2]. Esti-
mating the distribution and change of carbon storage in forest ecosystems is helpful for
understanding the relationship between carbon sources and sinks [3-5]. The leaf area in-
dex is an important parameter for describing vegetation growth and one of the main pa-
rameters in ecological and climate models. It is defined as the sum of the one-sided area
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consumption. Statistical estimation models [21-24] estimate the leaf area index by estab-
lishing linear or nonlinear relationships between the LAI and vegetation index, which
have the advantages of few parameters and easy implementation. They are often applied
to LAI estimation in smaller areas [25-28].

At present, a number of world-wide LAI products have been produced from many
different types of satellite remote sensing data [29,30]. These products use multifarious
methods for retrieval and have their own spatio-temporal resolutions. Table 1 lists the
major LAI products in the world. It can be seen from Table 1 that the MODIS LAI has the
highest spatial-temporal resolution (4 days, 500 m) in the system that is still running. Be-
cause of frequent clouds and other factors, the existing LAI products may be provided
with anomalous time-series characteristics. In order to break through these difficulties, a
few reconstruction methods, according to the principles of the statistical filtering and the
data assimilation, have been put forward [31-33]. The reconstruction method based on the
dynamic change mechanism model can restructure time-series LAI data by attaching ad-
ditional data [34]. By attaching the radiative transfer model to the dual logic LAI time
model, the time-series MODIS reflection data are used to restructure the time sequent LAI
product [35]. At present, high time resolution LAI products are widely available in vege-
tation phenology dynamic monitoring, as well as crop yield prediction. Verger et al. [36]
characterized the baseline phenology of the vegetation at the global scale from the GEO-
CLIM climatology of the LAI estimated from the 1-km SPOT-VEGETATION time series
for 1999-2010. Xun et al. [37] proposed a method that combines sparse representation and
harmonic characteristics derived from the time-series MODIS LAI to identify crop plant-
ing areas to the north of the Yellow River in the North China Plain, where winter wheat
and maize are widely cultivated.

Although the current MODIS has provided LAI data products on a global scale time-
series, which provides a good data source for studying the temporal variation pattern of
the LAI, the spatial resolution of the products is not high enough (500-1000 m) and is too
rough to satisfy the demand of the high spatial resolution remote sensing requirements.
Distinct types of land use are usually mixed together, and the appearance of mixed pixels
can have an effect on the correctness of the land use type. Therefore, it is necessary to
study how to knit the advantages of the MODIS data and high spatial resolution satellite
data together [38-41].

Table 1. Characteristics of Global LAI Products.

LAI Spatial Temporal
Product Sensor Resl())lution Resollzltion Span References
MOD15 TERRA-AQUA 1 km 8 days Since 2000 Knyazikhin et al. [42]
GIMMS3g AVHRR 8 km 15 days 1981-2011 Zhu et al. [43]
GEOV1 SPOT 1 km 10 days Since 1998 Baret et al. [44]
GLASS MODIS 0.5 km 4 days Since 1981 Xiao et al. [29]

The existing spatio-temporal reflectance data fusion research mostly stems from
Landsat and MODIS [45-47]; the spatio-temporal data combining of the series of Sentinel
data is less involved. Sentinel-2 has higher spatial resolution and a wider spectral response
range than Landsat and MODIS [48-50]. After spot and Landsat satellites, the European
Space Agency (ESA) launched the Sentinel-2 multispectral satellite in 2015 to monitor the
land surface. Sentinel-2 has 13 multispectral bands, including 10 m, 20 m and 60 m bands.
As a consequence, it provides surface reflectance data of many different wavelengths. A
few bands of Sentinel-2 provide a higher resolution than Landsat 8 [51]. Due to the exist-
ence of long wavelength red-edge bands, it is quite serviceable vegetation change moni-
toring [52-55]. At present, studies have been conducted to retrieve the LAI using Landsat
and Sentinel-2 data, and the accuracy of the vegetation growth monitoring is good [56—
59]. Sentinel-2 has a high spatial resolution; nevertheless, the temporal resolution
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commonly requires more than 5 days, and it is hard to obtain sufficient cloudless images
in areas with less sunny days. In some areas, the image is incomplete, making the revisit
cycle twice or more. These factors make it more difficult to obtain clear high spatio-tem-
poral resolution time-series images. Phiri et al. [60] concluded that Sentinel-2 images are
affected by cloud cover, hence limiting its applicability in cloud-prone areas.

Due to the technique and cost input, the current satellite sensors cannot fit the re-
quirements of high spatial resolution and high temporal resolution at the same time
[61,62]. Therefore, many spatio-temporal data combining methods have emerged in recent
years. The spatio-temporal adaptive reflection fusion model (STARFM) [63] is the first
widely used mean of settlement. This method proposes that the reflectivity change trend
between high and low spatial resolution data is consistent when the pixels are pure. How-
ever, this assumption cannot be satisfied when several land use types within one pixel are
mixed together. As a consequence, STARFM has great uncertainty in small areas. At pre-
sent, spatio-temporal data combining has already been applied to estimate the reflectivity
and vegetation indices (VIs) with high spatio-temporal resolution [64-66]. These studies
show the potential application of spatio-temporal data fusion in vegetation growth mon-
itoring.

In this study, the vegetation index information was extracted from Sentinel-2 images
and LAI data were obtained from ground measurements. By establishing linear and non-
linear models between different vegetation indices and the LAI and by comparing the
estimation results, the most suitable statistical model for forest land LAI estimation was
selected. This study extracted the normalized growth curve of the MODIS LA], studied its
consistency with the measured LAI growth curve and explored the estimation method of
the time-series LAI based on the Sentinel-2 LAI statistical estimation model and MODIS
LAI products.

The structure of this paper is as follows: Section 2 introduces the overview of the
study area, MODIS LAI and sentinel-2 image preprocessing and the acquisition of ground
measurement data. The theory of the LAI inversion method and normalized LAI growth
function are introduced. Section 3 shows the inversion process, using remote sensing im-
ages and ground measurement data to carry out fast time-series forest land LAl inversion
in the Saihanba area. Section 4 discusses the results and puts forward suggestions for fu-
ture research. Finally, the conclusion is given in Section 5.

2. Materials and Methods
2.1. Study Area

The study area is located in the Saihanba mechanical forestry field, Chengde City,
Hebei Province, China, with the latitude and longitude range of 42°04'~42°36" N and
116°52'~117°39" E. The study area is 58.6 km long from north to south and 65.5 km wide
from east to west, with a total area of about 934.68 km?2. The area belongs to the southern
edge of Inner Mongolia Hunsandak Sandy, where the Inner Mongolia Plateau meets the
remainder of the Greater Khingan Mountains and the remainder of the Yinshan Moun-
tains, with an altitude of 1010~1939.9 m. It has a cold-temperate continental monsoon cli-
mate, transitioning from semi-humid to semi-arid, with long and cold winters and insig-
nificant summers. It has an extreme maximum temperature of 33.4 °C, minimum temper-
ature of -43.3 °C, average annual temperature of -1.3 °C, average annual frost-free period
of about 60 days and average annual precipitation of 490 mm. The forest coverage rate
reaches 75.5%, the total forest tree accumulation is 4.62 million m? and the soil is mainly
aeolian sandy soil, meadow soil, brown loam and grey forest soil [67,68]. The area of arti-
ficial afforestation is 573.33 km? and natural forest is 160 km?2. The tree species are mainly
northern Chinese larch (Larix principis-ruprechtii), camphor pine (Pinus sylvestris var. mon-
golica), spruce (Picea asperata) and silver birch (Betula platyphylla). The location of the study
area is shown in Figure 1.
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Figure 1. Location diagram of study area.

2.2. Data and Preprocessing
2.2.1. Remote Sensing Data and Pre-Processing

The leaves of the study area were fully expanded around July and August when the
leaf area index was considered to have basically reached its maximum value and remained
basically constant over a certain period of time. The remote sensing data used for the LAI
inversion and estimation of the maximum LAI came from the Sentinel-2 satellite image
taken on 21 August 2019, with image level L2A, good image quality and basically cloud-
free, and the remote sensing image map of the study area was obtained after clipping, as
shown in Figure 2a. At the same time, the Sentinel-2 satellite image on 25 August 2020 was
acquired to verify the leaf area estimation model, and the image preprocessing was con-
sistent with that in 2019, as shown in Figure 2b. When extracting VIs from the images, the
average value of the pixel at the coordinate center and its surrounding eight pixels was
used as the VI of the sample plot.

(@) (b)
Figure 2. Sentinel-2 true color image of study area. (a) 21 August 2019; (b) 25 August 2020.
The MCD15A3H product (orbit number h26v04) for the study area in 2019, including

LAI and photosynthetically active radiation, was obtained via the NASA website with a
spatial resolution of 500 m and a temporal resolution of 4 days, for a total of 92-time phases
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of LAl images per year. The MODIS LAI images were pre-processed with image cropping
and projection conversion to construct the time-series LAI data for 92 time phases per year
in the study area. The LAI time-series curves were extracted from the MODIS LAI raster
dataset. In this study, the time-series LAI data were smoothed using the locally adjusted
cubic-spline capping (LACC) algorithm proposed by Chen et al. [69]. The smoothed
MODIS LAI dataset was used as the base dataset for further study.

2.2.2. LAI Field Measurements

The LAI observations were collected with the LAI-2200 vegetation canopy analyzer
from LI-COR, USA, and the collection was conducted mainly on cloudy days or the col-
lection times were concentrated between 07:00 and 10:00 a.m. and 04:00 and 07:00 p.m. to
avoid errors due to direct sunlight. In this study, data were collected between 24 July 2019
and 24 August 2019, and 139 random sample plots of planted coniferous pure forests with
a sample plot size of 30 x 30 m were selected for measurement. In order to facilitate accu-
rate matching between the actual measurement points and remote sensing images, real
time kinematic (RTK) was used to locate each random sample location in the experiment.
Four points were evenly selected for observation at each sample site location and within
10 m of the surrounding area, and five LAI data were obtained and averaged as the obser-
vation results of one sample site. Between 10 August 2020 and 22 August 2020, 47 of the
139 samples measured in 2019 were randomly selected for repeated measurement, and
the measurement method was consistent with that in 2019.

Field LAI time-series measurements of the study area were conducted in 2019 using
LAI-2200, with four sample plots. The size of each sample plot was 30 x 30 m, and the data
were collected between May and October, 2019. Field measurements of the sample plots
are shown in Figure 3. Coordinates of the time-series LAI sample plots are shown in Table 2.
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Figure 3. Field measurements of the sample plots. (a) The location of the sample plots; (b) LAI field
measuring method.
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Table 2. Coordinates of the Time-series LAI sample plots.

Sample Plot Coordinates
I 117.3185° N, 42.40883° E
I 117.2736° N, 42.44807° E
11 117.2676° N, 42.44339° E
v 117.2674° N, 42.44396° E

2.2.3. Forest Type Data

Using the ArcGIS 10 software and the small-group distribution vector data of the
study area, we generated stand type raster data based on its stand type and stand age
fields as a reference basis for the stand type and stand age.

2.3. Methods
2.3.1. Construction of Remote Sensing Model for LAI

Referring to the previous research results [70-72], the NDVI Normalized Difference
Vegetation Index (NDVI), Simple Ration Index (SR), Difference Vegetation Index (DVI)
and Atmospherically Resistant Vegetation Index (ARVI) were selected as the input param-
eters of the model. The specific calculation formulae are shown in Table 3.

Table 3. Expressions for Vegetation Indices.

Vegetation Index Formulation
NDVI (NIR-R)/(NIR +R)
SR NIR/R
DVI NIR-R
ARVI (NIR-RB)/(NIR + RB), RB = NIR-y(B-R)

NIR, R and B are the surface reflectance of band 8, band 4 and band 2 of Sentinel-2 image, respec-
tively, y is a variable related to aerosol type and properties, with a value of 1.0.

In this study, the estimation of the LAI was carried out in the following three ways:
(1) constructing linear and nonlinear estimation models using a single vegetation index,
i.e., establishing linear, exponential, logarithmic, multiplicative power and quadratic pol-
ynomial regression models for each vegetation index, separately, with the LAL (2) con-
structing multivariate linear estimation models using multiple vegetation indices; (3) es-
tablishing principal component regression analysis models for computational analysis.

To compare the differences in the LAI estimation by the different vegetation indices
and different estimation models, the measured LAI values in the study area were divided
into 110 training samples and 29 test samples. The vegetation indices were substituted
into the regression equation calculated from the training set to obtain the estimated value
of LAl,,q, and then the coefficient of determination R? and root mean square error
RMSE of the regression equation were calculated for the calculated result LAL,,; and its
corresponding true value of LAl .q;. The degree of correlation of the equation fit is judged
according to R?, which has a value of between 0 and 1. If R? is closer to 1, it indicates
that the reference value of the fitted equation is higher. The calculation formula of R? and
RMSE are as follows.

For linear regressions:

R*=1 - ?:1(LAImodi - LAIreali)z/Z?=1(LAIreali - LAIrealavg)2 (1)
For non-linear regressions:

Riajust=1 = (1 =R*)(n-1)/(n -k -1) )

RMSE = \/Z?=1(LAImodi - LAIreali)Z/n (3)
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Here, n is the number of samples, k is the number of independent variables. If R? is
closer to 1 and RMSE is closer to 0, the estimation result of the model is closer to the real
value.

2.3.2. Normalized LAI Growth Function and Daily LAI Calculation

LAI(t) represents the growth function of the LAI with time, which is closely related
to the stand type, stand age and stand density. LAI(t) of temperate forest is a single peak
curve. The normalized LAI growth function LAl,,-(t) is also a single peak, indicating
the growth degree or defoliation degree of leaves. The calculation formula is as follows:

LAInorm (t) = (LAI(t) - LAImin)/(LAImax - LAImin) (4)

Here, t indicates the number of days in the day sequence. LAI(t) represents the LAI
value at time ¢, i.e., the LAI growth function. LAl (t) represents the normalized LAI
growth function, which changes with stand age and stand type. LAl,;, is the minimum
value of LAl in a year. LAl,,, represents the maximum value of LAl in a year, which
occurs after complete leaf spread and changes little in a period of time, during which all
LAI measurements can be used as LAl -

The object of this study is a cold temperate coniferous forest, and the LAl;, is ap-
proximately 0; then, Equation (4) is simplified to Equation (5), and LAL,qm(t) is ex-
pressed as the proportional fraction of LAI(t) and LAlLqy.

LALyorm(t) = LAI(t)/LALpqy ®)

LAK) = LALyorm(t) * LALyqyx (6)

Due to the difference in stand density, the LAI(t) of every location is different. The
LAI(t) obtained in a large area cannot represent the LAI of each internal sub area; that is,
the LAI value extracted from the large pixel of the MODIS LAI data cannot represent the
LAI value of its internal sub area. However, the LA, (t) of the identical stand type or
similar age are basically consistent, and the LAl (t) obtained on a larger MODIS raster
area with a single stand type or similar age can almost represent the normalized growth
of the LAI of each small image within the large image. If the LAl (f) and its LAl,,, are
obtained for the small image element, the LAI growth curve can be obtained according to
Equation (6). The single image element of forest stand types and the normalized LAI
growth function can be extracted from MODIS LAI products as the corresponding
LAL, pym(t) of the small image element. The spatial resolution of the Sentinel-2 image is 10
m, which is a more suitable data source for extracting the LAl,,, on the scale of small
and medium areas. LAl,,, distribution maps can be obtained according to the tradi-
tional LAI remote sensing inversion model and the Sentinel-2 image obtained at the com-
plete vegetation spreading leaf period, and the 10 m resolution LAI distribution maps can
reflect the spatial heterogeneity of the LAI in small and medium-sized regions.

3. Results
3.1. Remote Sensing Model of LAI in Saihanba Area
3.1.1. Univariate Regression Analysis

Establish the single factor linear regression model and quadratic, logarithm, power,
exponential and other nonlinear regression models with four vegetation indexes and LAI,
respectively, and calculate R? and RMSE. The results are shown in Table 4.
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Table 4. Comparison of Unitary Regression Models.

VI Equation Type Regression Equation R? RMSE
Linear LAI=12.786NDVI - 7.48 0.392 0.457

Quadratic LAI=-24.742NDVI* +53.13NDVI - 23.933 0.393 0.454

NDVI Logarithm LAI=10.422In NDVI +4.093 0.393 0.454
Power LAI = 6.243NDV[38%* 0.423 0.443

Exponential LAI=0.071exp(4.662NDVI) 0.42 0.444

Linear LAI'=0.198SR + 0.964 0.374 0.463

Quadratic LAI=-0.012 SR? + 0.448SR -0.356 0.381 0.459

SR Logarithm LAI=2.068In SR + 0.865 0.385 0.457
Power LAI = 0.493SR%74? 0.401 0.451

Exponential LAI=1.438exp(0.066SR) 0.375 0.461

Linear LAI=0.001DVI +0.825 0.198 0.525

Quadratic LAI=-2.384 x 107 DVI? + 0.002DVI +0.151 0.208 0.519

DvI Logarithm LAI=1.375In DVI-1.48 0.207 0.519
Power LAI =0.088DV %459 0.186 0.526

Exponential LAI=1.953exp(0.002DVI) 0.178 0.529

Linear LAI=10.729ARVI - 5.992 0.429 0.443

Quadratic LAI=-2.229ARVI? + 14.381ARVI-7.479 0.43 0.44

ARVI Logarithm LAI=8.777In ARVI + 4.509 0.429 0.441
Power LAI =5.258ARV 337 0.499 0.413

Exponential LAI=0.102exp(4.043ARVI) 0.493 0.415

From the results of the linear and nonlinear regression models of the LAI and single
vegetation index, the optimal regression equation of the DVI is a quadratic equation, and
the respective optimal regression equations of the NDVI, SR and ARVI are power equa-
tions. The regression models of the NDVI and SR are not as effective as the ARVI], the
estimation effect of the power regression equation of the ARVI and LAI was the best (R?
= 0.499, RMSE = 0.413), while the regression model of the DVI and LAI was relatively
worse than that of the other three single factor regression models of the vegetation index.

3.1.2. Multiple Linear Regression Analysis

Four vegetation indices were selected to study the multivariate linear statistical
model with different combinations, and the R? and RMSE were calculated to find the best
combination of vegetation indices; the results are shown in Table 5.

Table 5. Comparison of Multiple Regression Models.

VIs Combinations Regression Equation R? RMSE
NDVI, SR LAI=13.716NDVI - 0.0145R - 8.075 0.519 0.403
NDVI, DVI LAI=13.688NDVI - 0.000074DVI - 8.056 0.521 0.402
NDVI, ARVI LAI=11.228ARVI - 0.664NDVI - 5.859 0.528 0.399
SR, DVI LAI'=0.221SR + 0.00001DVI + 0.544 0.512 0.406

SR, ARVI LAI=0.0265R + 9.435ARVI - 5.188 0.531 0.398
DVI, ARVI LAI=10.175ARVI + 0.000069DVI — 5.672 0.532 0.397
NDVI, SR, DVI LAI=12.058NDVI + 0.03SR - 0.000097DVI - 6.981 0.533 0.395
NDVI, SR, ARVI LAI=15.109ARVI + 0.205SR - 18.42NDVI + 3.268 0.545 0.39
SR, DVI, ARVI LAI=9.832ARVI +0.000052DVI + 0.011SR — 5.461 0.533 0.395
NDVI, DVI, ARVI LAI=-4.713NDVI +13.201ARVI + 0.00019DVI — 4.496 0.539 0.392
NDVI, SR, DVI, ARVI  LAI=-18.322NDVI +0.192SR + 0.000043DVI + 15.445ARVI + 2.95 0.561 0.381
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As shown in Table 5, among the equations of the two vegetation indices, the best
effect is the DVI and ARVI (R? =0.532, RMSE = 0.397). Among the equations of the three
vegetation indices, the best effect is the NDVI, SR, ARVI (R? = 0.545, RMSE = 0.39). The
regression equation fitting effect of the four VlIs is better than the two VIs and the three
VIs (R* =0.561, RMSE = 0.381).

3.1.3. PCA Model

Using the PCA method, the principal components were extracted for coniferous for-
ests, and the contribution of each principal component was analyzed (Table 6), leading to
the development of a principal component regression model for LAI estimation based on

each vegetation index. The components in the table are the principal components C; (i =
1,2, 3, 4) derived by conducting PCA.

Table 6. Contribution rate of PCA component.

Cumulative Contribu-

Principal Component Characteristic Value Variance Contribution/% tion/Y
(]
Cy 3.523 88.075 88.075
C, 0.411 10.275 98.35
C; 0.057 1.425 99.775
C, 0.009 0.225 100.000

As can be seen from Table 6, the cumulative contribution of the first two principal
components was 98.35%, which can retain as much information about the original varia-
bles as possible. Accordingly, the principal component regression model of the vegetation
index and LAI is shown in Equation (7), with R? =0.554 and RMSE = 0.384.

LAI=3.592NDVI + 0.033SR - 0.00032DVI + 4.687ARVI — 3.553 (7)

As seen above, the R? of the principal component regression model for coniferous
forests decreased instead. Therefore, the multiple regression model of four VIs was used
in the prediction of the LAI of coniferous forests in the study area.

Using the above results to estimate the LAI of the study area on 21 August 2019, the
distribution is shown in Figure 4a, and using 29 validation data for accuracy verification,
the R? of the regression equation between the estimated LAI and the measured LAI was
0.85 (Figure 4c), which can be used as a source of LAl ,, data. At the same time, the LAI
of the study area on 25 August 2020 was estimated. The distribution is shown in Figure
4b. Overall, 47 validation data were used for accuracy verification. The R? of the regres-
sion equation between the estimated LAI and the measured LAI was 0.72 (Figure 4d).
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Figure 4. LAI distribution and regression analysis. (a) LAI distribution map of study area on 21
August 2019; (b) LAI distribution map of study area on 25 August 2020; (c) Regression analysis of
estimated and measured LAl in study area in 2019; (d) Regression analysis of estimated and meas-
ured LAl in study area in 2020.

3.2. MODIS LAI Normalized Growth Curve Extraction

The comparison of the LAI curves before and after smoothing is shown in Figure 5.
It can be seen that the LAI time-series curves showed uneven seasonal variations. There is
little difference between the LAI growth curves extracted from MODIS for age group 0 to
age group 5 of coniferous forests in the study area.



Appl. Sci. 2023, 13,8777 11 of 18

= Before smoothing +  After smoothing
-
5 g0 5
. .'.' .
- 9
K . .
! . 1 . . .
4 1 4 ofl K14
. . - » .
T o " an ’ ey
s34 Nl H ? 3 olll o -,
o i1 o . .
S f LS = - R N
= H . =
< ? s =< ! ,
-l 2 d . - 2 . 3
. o PO
P .
‘ ! ! N ! l.
- i ' ®
14 d 9 14 d I3
l...' . . "‘- * i . ~'-
w o.'.
Mﬁ‘*" W, - W""""’ \—.-"'-..-'-
0 L3 T T T T T T 0 LS T T T T T T
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Julian day Julian day
(a) (b)
.
5 - Te 5 .~
. S .
. ® ."-‘
o % 1
4 ! 44 IR
. .. 4 o |
a IR a i -
g . . g . Y
o3 150l |13 o 39 . 4
£ 1 = el |
8 . £ .
= % . 1 = . .
< - < *
- 2 ' ! % - 2 . H
', H P !
' - 1 ' * ! b
14 " 14 d ':
. .
. . ~| . w . "i-
\
w‘ g.w‘ ':C- . ‘""""M._..
“ T L T L T T T 0 g | T T T T L T
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Julian day Julian day
(©) (d)
5 - 5
- %
! e Y 1L
4 LIPS 44 ' e 3
' | y .
o ’ o TR
= . . . = - '
s34 - T34 .
e i .~ .
) . e 2
: . :' : . .
= [] 4 = d ® ..
- 2 . : . - 24 *
. . g ) ] . °
- . H ’ s
.
' . .o .' A
.
14 \ 14 4 .
. 9 '.~- '.
et . " N .~ .
R : ."""“-4# '*-....‘-*“—.'v . et “WAP
5
0 T T T T T T T 0 T T T T T T T
0 50 100 150 200 250 300 350 0 S0 100 150 200 250 300 350
Julian day Julian day
(e) (f)

Figure 5. Comparison for different age groups of coniferous forest LAI curves extracted from
MODIS before and after smoothing. (a) Age group 0 (0-10a); (b) Age group 1 (11a-20a); (c) Age
group 2 (21a-30a); (d) Age group 3 (31a—40a); (e) Age group 4 (41a-50a); (f) Age group 5 (>50a).

From Figure 6, there is a visible difference between the LAI growth curves extracted
from MODIS and the measured LAI values. One of the main reasons for this difference
was the scale mismatch between the estimated value and the measured value. Despite this
difference, the MODIS-extracted LAI curves remained consistent with the growth trend
of the actual LAL In order to better illustrate this problem, this study normalized the
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MODIS LAI growth curves and the actual LAI values. As can be seen in Figure 6, the nor-
malized MODIS LAI growth curves are in good agreement with the normalized measured

LAI values.
#— Extracted value ©  Observed value
5 -
O -
44 o
5 O [¢]
¢ 4 o &
° o6
o6 °
34 o A
- . °
< .“. (<o) & ’ L ° o
£ ° C £°7 ° 9
o o o . ° o
D o) Y o ° 0
= = °
=2 “O.~ .\ = = 'l ®
= o [ ¥ e o Z 5 o e * o
- o® L4 o - o) ° o
e © Qo
° ° & . “
. L
1 o 20 ® o ° °
o] .. .. . 14 , .
S % K e
() T T T T T T T 0 T T T T T T T
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Julian Day Julian Day
(a) (b)
1.0 4 H 1.0 4 @
o® ¢
° o
o
0.8 o ° 0.8
8 8 °
& & * & o
£ RN = °
o Sed ‘. o o &
£, ] €04 o
=06 o ® > =06 -~ 8
< <
- 2 - ° *
- © * = °
2 o) 2
0.4 4 ) Lo 2044 °
= ‘&, ‘:u = 4 °
E ft" L) E %
S > © S e« 2
Z ; ° Z 0 S
5 4 < o) 2 4 J q
b ¢ e " ¢'0 QP
h f‘)’ $ ‘g""‘“ A
0'“ T T T | T T T “0 T T T T T T T
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Julian Day Julian Day
(9 (d)

Figure 6. Comparison of observed and extracted LAI and normalized LAI for two sample plots
based on MODIS. (a) LAI of sample plot I; (b) LAI of sample plot II; (c) Normalized LAI of sample
plot I; (d) Normalized LAI of sample plot II.

3.3. Daily LAI Calculation of Small and Medium-Sized Regional Scale

When calculating the daily LAI, the LAI normalized growth curve was required. In
order to make the LAI normalized curve more representative of the average LAI growth
condition of the forest stands in the study area, the vector map of the small group distri-
bution in the study area was overlaid with the smoothed MODIS LAI dataset, and the
pure forest region of interest (ROI) points of coniferous forests were selected evenly in the
study area. In order to avoid the heterogeneity of the MODIS pixels covering the surface
and including the spatial change information of the heterogeneous surface, pure pixels of
the stand type should be selected as much as possible to minimize the estimation error of
the Sentinel-2 LAI temporal and spatial distribution caused by MODIS mixed pixels, and
the extracted normalized LAI should be averaged, as shown in Figure 7. Based on Equa-
tion (6), the daily LAI calculation was realized.
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The time-series LAI data of two measured points were extracted from the daily LAI
data set of the simulated study area and compared with the measured values (Figure 8).
It can be seen that compared with the LAI growth curve directly extracted from MODIS
in Figure 6, the LAI growth curve obtained using this method matched better with the

measured LAI of the sample plot, with RMSE = 0.266 for sample plot IIl and RMSE =0.478
for sample plot IV.
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Figure 8. Comparison of simulated daily LAI and measured LAI for two sample plots. (a) LAI of
sample plot III; (b) LAI of sample plot IV.

4. Discussion

As the commonly used remote sensing data cannot meet the high spatial and tem-
poral resolution simultaneously, some researchers [51,53,73] have tried to obtain the high
spatial and temporal resolution data by fusing the high spatial resolution data and the
high temporal resolution data using the spatial and temporal data fusion model. How-
ever, there are still large difficulties and uncertainties in spatio-temporal data fusion dur-
ing summer in cloudy and rainy areas. Ovakoglou et al. [74] developed a methodology
for downscaling the coarse spatial resolution of MODIS LAl images to a higher resolution,
and the results showed moderate to high correlation for most cases, while lower accura-
cies were observed during the rainy season for all the study areas. Data fusion with high
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temporal and spatial resolution has been successfully applied to crop growth monitoring
in previous research [64,66]. However, it has rarely been applied in forest growth factor
retrieval. For the Sentinel-2 data fused with the MODIS LAI data at a 4-day interval, this
study proposes a fast forest land LAI reconstruction method at small and medium re-
gional scales to reconstruct the LAl images of the Saihanba area.

Sentinel-2 data have a spatial resolution of up to 10 m, which is higher than the Land-
sat series in all similar bands; therefore, it is helpful for producing higher spatio-temporal
fusion image accuracy. The accuracy of Sentinel-2 data depends on its image level and
processing level. Kganyago et al. [75] proposed that there are marked differences between
the processing levels and insignificant differences between the spatial resolutions of the
SNAP-derived LAIL The analysis results in this study show that the multiplicative power
regression model of the ARVI has proper inversion accuracy for the forested LAI in Sai-
hanba.

In this study, MODIS LAI data with a 4-day interval were used as the input data for
the normalized LAI curves of forest land. The unsmoothed MODIS LAI curves showed
large fluctuations, up and down, in the curves due to cloud and shadow images, but still
showed the year-round variation trend. After LACC smoothing, the stand LAI curves con-
form to the year-round variation of tree leaves. By grouping the stand ages, it can be found
that the year-round change trend of the stand LAI curve is almost the same between dif-
ferent stand ages. Therefore, this study concluded that the annual change trend in the LAI
is not related to the age of the stand.

The annual LAI extracted from the MODIS LAI was compared with the field obser-
vation, and the two were found to be in poor numerical agreement. After normalizing the
two curves separately, the trends of the normalized curves were in good agreement. This
indicates that the MODIS LAI normalized curves can better reflect the annual change of
the forest land LAIL

In this study, while the results are promising, there are several opportunities for en-
hancing the model further. First, the LAI dataset smoothed using the LACC algorithm for
MODIS LAI products fluctuated slightly during the leaf spreading period. It was specu-
lated that the reason for this was cloud interference. How to remove the cloud accurately
needs further research and improvement. Second, based on the current study, results
would be achieved if the measurements of the LAI as LAl,,,, and the LAI annual curve
are carried out jointly. Third, broad leaved forest needs to be considered to improve this
model in the future.

5. Conclusions

Saihanba Machinery Forest Farm is the largest artificial forest farm in the world. The
LAl is an important parameter to describe vegetation growth. Therefore, the acquisition
of the LAI of forest land in a continuous time-series is very important for the statistics of
the carbon storage and carbon sink of forest farms. In order to quickly obtain the forest
land LAI data with high spatial and temporal resolution, this study proposes a reconstruc-
tion method based on Sentinel-2 data and MODIS LAI data. This study analyzes the accu-
racy of the LAI data of the reconstructed time-series forest land.

The LAI curves of young, medium, near, adult and past forest ages of the coniferous
forest in the study area extracted from the MODIS LAI products had little difference, in-
dicating that the coniferous forest in the study area can use one curve to fit the annual
changes.

The remote sensing statistical estimation model of the LAI was developed using the
atmospherically resistant vegetation index (ARVI), and the R? between the estimated
LAI and the measured LAI was 0.494.

The regional daily LAI estimation method proposed in this study used MODIS LAI
products to extract the LAI normalized growth curve and the traditional remote sensing
statistical model to estimate the maximum LAI The method of simply multiplying them
to estimate the time-series LAI was applicable to small- and medium-sized regional scales.
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Compared with the measured values, the RMSE of sample III was 0.268 and the RMSE of
sample IV was 0.48. This method was simple and fast in providing effective and high-
resolution time-series LAI data for other studies at small and medium regional scales.

This study shows that the combination of high spatial resolution (Sentinel-2 data)
and high temporal resolution (MODIS LAI data) can accurately reconstruct the forest land
time-series LAl in the study area. The method in this study can be used to reconstruct the
LAI of time-series forest land with larch forests of different ages in cloudy areas. There-
fore, it is of great significance to accurately count carbon stocks and sinks on a small- and
medium-sized regional scale.
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