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Abstract: The accurate and timely determination of crop leaf area indices (LAISs) assists
in making agricultural decisions. The objective of this study was to estimate crop LAls
using C-band RADARSAT-2 synthetic aperture radar (SAR) datasets and a modified water
cloud model (MWCM). The WCM was improved through two steps: (1) constructing a
vegetation coverage ratio (f,) using normalized difference vegetation indices calculated
from Landsat-8 images and introducing it into the traditional WCM, and (2) incorporating
field-collected crop height into the vegetation canopy described in the scattering model. The
proposed MWCM parameters were calibrated using an iterative optimization algorithm
named the Levenberg—Marquardt (LM) algorithm. The model’s performance before and
after improvement was systematically calibrated and validated using field data collected
from Yigen Farm (Hulunbuir City, Inner Mongolia Autonomous Region, China). The
results show that the MWCM performed better than the original WCM in four polarization
channels—HH, VV, HV, and VH—for both wheat and rape oilseed LAI inversion. HH
polarization showed the best performance using both the MWCM and WCM for wheat,
with R? values of 0.4626 and 0.3327, respectively; meanwhile, for oilseed rape, the R?
values were 0.4912 and 0.3128, respectively. The RMSEs of the wheat inversion results were
reduced from 1.5227 m?>m~2 to 1.4898 m?m~2, and those for oilseed rape were reduced
from 1.0411 m?m~2 to 0.7968 m?m~2. This study proved the feasibility and superiority of
the MWCM, which provides new technical support for accurate crop growth monitoring.

Keywords: crop; leaf area index; RADARSAT-2; Levenberg—-Marquardt algorithm

1. Introduction

In recent years, the effects of COVID-19 and regional wars have highlighted issues
relating to global food security. In the event of large-scale food shortages or surpluses,
policymakers need accurate and timely crop growth information for macroeconomic control
and the implementation of policies related to food prices, distribution, storage, and so
on [1-3].

Crop growth monitoring provides decision-makers with accurate information about
the status of crop growth, which reflects timely changes in crop yields. Crop growth
can be characterized by individual and population characteristics and depends on crop
type, species, variety, and growth stages [4-7]. The leaf area index (LAI) is a composite
index related to both individual and population characteristics of crop growth [8-10].
Furthermore, LAI information reflects not only crop growth conditions but also crop
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yields [11-14]. The LAI can be estimated via two methods: direct field sampling and
inversion using remotely sensed satellite data. Field collection of LAIs is labor-intensive
and time-consuming, while remote sensing—especially when using synthetic aperture
radar (SAR)—is a more effective way to obtain accurate crop LAls [15-18]. As an active
system, SAR is independent of sun illumination and can be used to monitor crop growth all
day and night. Additionally, SAR can penetrate clouds and smoke and provide all-weather
imaging [19-22]. These advantages have been of great interest to researchers attempting to
retrieve crop LAIs using SAR images [12,23].

The inversion models for LAI estimation can be grouped into parametric and non-
parametric algorithms. Parametric algorithms assume that the relationships between LAIs
and remote sensing features have explicit model structures. Parametric algorithms include
empirical, physical, and semi-empirical models. Nonparametric algorithms do not have
explicit model structures but determine model structures in a data-driven way [24]. Among
these models, semi-empirical models are a good compromise between empirical, physical,
and nonparametric models; they give explicit model structures, considering both physical
processes and model simplicity [25-27].

The water cloud model (WCM) proposed by Attema and Ulaby [28,29] is a typical semi-
empirical scattering model, which is popular for crop LAI estimation [30-33]. However,
since its many assumptions result in the simplicity of the model, it is often accompanied
by relatively low estimation accuracy. Thus, some researchers have modified the original
WCM to improve its inversion accuracy. For example, Bériaux et al. [34] fused the WCM
with a Bayesian framework and applied the improved model for maize LAI estimation.
They found that the improved model has great potential to improve the accuracy and
reliability of crop LAI estimation using the C-band. Hosseini et al. [12] developed the WCM
by coupling the Ulaby model [29] with the original WCM and found that the model was
applicable to a range of LAls: from 0.04 to 4.79 for corn and from 0.07 to 3.57 for soybean.
In this study, a description of the soil-scattering backscatter coefficient is introduced using
the Ulaby model. Lu et al. [35] inverted the LAI of winter wheat using the improved water
cloud model (IWCM) by incorporating the model that best fitted with the LAI in the optical
and SAR polarimetric decomposition vegetation index model. Their study found that the
accuracy of LAl inversion for the IWCM was higher than that of the traditional WCM.

According to the above analysis, many improvements have been made to the WCM
and LAI estimation accuracies have obviously improved. However, the above improve-
ments focused more on the scattering mechanisms of soil, while the randomness of vege-
tation scattering was not considered. Moreover, for crops with long stems, the effects of
height on vegetation scattering were not considered either. In fact, vegetation coverage
changes along with the crop growth stage, but vegetation coverage changes were also
ignored in previous studies. In order to consider the above-mentioned problems with
previous studies using the WCM or IWCM for crop LAI estimation, we propose a modified
water cloud model (MWCM), in which the effects of the vegetation coverage ratio and crop
height on vegetation scattering are added, with the aim of improving crop LAI retrieval
using RADARSAT-2 SAR datasets.

The proposed work is organized as follows: In Section 2, the study area, collected
SAR datasets and field measurements are introduced in detail; then, the proposed MWCM
method is presented. In Section 3, the performance of the WCM and MWCM in relation
to wheat and rape oilseed is presented and discussed. In Section 4, the proposed work is
succinctly summarized. The findings of this study are expected to provide a novel algorithm
for crop growth monitoring and yield prediction that can promote global food security.
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2. Materials and Methods

2.1. Materials
2.1.1. Study Area

The study area is Yigen Farm (120.76-120.89° E, 50.28-50.39° N), which is located in
Hulunbuir City, Inner Mongolia Autonomous Region, northeast China. To the southeast of
Yigen Farm is the Greater Khingan Mountains; to its north is Hulunbuir Grassland; and
to its west is the Ergun River. The terrain of the study area is gentle, with slopes less than
1%. The altitude of Yigen Farm ranges from 500 m to 900 m. The climate is a typical cold
temperate continental monsoon climate, with average annual temperatures ranging from
—2.0 to 3.0 °C, warm and wet summers, and cold and dry winters. The test site uses a
typical northeastern alpine black soil. Based on data from three soil samples collected on
the farm (5.86% sand, 42.08% clay, and 52.06% chalk), the soil was categorized as leached
black soil. The farm covers an area of about 2800 hectares, with a relatively simple cropping
structure and homogeneous plots. The crops planted in Yigen Farm are mainly oilseed
rape (Brassica napus L.) and wheat (Triticum aestivum), which are sowed in early May and
harvested in late August or early September. These crops grow for one season a year, and
this study used ‘Kehan 16" wheat and ‘Qing 14’ oilseed rape planted around 23 May 2013.
The growing season of these two crops is from the middle of June to early August, about
115-140 days. The elongating, heading and filling growth stages of wheat, as well as the
seedling, flowering, and fruiting stages of oilseed rape, were selected for LAI inversion
(Figure 1).
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Figure 1. Study area and sample location. The numbers in parentheses represent the number of
collected samples.

2.1.2. Data Collection and Processing

(1) RADARSAT-2

C-band RADARSAT-2 Single Look Complex (SLC) datasets were collected and em-
ployed in the proposed modified WCM to invert crop LAls. RADARSAT is a SAR satellite
operated by the Canadian Space Agency (CSA) [36]. Five scenes of fine quad-polarized
RADARSAT-2 data were acquired on 23 May, 16 June, 10 July, 3 August, and 27 August
2013 to cover the complete crop phenological cycle. Images acquired on 16 June, 10 July,
and 3 August were used in this study as the LAls during these periods were effective. All
images were acquired with the same mode, beam, and orbit pass to reduce the influence
of acquisition differences. The range and azimuth pixel spacings were 4.96 m and 4.73 m,
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respectively. The incidence angles ranged from 37.4° to 38.8°, and the acquisition orbits
were ascending. The preprocessing of RADARSAT-2 data included radiometric calibration,
multi-looking, filtering, and geocoding. The radiometric calibration, multi-looking, and
filtering were carried out in the PolSARpro software (Polarimetric SAR Data Processing
and Educational Tool v5.0) with 2 looks for both the range and azimuth directions and a
boxcar filter with a 5 x 5 window to suppress speckle. Geocoding was performed in the
GAMMA software (GAMMA 2013) with a 30 m ASTER GDEM. Table 1 shows the image
acquisition parameter details.

Table 1. The details for five RADARSAT-2 images.

Parameters Values
Polarization Quad
Frequency 5.405 GHz
Incidence angle 37.4-38.8
Range pixel spacing 4.96 m
Azimuth pixel spacing 473 m
Orbit direction Ascending
Beam mode FQ18

(2) Landsat-8

Landsat-8 datasets were downloaded from Geospatial Data Cloud (http://www.
gscloud.cn) and utilized to calculate the normalized difference vegetation index (NDVI)
and vegetation cover of crops in the study area. A total of three Landsat-8 satellite images
acquired on 22 June, 8 July, and 9 August 2013 were utilized in this study, with these dates
selected based on their temporal correspondence with the SAR data acquisition period. The
preprocessing of Landsat-8 data, including radiometric calibration, atmospheric correction,
and image cropping, was performed in the ENVI software v 5.6.

(3) Ground data

In situ measurements were conducted on the study area in conjunction with the
RADARSAT-2 data acquisition. All of the sizes of the sample parcels varied from
3.3 hectares to 47.0 hectares, and the average size was 18.6 hectares. Ground surveys
were carried out at each satellite overpass with a lag of no more than one day. The LAI
data were collected with a LI-COR measurement device (LAI-2200 Plant Canopy Analyzer)
(LI-COR Environmental Inc., Lincoln, NE, USA). The mean of three readings was taken for
each LAI measurement, with each plant measured three times to reduce any measurement
errors. In addition to the LAI, soil moisture and surface roughness were measured using
a Field Scout TDR300 (Spectrum Technologies Inc., Plainfield, IL, USA) (Figure 2a) and a
two-meter-long metallic plate painted with a 1 cm square grid (Figure 2b), respectively.
The soil moisture measurements were taken at a depth of 7.6 cm, with a mean of five
measurements taken at each point. Three randomly selected points were averaged per plot.
The surface roughness was measured by inserting the metallic plate into the surface until
the grid lines reached the lowest point. The plant height and fresh and dry aboveground
biomass were recorded as well. Although we systematically measured both fresh and
dry aboveground biomass during the data collection process, these specific datasets were
intentionally excluded from this study as they are the focus of other articles dedicated to
biomass utilization. The parcels measured at each phenological stage are shown in Figure 1
according to the position of their collected samples. Figure 3 shows the precipitation during
the growth seasons of planted wheat and oilseed rape. Tables 2 and 3 present the field-
measured wheat and oilseed rape data synchronized with the remote sensing acquisition
dates. The BBCH scale (Biologische Bundesanstalt, Bundessortenamt and CHemische
Industrie) [37] provides a standardized phenological metric for cereal crops.
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a

Figure 2. The procedure for measuring (a) soil moisture using TDR and (b) surface roughness profile.
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Figure 3. Daily precipitation (from 13 May 2013 to 30 August 2013).

Table 2. The field-measured wheat data synchronized with the acquisition SAR dates.

Acquisition Date BBCH Stages Plant Height LAI Values Soil Moisture
23 May 2013 Sowing - - -
16 June 2013 Elongating 9.67-43.07 cm 0.3-2.69 48.4-60.37
10 July 2013 Heading 54.87-123.6 cm 2.9-4.79 50.9-73.13
3 August 2013 Filling 99.16-130.9 cm 1.95-4.92 57.19-82.11
27 August 2013 Maturity - - -

Table 3. The field-measured oilseed rape data synchronized with the acquisition SAR dates.

Acquisition Date BBCH Stages Plant Height LAI Values Soil Moisture
23 May 2013 Germination (0) - - -
Leaf development (1), formation of side

16 June 2013 shoots (2), and stem elongation (3) 11.67-33 cm 0.13-1.45 49.33-61.8
Booting (4), inflorescence emergence B N 2

10 July 2013 (5), and flowering (6) 65.4-129.13 cm 2.51-34 51.7-72.97

3 August 2013 Development of fruit (7) 113.5-146 cm 2.31-3.48 58.83-81.32
27 August 2013 Ripening (8) and senescence (9) - - -

2.2. Methods

The framework of crop LAI retrieval introduces the vegetation coverage ratio and
crop height into the traditional water cloud model. First, the NDVI was extracted from the
Landsat-8 data and used to calculate the vegetation coverage ratio; then, the calculated
vegetation coverage ratio was used to modify the original WCM. Subsequently, the canopy
height was used to model the vegetation scattering in a scattering cell. The model parameter
canopy height was introduced in the modified WCM and thus modified the traditional
WCM into the MWCM. Finally, the MWCM was inverted by solving nonlinear least squares
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problems and validated using a Leave-One-Out Cross-Validation method. The flowchart in
Figure 4 shows the process for crop LAl retrieval.
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Figure 4. Flowchart of crop LAI retrieval from the modified WCM by introducing the vegetation
coverage ratio and crop height.

2.2.1. Modified WCM

The WCM was first proposed by Attema and Ulaby and applied to crop growth
parameter inversion [28,29]. The WCM considers total backscatter 0¥ as the incoherent sum
of vegetation backscatter Ugeg
vegetation layer through two-way attenuation 2.

and soil surface backscatter ¢ ., which is attenuated by the

00 = A- cose(l - t2) 2)
t? = exp(—2BV / cos ) 3)

where A, B, C, and D are the WCM parameters. The parameters are calculated based
on field and satellite data via nonlinear least squares. 0 is the radar incidence angle, and
ms is the soil moisture content. In previous studies, V is usually described using canopy
parameters such as the LAI [12,30,31].

In Equation (1), the model ignores the vegetation coverage f, and height &, which may
result in an estimation error on the canopy parameter V. According to Figure 5a;,a,, during
the crop-growing season, especially in the early growth stages, the vegetation coverage
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ratio is expected to change from one cell to another. Figure 5b; shows that a scattering cell
results from vegetation scattering, the surface after vegetation attenuation, and the surface
directly, while Figure 5b, shows that a scattering cell results from vegetation scattering and
the surface after vegetation attenuation. To include all the scattering mechanisms of each
scattering cell in the WCM, for our first modification, we introduce f, into Equation (1):

00 = (0% + 0% ) fo + 05y (1— fo) )

where f, can be calculated using the normalized difference vegetation index (NDV ) using
Equation (6). The NDVI value used to calculate f; is a single-pixel value.

fo = (NDVI = NDVIin)/ (NDVImax — NDV Inin) (6)

where NDV1 is the normalized difference vegetation index, and NDV Iinax and NDV L in
are the minimum and maximum NDV calculated from the Landsat-8 image, respectively.

incident power deasity
ircadiating a resolution cell

azimuth
sampling

(b,)

equivalent volme to that irradisted *, ,-*

azimuth
sampling

range sampling

(b)) (c)

Figure 5. The configuration of a scattering cell. (a1) The oilseed rape field is divided into several
scattering cells. (az) The wheat field is divided into several scattering cells. (b1) A scattering cell is
regarded as a cuboid with a scattering area of A, a crop height of h, and (b1) a low or (b2) high crop
vegetation coverage ratio. (c) The construction of a scattering model for a vegetation-covered ground
in a scattering cell.

Since the path length of an electromagnetic wave travels through crops such as rape
oilseed and wheat, especially during their late growing season, their height cannot be
ignored. Here, we introduce the crop height & as the second modification to the model.
Figure 5c shows how the incident power is scattered by a cell covered by crop vegetation
with height 1. Here, the vegetation volume is assumed to be a suspension of water droplets.
Each water droplet is assumed to be identical and to have a radar cross-section of ¢}, m2;
furthermore, we assume that the energy that a water droplet removes/absorbs from the
forward-propagating wavefront can be modeled with an extinction cross-section Q, m?2.
Suppose N water droplets are present per unit of vegetation volume; then, we can define
the volume backscattering coefficient as 0, = No, m?m 3 and the extinction coefficient of
the crop vegetation per unit of path length as k, = NQ, m~. In Figure 5¢, if the incoming
power density is p, then the backscattered power in the incremental volume is poy A cos 6dr
and the comparable loss in the backscattered power is exp(—2k,r)po, A cos 0dr. Integrat-
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ing the loss expression over the full depth of the vegetation volume gives the power
backscattered from the radar scattering cell, as follows:

hsec@ hsecf
Py= [ exp(—2k.r)po,Acosfdr = por,Acos® [ exp(—2k.r)dr
0 0 (7)
_ poyAcost

o, [1 —exp(—2k.hsech)]

Equation (7) is the backscattered power level at the surface, which can be converted
into the backscattering coefficient for the scattering cell using Equation (8):

T 47R2 ~ 47R2

P, po Po ®)
where p, is the power density received back at the radar, ¢ is the radar cross-section, R is
the distance from the radar to the vegetation surface, and P, is the power backscattered
from the scattering cell.

Substituting (8) with radar cross-section ¢ into (7) and dividing by the area of the
scattering cell A, the backscattering coefficient of the vegetation volume is

O 0y cos 0
veg Zkg

[1 — exp(—2kchsect)] )

According to Equations (2), (3), and (9), we know that A = 0,/2k,, k. = BV /h.
V is usually described by the LAI, as shown in previous studies [12,30,31]. Therefore,
Equation (5) can be modified into Equation (10) for LAI inversion in this study.

0= Gl cosO(1—exp(—2BLAI/ cosb))fot

v 10)
(Cms+ D) exp(—2BLAI/ cos ) fy + (Cms+ D) (1 — f) (

Equation (10) presents the modified WCM used in this study by introducing the
vegetation coverage ratio and crop height to invert the crop LAI For convenience, later in
this paper, the modified WCM is named the MWCM.

2.2.2. Parameterization and Calibration of the MWCM

Since the number of rape oilseed and wheat samples used in this study is small, the
WCM is parameterized using a Leave-One-Out Cross-Validation (LOOCV) method, with
the data gathered from the ground measurement [38]. An iterative optimization algorithm
named the Levenberg-Marquardt (LM) algorithm was applied to identify the optimal
model parameter values to minimize the sum of squares of the differences between the
observed data and model predictions [39]. An initial estimate of the parameters was made
at the outset, which was then refined through successive iterations. In each iteration, the
simulated values were compared with the observed data, and the parameters were adjusted
to reduce the discrepancy. The model parameters, namely o, B, C, and D, were determined
based on the minimization of the cost function between the observed data and model
predictions within a maximum of 1000 iterations (Equation (11)).

Cost function CF{LAI} = Minimize (11)

n
0 0

Z Oobserve; — Umodel,

i=1

0
where Uohserve,-

and model-simulated backscattering coefficients, respectively, from the MWCM obtained
using Equation (10) in the HH, HV, VH, and VV polarization channels. The estimated

ando? ;, are the computed backscattering coefficients from the SAR images
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model parameters were then utilized to compute the total backscattering coefficients using
the input model parameters.

2.2.3. Performance Validation

The performance of the computed backscattering coefficient and retrieved LAI was
validated using the coefficient of determination (R?, Equation (12)), mean absolute error
(MAE, Equation (13)), and root mean square error (RMSE, Equation (14)). The effectiveness
of the MWCM inversion results was compared with the performance of the original WCM.

n o 00\2
im1 (i — ;)
1 R
MAE = ;Zi:ﬂyi — i (13)
n 2
RMSE = /Y (v — 9:)*/n (14)

where }!" ; is the summation, y; is the measured value of i sample, 7; is the predicted value
of the model for the measured value of i sample, ¥ is the mean of the measured values, and
n represents the total number of samples.

3. Results
3.1. Model Parameter Fitting and the MWCM Sensitivity Analysis

Several studies have tested the traditional WCM for crop LAI retrieval [12,30,31].
Previous studies revealed that the SAR backscatter coefficients at each channel depended
on crop type, crop height, density, and structure at different growth stages. For this reason,
we trained the models for model parameters according to different crop types. Since both
the original WCM and the proposed MWCM were validated using LOOCYV, the model
parameters for the WCM and MWCM were determined by averaging the values obtained
from each set of crop samples. The calibrated model parameters for wheat and oilseed
rape are presented in Tables 4 and 5, respectively. To evaluate the goodness of fit of
the parameterized WCM and MWCM, we compared the simulated SAR backscattering
coefficients with the observed values. Additionally, an F-test was employed to assess the
statistical significance and goodness of fit of each model (Table 6 for the WCM and Table 7
for the MWCM). The results indicate that all models fit the data well, as evidenced by
their high statistical significance levels. Furthermore, HH polarization demonstrated the
best performance in both models: for the WCM, the R? values were 0.56 (wheat) and 0.56
(oilseed rape), while for the MWCM, the R? values improved to 0.62 (wheat) and 0.68
(oilseed rape).

Table 4. Parameters for the WCM and MWCM according to polarization for wheat.

Model Parameter 0y B C D
HH 0.0124 01749 559 x 105 0.0542
WM A% 0.0106 0.0835 0.0029 —0.0812
HV 0.0417 0.0373 0.0008 —0.0258
VH 0.1064 0.0344 0.0008 —0.0248
HH 0.0029 0.1252 0.0092 —0.1978
A% 0.0014 0.1302 0.0073 —0.1249
MWCM HV 0.0005 0.1582 0.0032 —0.1155

VH 0.0005 0.1642 0.0033 —0.1174
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Table 5. Parameters for the WCM and MWCM according to polarization for oilseed rape.
Model Parameter 0y B C D
HH 0.1037 —0.5362 0.0001 0.0726
WCM \'A% 0.0583 0.0894 0.0058 —0.2247
HV —0.0003 —0.2152 0.0002 —0.0043
VH —0.0015 —0.2227 0.0001 —0.0021
HH 0.0003 —0.2239 0.0024 —0.134
\'AY 0.0005 0.1152 0.0439 —1.293
MWCM HV 399 x 1075 0214 0.0009 00222
VH 3.04 x 107° —0.263 0.0003 —0.0027
Table 6. WCM and MWCM accuracy evaluation for wheat.
Model Polarization  R? RMSE MAE F Level of Sign
HH 0.5605 1.5881 1.3537 48.47 0.00
WCM \AY 0.4187 1.6715 1.4159 27.37 0.00
HV 0.3743 3.8958 3.2905 22.73 0.00
VH 0.3222 3.9561 3.3202 18.06 0.00
HH 0.6208 1.4056 1.1803 62.21 0.00
\'AY% 0.5278 1.5162 1.3218 42.47 0.00
MWCM HV 05003 22007 17282  38.05 0.00
VH 0.4738 2.2556 1.7735 34.22 0.00
Table 7. WCM and MWCM accuracy evaluation for oilseed rape.
Model Polarization R? RMSE MAE F Level of Sign
HH 0.5567 2.1054 1.525 32.65 0.00
WCM \'AY 0.4445 2.6323 2.0834 20.81 0.00
HV 0.4305 3.2606 2.7581 19.65 0.00
VH 0.3876 3.4031 2.8008 16.45 0.00
HH 0.6827 1.8493 1.3796 55.95 0.00
\AY 0.5873 2.3863 1.8356 37 0.00
MWCM HV 0.5574 2.689 2028  32.74 0.00
VH 0.5254 2.9367 2.1311 28.78 0.00

Figure 6 shows a comparison between the backscatter for wheat estimated from
Equations (1) and (10) and the observed backscatter coefficients. Figure 7 shows that for
oilseed rape. The performances of both the WCM and MWCM are shown in Figures 6 and 7;
the estimated backscatter increases with the increase in observed backscatter coefficients.
However, the dynamic ranges of the four polarization channels in the MWCM were greater
than those of the same channels in the WCM,; for example, the dynamic range of backscatter
coefficients estimated using the WCM for wheat in the HH channel was 5 dB (between
—12 and —7 dB) and 11 dB (between —18 and —7 dB) for oilseed rape while the observed
backscatter coefficients were 10 dB (between —15 and —5 dB) for wheat and 13 dB (between
—17 and —4 dB) for oilseed rape. Furthermore, the dynamic range of backscatter coefficients
estimated using the MWCM for wheat was 8 dB (between —14 and —6 dB) and 12 dB
(between —16 and —4 dB) for oilseed rape. The estimated backscatter coefficients in the VV
channel using the WCM and MWCM have similar dynamic ranges for wheat in the HH
channel but were around —2 dB lower than that in the HH channel at the highest and lowest
values. However, for oilseed rape in the WCM, the dynamic range was 6 dB (between —14
and —6 dB), which was lower than that in the HH channel, while the dynamic range was
similar to that in the HH channel in the MWCM. The original WCM exhibited significant
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overestimation of backscatter coefficients at lower observed values (HH and VV channels)
and underestimation at higher observed values (HV and VH channels), particularly for
wheat simulations. In contrast, this phenomenon was less pronounced in the MWCM. The
superior performance of the MWCM is further supported by its higher R? values and lower
RMSE and MAE values for oilseed rape compared with those for wheat across the same
channels (Tables 6 and 7). Overall, the MWCM demonstrates higher accuracy than the
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Figure 7. Accuracy assessment of the oilseed rape WCM and MWCM.

3.2. LAl Estimation Using the WCM and MWCM for Wheat

Table 4 contains the calibrated WCM parameters from the observed LAIL the calibrated
MWCM parameters from the observed LAI; the measured wheat height; the soil moisture,
and the vegetation coverage ratio calculated from Landsat data for the HH, VV, HV,
and VH channels. The WCM and MWCM obtained for the four polarization-dependent
models were then used to retrieve the wheat LAI Figure 8 shows the scatterplot between
the obtained LAI from the inversion of the calibrated WCM and MWCM and the field-
measured LAIL Coefficients of determination of 0.3327 (HH), 0.2636 (VV), 0.2285 (HV) and
0.2174 (VH) were obtained for the WCM and wheat. However, the R? values were higher, at
0.4626 (HH), 0.4553 (VV), 0.4356 (HV), and 0.4287 (VH) for the MWCM and wheat. Among
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all polarization channels, HH polarization provided the most accurate LAI estimation,
followed by VV, HV, and VH in descending order of precision. These findings align with
expectations, as the forward modeling results had previously identified HH as the optimal
polarization channel for LAI retrieval.
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Figure 8. Plot of the WCM and MWCM inversion results for the wheat LAIL

The performance of wheat LAI inversion using the MWCM improved significantly
at all four polarization channels. The results revealed that the introduction of crop height
and the vegetation coverage ratio clearly improved the inversion results. The errors
associated with the estimation of the MWCM were also lowered. The RMSE improvement
between the inversed LAI and field-measured LAI at the four polarizations ranged from
0.04 to 0.12 m?m~2. These estimates are similar to the improvement reported by Singh
et al. [33], where the WCM was modified by adding a vegetation—soil scattering layer into
the traditional vegetation layer and the soil surface scattering layer. The improvement from
using the modified WCM for wheat LAl inversion compared with that with the original
WCM ranges from 0.07 to 0.13 m?m 2. The results showed that the MWCM is more suitable
for wheat LAI inversion than the WCM.

3.3. LAl Estimation Using the WCM and MWCM for Oilseed Rape

The LAI of oilseed rape was estimated with the trained models using the model
parameters shown in Table 5. The models were run in the HH, VV, HV, and VH polarization
channels. Figure 9 shows a scatterplot between the LAI estimated from the trained model
and the field-collected LAI. According to Figure 9, the estimated and measured LAls were
well correlated, with a relatively low RMSE of 1.0411 m?m~2, an MAE of 0.8096 m?m 2,
and the highest R? of 0.3128 for the HH channel using the WCM. These estimates are similar
to the MAE values reported by Hosseini et al. [12], where the HH-VV channels estimated
the corn LAI to an MAE of 0.65 m?>m~2. Coefficients of determination of 0.4912 (HH),
0.4709 (VV), 0.4482 (HV), and 0.4397 (VH) were obtained using the MWCM for oilseed rape.
The lowest RMSE value was 0.5532 m?m 2, obtained in the HH polarization channel. These
results demonstrate that HH and VV co-polarization produces the best LAI estimations
when compared with cross-polarizations. However, the LAI estimated by Singh et al.
reported that VH showed better performance than VV, where the lowest RMSE value was
0.5493 m?m~2 [33]. The difference with this study may result from the different model



Agronomy 2025, 15, 1374

13 of 18

WCM

MWCM

Estimated LAT (m*/m?)

Estimated LAT (m*/m?)

assumptions. Figure 9 showed an obvious loss in accuracy with LAI values of more than
3.0 m?m~2, which is in agreement with the results reported by Jiao et al. [40].
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Figure 9. Plot of the WCM and MWCM inversion results for the oilseed rape LAL

We compared the results obtained from the WCM and MWCM before and after the
improvement. We found that the accuracies of the inversion LAI results of oilseed rape
were different between the MWCM and WCM in different polarization channels. The
accuracies of the inversion results of the oilseed rape LAI in the MWCM were higher than
that of the WCM in the four polarization channels. Among them, the highest accuracy of
the oilseed rape LAI inversion results was achieved at HH, with the R? improving from
0.3128 to 0.4912 and the RMSE declining from 1.0411 m*>m~2 to 0.7968 m?m 2. For VV,
HYV, and VH, the accuracies of the oilseed rape LAI retrieval all significantly improved.
At VV, R? improved from 0.2786 to 0.4709, and RMSE declined from 1.113 m? m~2 to
0.8959 m?m~2. Compared with the WCM, the MWCM demonstrates superior applicability
in retrieving oilseed rape LAlIs.

4. Discussion

This study investigates the application of the WCM, a semi-empirical microwave
scattering model with physical foundations, in agricultural remote sensing. Integrating
canopy volume scattering and soil surface scattering mechanisms, the WCM links veg-
etation parameters to SAR backscatter coefficients, enabling its widespread use in crop
parameter inversion [28-32]. While recent advancements have refined soil scattering repre-
sentations [12,29], current modifications neglect the critical influence of canopy structural
heterogeneity on microwave scattering physics. Notably, vertical structural features in
crops such as wheat and rapeseed remain inadequately modeled. This theoretical gap
likely compromises parameter inversion accuracy for structurally complex crops. The
MWCM proposed in this study, starting from the intrinsic characteristics of the vegetation
scattering mechanism, achieves theoretical breakthroughs in the following two dimen-
sions: Firstly, by introducing two biophysical parameters, namely, vegetation coverage and
height, a complete description system of vegetation scattering is constructed. Secondly,
this study innovatively fuses RADARSAT-2 C-band SAR data with Landsat-8 optical data
and significantly improves the model’s ability to characterize the canopy structure by
combining the vegetation cover obtained from optical remote sensing inversion with radar
polarization parameters.
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The results revealed that the estimation accuracy of the model can be effectively im-
proved by introducing parameters the vegetation coverage and height to the WCM. The
best LAl inversion results of wheat and oilseed rape were obtained in the HH polarization
channel. Since the crops were in later growth stages, where long stems are present, HH is
more sensitive to the structure of the vegetation, and it can capture the structural character-
istics of wheat and oilseed rape more effectively. A similar phenomenon was demonstrated
in Inoue et al. [41]. Jin et al. analyzed the relationships between backscatter coefficients with
crop growth parameters and demonstrated the highest correlation between HH backscatter
coefficients and LAIs, with R? = 0.52, while R? was 0.10 for the HV channel and R? was
0.22 for the VV channel [18]. Tao et al., who improved the WCM by adding vegetation
coverage, confirmed the better performance of the modified WCM in winter wheat LAI
inversion than that of the original WCM. The highest fitting accuracy between the retrieved
and observed LAls was achieved with the HH polarization approach [42]. Yadav et al.,
using Sentinel data to estimate wheat LAlIs, showed that the improved WCM incorporating
vegetation coverage demonstrates better consistency between estimated and observed
LAI values under VV polarization compared with that under VH polarization [43]. These
results are consistent with our findings. However, in a previous study, which also used an
improved WCM to retrieve crop LAls, HV had the best fit in corn and soybean LAI inver-
sion with RADARSAT-2 data (R? = 0.67 for corn and R? = 0.64 for soybeans) [12]. The study
of wheat LAI inversion using VV and VH polarization channels from Sentinel-1 and the
incorporation of first-order backscattered power in the WCM showed similar performances
for VV (R? = 0.77 and RMSE = 0.70) and VH (R? = 0.80 and RMSE = 0.68) [33]. The drastic
difference may result from the quite different canopy structures of different crops.

Several studies tested the traditional WCM for crop LAI retrieval [29-31]. Previous
studies revealed that the SAR backscatter coefficients at each channel depended on the crop
type, crop height, density, and structure at different growth stages. The results from Inoue
et al., using five frequencies and four incidence angles for LAI inversion, demonstrated
a high correlation between HH at the C-band and crop LAIs. The research reported by
Fontanelli et al. also identified HH and VV as the most sensitive polarization channels
when they used TerraSAR-X data for wheat and barley LAl inversion [41,44]; the findings
of this study are similar to their findings. The study of Li and Wang using the WCM for
soil moisture retrieval in soybean, canola, pasture, wheat, and corn showed obvious effects
of crop type on the inversion results, and the worst result was acquired in pasture, with
R = 0.15. Their results also demonstrated the different performances when using different
input remote sensing parameters, where HV showed better performance than the use of the
radar vegetation index (RVI) [45]. The MWCM proposed in this study is suitable for crops
with typical vertical structural characteristics, demonstrating strong universality for both
narrow (e.g., wheat) and broad (e.g., oilseed rape)-leaf crops, with significantly enhanced
inversion accuracy compared with that of the traditional WCM. This technique provides
new methodological support for growth monitoring and yield prediction in precision
agriculture, showing particular application value for dynamic crop parameter monitoring
in cloudy and rainy regions.

Numerous studies have demonstrated that synthetic aperture radar (SAR) data can be
effectively utilized for large-scale leaf area index (LAI) estimation [15-18]. Accurate LAI
retrieval not only provides local farmers with precise crop yield predictions but also offers
scientific support for harvest decision-making [46-48]. By conducting LAI estimations
across different crop growth stages and acquiring corresponding imaging data, more
accurate yield forecasting can be achieved. If yield predictions indicate suboptimal results,
farmers can promptly implement targeted field management measures, such as fertilization
or irrigation, to mitigate potential losses. Furthermore, based on LAI estimation results,
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farmers can flexibly adjust field management strategies, including timely replanting or
early harvesting, thereby effectively reducing the risk of yield reduction [49,50].

The MWCM incorporating vegetation coverage and plant height parameters demon-
strates superior performance over the conventional WCM in crop LAl retrieval. Previous
studies have confirmed the feasibility of similar assumption methods for LAI retrieval
in crops such as wheat and maize [12,30,32]. However, the MWCM developed in this
study still exhibits certain limitations. Firstly, the model’s assumptions remain relatively
idealized, with insufficient consideration of complex environmental variables under prac-
tical conditions. Secondly, the optimization process has not yet incorporated additional
relevant parameters, which could potentially enhance model performance [51]. It is crucial
to note that ground-based survey data play a pivotal role in WCM construction, where
comprehensive field measurements could significantly improve the model’s retrieval accu-
racy for regional crop LAls [52,53]. To expand model applicability, future research should
consider integrating existing soil moisture products [54] and NDVI datasets [55,56], thereby
maintaining satisfactory performance and accuracy even in scenarios with limited ground
observation data. In addition, although this study verified the applicability of the model
supported by C-band SAR data, further multi-band (e.g., L-band /P-band) coordinated
observation experiments need to be carried out in the future for the various scattering
mechanisms of different crop types and climatic periods, as well as to strengthen the vali-
dation of the model’s universality in different climatic zones, soil textures, and cropping
systems, with the aim of constructing a more robust inversion model of agricultural crop
parameters. The model will be validated under different climate zones, soil textures, and
cropping systems.

5. Conclusions

In this study, the traditional WCM was modified by introducing a vegetation coverage
ratio and field-measured crop height. The WCM and MWCM were used with C-band
RADARSAT-2 SAR data in the HH, VV, HV, and VH polarization channels. The objective
of this study was to enhance the accuracy of LAI estimations using SAR data. The results
acquired through the MWCM were significantly improved compared with those from the
WCM. Among the four polarization backscatter coefficients, HH returned the best perfor-
mance for LAl estimation for both wheat and rape oilseed. Furthermore, the performance
of the MWCM and WCM is dependent on the crop type.

It is important to note that the MWCM proposed in this paper is based on the theory
of first-order scattering, which has some limitations. Therefore, future research should
consider the use of multi-order scattering models. Additionally, we will investigate if better
WCM improvements can be made to further enhance the accuracy of crop LAl retrieval. To
enhance the generalizability of the model, we plan to utilize remote sensing data—such
as interferometric synthetic aperture radar (InNSAR)—for crop height measurement in
subsequent studies, thereby further improving the proposed MWCM'’s applicability.
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