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Abstract: The mapping of tropical rainforest forest structure parameters plays an important role in
biodiversity and carbon stock estimation. The current mechanism models based on PolInSAR for
forest height inversion (e.g., the RVoG model) are physical process models, and realistic conditions
for model parameterization are often difficult to establish for practical applications, resulting in large
forest height estimation errors. As an alternative, machine learning approaches offer the benefit of
model simplicity, but these tools provide limited capabilities for interpretation and generalization.
To explore the forest height estimation method combining the mechanism model and the empirical
model, we utilized UAVSAR multi-baseline PolInSAR L-band data from the AfriSAR project and
propose a solution of a mechanism model combined with machine learning. In this paper, two
mechanism models were used as controls, the RVoG three-phase method and the RVoG phase-
coherence amplitude method. The vertical structure parameters of the forest obtained from the
mechanism model were used as the independent variables of the machine learning model. Random
forest (RF) and partial least squares (PLS) regression models were used to invert the forest canopy
height. Results show that the inversion accuracy of the machine learning method, combined with the
mechanism model, is significantly better than that of the single-mechanism model method. The most
influential independent variables were penetration depth, volume coherence phase center height,
coherence separation, and baseline selection. With the precondition that the cumulative contribution
of the independent variables was greater than 90%, the number of independent variables in the two
study areas was reduced from 19 to 4, and the accuracy of the RF-RVoG-DEP model was higher
than that of the PLS-RVoG-DEP model. For the Lope test area, the R? of the RVoG phase coherence
amplitude method is 0.723, the RMSE is 8.583 m, and the model bias is —2.431 m; the R? of the RVoG
three-stage method is 0.775, the RMSE is 7.748, and the bias is 1.120 m, the R? of the PLS-RVoG-DEP
model is 0.850, the RMSE is 6.320 m, and the bias is 0.002 m; and the R? of the RF-RVoG-DEP model
is 0.900, the RMSE is 5.154 m, and the bias is —0.061 m. The results for the Pongara test area are
consistent with the pattern for the Lope test area. The combined “fusion model” offers a substantial
improvement in forest height estimation from the traditional mechanism modeling method.

Keywords: machine learning; mechanism model; RVoG; penetration depth model; PolInSAR; canopy
height; forest height inversion

1. Introduction

Forest canopy height is the basis for the estimation of forest stock and biomass. There-
fore, obtaining accurate forest canopy height information is important for assessing forest
growth and carbon balance. Currently, forest canopy height information is typically es-
timated at large, regional scales using remote sensing methods, primarily optical remote
sensing, LiDAR (light detection and ranging) remote sensing, synthetic aperture radar
remote sensing, etc [1]. For the forest vertical height information estimation, optical remote
sensing is less sensitive to forest vertical structure information and is easily saturated and
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affected by weather [2]. While LiDAR is the most accurate remote sensing tool for forest
canopy height measurement, the data acquisition cost is high, and it is difficult to carry out
forest canopy height measurements across large areas [3-5]. Polarized interferometric SAR
(PolInSAR) is an active remote sensing technique based on the penetrating and scattering
characteristics of microwaves to obtain height information of ground targets. It is therefore
widely used for forest canopy height estimation. With the development of PolInSAR tech-
nology, and the subsequent acquisition of a large amount of satellite-based and airborne
SAR data, forest canopy height inversion based on PolInSAR technology has become an
important topic within quantitative remote sensing of forests [6-8].

The current PolInSAR-based forest canopy height inversion methods can be divided
into mechanism modeling and machine learning methods. The mechanism modeling
methods include ground-phase differencing, two-layer random volume of ground (RVoG)
scattering RVoG modeling, the derived coherence amplitude method, and the combined
phase-coherence amplitude inversion method. In the ground-phase differencing method,
the scattering phase centers of the ground and canopy for differencing are calculated
based on the scattering mechanism of PolInSAR. As the specific location of the effective
scattering center is related to the forest structure and microwave frequency, this method
may underestimate the forest canopy height [9,10]. The most classical and widely used
methods are the RVoG coherence scattering model and the RVoG three-stage method, which
have been successfully applied to different frequency INSAR/PolInSAR data, including C,
L, P, and even X-band [11-13], and different forest types are included in these studies [14,15].
In the RVoG model, the ground magnitude ratio is usually assumed to be 0. The ground
phase is solved by fitting the coherence line to the intersection of the unit circle, and a
reasonable extinction coefficient and forest canopy height are set to construct a look-up table
for forest canopy height inversion. The coherence magnitude method and the combined
phase coherence magnitude inversion method are simplifications of the RVoG model under
special assumptions [16], and the coherence magnitude method additionally assumes that
the forest structure is homogeneous. However, these model assumptions do not necessarily
apply to actual forest conditions.

Therefore, machine learning methods have been proposed to estimate forest canopy
height by using a small amount of ground-based forest canopy height information com-
bined with polarized interferometric variables of PolInSAR to train inverse models to
predict forest canopy height at large regional scales. Most machine learning applications
use coherence, geometric parameters, backward scattering features and even coherence
shape parameters as independent variables. In Zahriban Hesari and Persson ‘s study,
forest canopy height was estimated by constructing a linear regression relationship be-
tween InSAR coherence and forest canopy height, which is the simplest application [17,18].
However, for fully polarized PolInSAR data, there is more information that can be mined,
so in Brigot’s study, the distribution trait parameters of coherence points were used as
independent variables based on the RVoG model, and a neural network model was used to
estimate forest canopy height, which gave a more satisfactory result [19].

However, a key issue is overlooked in these studies; the variables used in the above
studies do not fully reflect the intuitive reflection of SAR on forest vertical structure pa-
rameters. A noteworthy advantage of PolInSAR is that it can acquire the vertical structure
information of the forest (such as phase center height, penetration depth, geometric pa-
rameters, etc.) [17-19]. Therefore, there remains a need for improvement of mining and
optimization of machine learning variables, a gap which mechanism models can potentially
fill. One promising option is to utilize vertical structure information derived from mecha-
nism modeling as an independent variable for machine learning methods to construct the
inverse model.
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In summary, although the current mechanism models based on PolInSAR for forest
canopy height inversion (e.g., RVoG model) are physical process models, realistic conditions
for model parameterization are often difficult to establish for practical applications, result-
ing in large forest canopy height estimation errors. As an alternative, machine learning
approaches offer the benefit of model simplicity, but these tools provide limited capabilities
for interpretation and generalization. To leverage the benefits of both approaches, we used
a fusion model to estimate forest canopy height, utilizing the RVoG three-stage method
and the RVoG phase-coherence magnitude method as model controls. Based on this, the
RVoG three-stage method and penetration depth models were used to calculate the phase
center height, coherence separation, and microwave penetration depth as vertical structure
parameters representing forest canopy height and add the geometric parameters of the
observation platform and baseline selection parameters as independent variables of the
machine learning method to invert the forest canopy height.

At present. TanDEM-X has been proven to be an effective tool for forest canopy
height estimation. ALOS-2 and SAOCOM satellite data are also gradually used for forest
canopy height estimation studies to accommodate the quantitative inversion of forest
parameters. The purpose of this study is to develop an accurate and efficient method
for forest canopy height inversion to serve global forest canopy height estimation and
forest carbon measurement. So far, GEDI and ICEsat-2 have acquired a large amount of
forest canopy height data, and our proposed method will become more practical with the
realization of TanDEM-L and BIOMASS satellites and the NISAR program.

2. Materials and Methods
2.1. Study Area and Data

The test area is located in Gabon, on the west coast of Africa. In 2016, the National
Aeronautics and Space Administration (NASA) collaborated with the European Space
Agency (ESA) and the Gabonese Space Agency to conduct the AfriSAR project. The
NASA Unmanned Aerial Vehicle Synthetic Aperture Radar (UAVSAR) and Airborne
LiDAR sensors acquired L-band multi-baseline fully polarized PolInSAR data and full-
waveform LiDAR datasets for calculating forest structure parameters and topography,
respectively. The UAVSAR dataset is publicly available in the form of polarimetrically
calibrated, baseline fine coregistered, and SLC stacks [20], which contain data for each
polarization (HH, HV, VH, and VV). In this study, two locations (Lope and Pongara) were
selected as test areas(Figure 1). The Lope test area is an inland tropical forest with a forest
canopy height range of 2-84 m, and the Pongara test area is a mangrove forest with a forest
canopy height range of 2-65 m, with eight tracks in the Lope test area and five in Pongara
(Table 1). The predicted value of forest canopy height from PolInSAR was validated using
the relative height variable RH100 of LVIS LiDAR [21], with a pixel resolution of 25 m.
Multi-look processing (8 x 6) in the range and azimuth was used to eliminate the effect
of noise, and two complex coherence variables were calculated using the PD coherence
optimization (Ypigh and yiow, dominated by canopy and ground surface, respectively) [22].

Table 1. Summary of UAVSAR data.

Vertical Baseline

Test Area Number of Tracks (m) Range Resolution (m) Azimuth Resolution (m)
Lope 8 0, 20, 45, 105 3.33 4.8
Pongara 5 0, 20, 40, 60, 80, 100, 120 3.33 4.8




Remote Sens. 2022, 14, 5849

40f19

10°0'0"W 0°0'0" 10°0"0"E

30°0'0"E

Pongara

40°0'0"N

ZO?ﬁN
|l

10°0'0"'S  0°0'0"

30°0'0"

40°0'0"N

20°0"0"N

10°0'0"S  0°0'0"

30°0'0"'S

Figure 1. Location of the test area.

2.2. Methods
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The overall workflow of this study is shown in Figure 2.
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Figure 2. Workflow of forest canopy height inversion. Red dashed lines indicate models or variables.
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2.2.1. Mechanism Model
(1) RVoG model

The RVoG scattering model is the simplest and most effective forest canopy height
inversion model available, and it is widely used and proven. The RVoG scattering process
incorporates a forest volume scattering layer and a ground layer that cannot be penetrated.
The method treats the volume scattering layer as an isotropic, homogeneous medium of
thickness, hy. It describes the scattering and absorption losses of electromagnetic waves
with a polarization-independent average attenuation coefficient o [11-13]. As shown in
Figure 3.

Zy+h, F(z)

h,

Figure 3. RVoG model schematic. The ground elevation is zy, the volume height is hy, the scatterer is
distributed randomly in the forest volume. F (z) is the radar reflectivity at height z, o is the extinction
coefficient, @ is the ground phase, and 1 is the ground to volume magnitude ratio.

The interferometric complex coherence of the master and slave images after registra-
tion can be expressed as

Sp = Ap x el
1
(5153) g

V (5157)(5253)

where S; and S, denote the master image and slave image, respectively.
The interferometric complex coherence in the different polarization channels of the
RVoG model can be expressed as follows.

Yo + m(w)
1+ m(w)

')/(w) — %o
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where m(w) is the effective ground-to-volume amplitude ratio, @ is the ground phase. A
value of (w) = oo indicates ground scattering, and m(w) = 0 indicates volume scattering.
“Pure” volume coherence is represented by vy, which can be expressed as (Equation (3)).

J? f(z)edz
’)/‘U = hv
o f (z)dz
20z
2(27‘}71 fohv eik22,€08 (0) 4,
v

cos | ecos () 1

_ pelihy—1 ®)
= Pl eph” -1

_ 20cos(a)
~ cos(f —a)

p1=p+jk:

_ 2nmmAe 2nmB |
~ Asin(@ —a)  ARsin(6 —a)

kz

where o is the average extinction coefficient, hy is the forest height, k, is the vertical effective
wave number, R is the slant distance, B is the vertical baseline length, and n depends on
the acquisition mode of the radar image [23].

This study used the RVoG three-stage function within the Kapok open-source package
to invert the forest height [12,24]. The first step of this process is to fit a coherence line that
intersects a unit circle in two coherence points (y; andy;) of PD coherence optimization to
obtain two potential ground coherence points (v 1 and v 2) [22]. As shown in Figure 4.

2
A = |y — V2

B = 2Re(y, — ;) — 2|va|*

C=nf -1
—1B— VB? —4AC
Xa - A (4)
X —1B+ VB? — 4AC
b pu—

2A
Vq)l:XaVO +(1—-Xa)n

Ye2=XpYo + (1 = Xa)v1
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Figure 4. RVoG three-stage solution schematic.

The second stage of the three-stage function is to solve the ground phase g from the
two intersections. In this study, we used the method proposed by Denbina and Simard [24]
to determine the ground phase, which is more stable.

7 !’Y(p1— 71| > |’Y<p1—’)’2|
Tor = Y2 |’Y<p1— 71| < ")’qol_’)/2|

)
{71 ")/432_ 71| > ")’q)Z_ 72|
Y2 =
Y2 |ve2— 1l < |ve2— 72|
sep = arg (’yv'yjo)sign(kz)
(6)

Y1 sep(l) >0
Ve = Yoz sep(l) <O

po = arg(7g)

where vy and vy, denote the volume coherence corresponding to the ground phase
solution in the two cases, respectively, and Sep (1) denotes taking the first value of sep.

The third stage is the output of forest height and extinction coefficient. According to
the relationship between v, and (hy,0) in Equation (3), a two-dimensional look-up table
(LUT) is created based on a set of reasonable hy and o values. By looking for the smallest
distance between v}, and the e/?0,, from the LUT, the pair (hy,0) fulfilling Equation (7) is
taken as the output. '

min

ol = llvn — e/, || @)
(2) Phase-coherence amplitude combined inversion method

Both the single coherence amplitude and the phase are easily affected by the extinction
coefficient and vertical structure, potentially leading to inaccurate forest canopy height
estimation. To address this, Cloud proposed to combine the DEM differential method with
the coherence amplitude combined method to invert the forest canopy height and use
the coherence amplitude information to compensate for the deficiency of the differential
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method, to improve the estimation of forest canopy height [16]. This model contains two
parts, the first of which is the forest canopy height from the interference phase difference.
In this part, two polarization coherence values close to the canopy and close to the ground
surface are usually chosen to calculate the difference height. As the ground phase is located
in the upper part of the ground surface, this approach results in low inversion values.
The RVoG three-stage method used herein to estimate the ground phase improves the
accuracy of differential forest canopy height calculation. The second part of the method is
the coherence amplitude method. As the phase center separation between the polarization
channels increases, the volume scattering height decreases, and the structure function is
compressed at the top of the canopy. Because the volume scattering decorrelation is also
decreasing, the SINC function can be used to compensate for the lack of height by the phase
difference; however, the SINC model is affected by the decorrelation, and the coefficient &
is used to compensate. Typically, ¢ is taken as 0.4 [24], and the specific expression of the

model is as follows: o
n, — 28 (1) — @0, 2sinc(|74) ®)

k. k.

(3) Baseline selection method

According to the RVoG model, the shape of the distribution of complex coherence points
is elliptical in the unit circle. The purpose of baseline selection is to select the combination
of baselines from multiple options that best fit the assumptions of the RVoG model. Our
previous study compared the effects of different baseline selection methods on the forest
canopy height inversion results of the RVoG model and found that the results of baseline
selection by the PROD (product of average coherence magnitude and separation) method
were more satisfactory [25-27], and this method was used herein. The PROD method is based
on the product of average coherence magnitude and separation. The purpose of coherence
optimization is to effectively separate different types of scattering phases to obtain the “pure”
volume scattering complex coherence and surface complex coherence when the degree of
coherence separation corresponding to the baseline reaches the maximum. As this approach
is more consistent with the RVoG model assumptions, the baseline combination with the
maximum PROD is selected to invert the canopy height [25-27]. As shown in Figure 5.

PROD = abs(yy — 1) * abs(yy, + 1) ©)

Here, vy, and vy correspond to the two coherence points close to the canopy and
ground surface.

S1

S3
S..

Figure 5. Baseline selection schematic, S1, 52, S3 ... ; S denotes a different orbit.
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(4) Penetration depth model

The SAR signal in the L-band penetrates the forest canopy to a certain extent so that
the center of the interferometric phase is located at the lower part of the top of the canopy
(Figure 6), which was not considered in the previous studies.

% %
e Yy
Scattering phase

center (Building)

(a) (=[] =im] (b) Scattering phase
center (Forest)

(R[]l
HENEEEE
[m[n]e]w]n]w

[S[n[w[u[n[a]]
[[n[w{u{n{w]w]
2 WUEEEE
e NSNS S L
e —

Figure 6. SAR penetration schematic in the forest. (a) indicates the position of the scattering phase

fffDDDEDEDE

center in the building scene, (b) indicates the position of the scattering phase center in the forest scene.

To correct for this, Dall [28] suggested that phase-normalized interferometric coherence
Zv is directly related to the height bias By:

bp = £y /k, (10)
The coherence in an infinitely deep volume is

1 11— j2rdy/HoAyy
7= 2T 21 j2rtdy /HoAAyy, (1

n2 —sinZ 0

HoAy, = HoA (12)

n?cosf

In this study, it is assumed that the refraction n in the volume is negligible, so it can
be concluded from Equation (12) that d; /HoAy, is related to the coherence amplitude,
from which the coherence phase can be extracted due to the uniqueness of the coherence
amplitude and the coherence phase [28]. Although this is the penetration depth in the
infinitely deep volume, the volume depth can be considered infinite when it exceeds the
penetration depth by a factor between two and five. In this paper, the penetration depth
is used as a variable only, so we do not consider whether the condition of infinitely deep
volume holds. The penetration depth is calculated as follows [28,29]:

Ly = —sgn(HoAVol)arctan(\/ ly| =2 — 1) (13)
_ |HoA| -
B, =—- oy arctan( y/|y|7? —1 (14)
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2.2.2. Machine Learning Methods
(1) Independent variable extraction

(a) Vertical height parameter

The greatest advantage of PolInSAR is acquiring forest vertical structure information.
In this study, the first and second stages of the RVoG three-stage method were used to
calculate the ground phase. The coherence separation and phase center height are calculated
with reference to the ground phase (Figure 7a), and the volume coherence penetration
depth is calculated using the penetration depth model (Figure 7b, Table 2).

(a) (b)
Top
A
. B
Yn Y N i "
£
Hyp
Yi
A
Ground vV Hy,

Figure 7. Schematic of the phase center height and penetration depth of SAR signal in the forest, (a)
denotes the scattering phase center height, (b) denotes the penetration depth.

Table 2. Vertical height parameter.

Variable Type Name Description Expressions
PDHsep High coherence separation phhsep = abs('yp,,m — 'yq,o)
PDLsep Low coherence separation phhsep = abs(Ypar — Yg0)
PDHmab High coherence magnitude PDHmab = abs(ypan)
) PDLmab Low coherence amplitude PDLmab = abs(7y,ar)
Coherence phase center helght and PDHarg High coherence phases PDHarg = arg (Y pan)
coherence separation PDLarg Low coherence phases PDLarg = arg(par)
Phi Ground phase /
Phimab Surface coherence amplitude Phimab = abs(7y,0)
HeightPDH High coherence phase center height HeightPDH = arg (ypan) exp~#° /k;
HeightPDL Low coherence phase center height HeightPDL = arg (ypar) exp ' /k;
Penetration depth Bh Penetration depth By = — % arctan( /[ 2=1 )

(b) Baseline selection parameters

The baseline selection parameter (Table 3) is an essential factor to reflect the shape of
the coherence region, which reflects the forest structure information to some extent, for
example, the overall coherence magnitude and coherence separation.

Table 3. Baseline selection parameters.

Variable Type Name Description Expressions
sep Coherence separation sep = abs (Ypan — Vpar)
Baseline selection parameters mab Coherence amplitude mag = abs (Ypan + Vpar)
cit Product of coherence separation and cit = abs B Jabs( )
coherence amplitude - Tpdh = Vpdl Ypdh + Vpal

()  Geometric parameters

The imaging geometry of INSAR/PolInSAR altimetry is shown in Figure 8 and Table 4.
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Figure 8. Geometric parameters of InNSAR.

Table 4. Geometric parameters.

Variable Type Name Description Expressions
Cos® Incident angle cosine None
Sin@ Incident angle sine None
G . Inc incident angle None
eometric parameters R 217tB
Kz Vertical wave number k=74
ARsin(f — a)
Hoa Height of ambiguity Hoa =2mt/k.

(2) Regression Model Development
(a) Partial least squares regression model

Partial least squares (PLS) regression was originally proposed by Wold and Albano
et al. [30]. Itis typically applied to regression modeling between multiple dependent variables
and multiple independent variables that are suitable for both principal component analysis
and typical correlation analysis. The method has the following advantages: (1) It avoids the
problem of multicollinearity between variables; (2) it can produce satisfactory results when
the sample size is small or the sample size is less than the number of variables; and (3) it can
distinguish systematic information from noise. The principle of PLS regression modeling is an
independent variable (X1, X2, ... , Xa) and a single, dependent variable Y with a total sample
size of n; the resulting matrix of independent and dependent variables is

X=[x1,x2,...,xaln x a

Y=[ylnx1

(15)

where Al is the number of components of the independent variable.

The first principal component is extracted in Equation (15) and regressed on the
dependent variable, and the algorithm is terminated if the results satisfy the expected
requirements. Otherwise, after the extraction of the first principal component, residual
information extracted is excluded from a second principal component extraction, and the
regression is continued until the established accuracy is reached [31,32].

(b)  Random forest regression model

Random forest (RF) regression modeling is a data mining method developed by Adele
and Breiman [33]. The RF technique combines combinatorial self-learning with modern
regression and classification. RF can be used for both classification and regression, as
well as clustering and survival analysis. Its advantages over other algorithms are its
adaptability to the data, excellent noise immunity, and excellent fitting ability (without
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overfitting). This method uses bootstrap resampling to draw multiple samples from the
original sample, models the decision tree for each bootstrap sample, and combines the
predictions of multiple decision trees to obtain the final prediction result by “voting”. The
internal node tree structure is constructed according to the best principles of the Gini
criterion [34]. With A original variables, Ai feature variables are randomly selected for
splitting the decision tree and growing freely to generate multiple decision trees, and the
number of trees (Ntree), and the size of the subset randomly selected (Ai) in the regression
process are optimized to derive the best fit. The advantages of the RF regression method
are that (1) it is suitable for large-scale data sets; (2) it is insensitive to multivariate linear
formulations; (3) it provides more reliable prediction results for missing and unbalanced
data than alternative methods; (4) it generates importance estimates of variables; and (5) it
is fast training [34,35].

3. Results
3.1. Mechanism Model Inversion Results

In the Lope test area, the inversion accuracy of the RVoG phase-coherence magnitude
method was the lowest, with an R? of 0.723 and RMSE of 8.583 bias of —2.431 m (Figure 9b).
The RVoG model had better inversion accuracy than the phase-coherence magnitude
method, with an R? of 0.775 and RMSE of 7.748 bias of 1.120 m (Figure 9a). The RMSE of
the RVoG model was reduced by about 1 m, which indicates that the RVoG model interprets
the forest canopy height information better than the RVoG phase coherence amplitude
method because the RVoG model uses forest canopy height and extinction coefficient to
construct a look-up table to calculate the forest canopy height, while the RVoG phase
coherence amplitude method is a simplified expression of the RVoG model. The scatter plot
(Figure 9) shows that the forest canopy height does not reflect the true forest canopy height
after higher than 50 m, and the inversion results of both methods are underestimated and
overestimated (i.e., there is no systematic direction of difference in the model error).
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Figure 9. Scatter plot of mechanism model in the Lope and Pongara test areas. (a,b) show the
inversion results of the RVoG three-phase method and the RVoG phase-coherence amplitude method
for the Lope test area, respectively. (c,d) show the inversion results of the RVoG three-phase method
and the RVoG phase-coherence amplitude method for the Pongara test area, respectively.
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The results in the Pongara test area are consistent with the pattern in the Lope experi-
mental area. Among the two mechanism models, the inversion accuracy of the RVoG phase
coherence amplitude method is the lowest, with R? of 0.728, RMSE of 7.897 m, and bias of
—4.043 m (Figure 9d). The inversion accuracy of the RVoG model is better than that of the
RVoG phase coherence amplitude method, but the difference is not too significant, with
R? of 0.752, RMSE of 7.628 m and bias of —4.188 m (Figure 9b). The bias is relatively large
after the forest canopy height is greater than 50 m, and there are also underestimations and
overestimations, which are consistent with the results of the Lope test area. Errors may be
related to decorrelation, observation geometry, and vegetation conditions.

3.2. Machine Learning Method Inversion Results
3.2.1. Importance Analysis of Independent Variables

In machine learning, feature dimensionality reduction can be performed by variable
selection to improve model efficiency. In this study, we used RF to filter variables; the
main objective of RF is to determine the size of the contribution made by each feature
in each tree of the RF, average these contributions, and finally, compare the size of the
contribution between features. In the Lope and Pongara regions, 4239 and 3068 samples
were used to train the RF model, respectively. The results of the importance analysis
showed that the penetration depth, phase center height, coherence separation, and baseline
selection index information contributed the most to the model in both study areas, and the
cumulative contribution reached more than 90% (Figure 10). These parameters are related
to the forest vertical structure information, so they were more sensitive to forest canopy
height. Therefore, it appears feasible to use a mechanism model combined with machine
learning methods to invert the forest canopy height from PolInSAR data. In the model
construction, variables with a cumulative contribution of 90% were selected to participate
in the regression model construction to reduce the variable dimensionality.
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Figure 10. Variable importance in Lope and Pongara test areas, (a) is the result of independent
variable selection for the Lope test area, and (b) is the result of independent variable selection for the
Pongara test area.
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3.2.2. Inversion Results

In the construction of the RF-RVoG-DEP model (Table 5), the model parameters were
optimized twice: first, using a random iteration method to obtain the local optimal parame-
ters, followed by a grid search function to determine the global optimal parameters; the
PLS-RVoG-DEP model was constructed to determine the number of principal components
according to the error minimization principle.

Table 5. Training results of machine learning models.

Test Area

N Model R? RMSE (m) BIAS (m)

Lope

RE-RVoG-DEP 0.967 2.959 —0.022

4239 PLS-RVoG-DEP 0.847 6380 ~0012

Pongara

RF-RVoG-DEP 0.979 2.226 0.013

3068 PLS-RVoG-DEP 0.853 5.861 ~0.014

In the following, we validated the inversion results of the machine learning methods
using independent validation samples and compared the differences between the methods,
and the results are shown in Table 6 and Figure 11. In the Lope test area, the inversion
accuracy of the machine learning method is significantly greater than that of the mechanism
model (Table 6 and Figure 11), where the R? of the PLS-RVoG-DEP model is 0.850, the RMSE
is 6.320 m, and the bias is 0.002 m (Figure 11b). Among all the methods, the RF-RVoG-DEP
model has the highest inversion accuracy with R? of 0.900, RMSE of 5.154 m, and bias of
—0.061 m (Figure 11a). Compared with the RVoG model, the R? was increased from 0.775 to
0.900, and the RMSE was reduced from 7.748 m to 5.154 m. The bias was also significantly
reduced, indicating that machine learning methods combined with mechanism models
are more responsive to forest canopy height information than mechanism method alone.
This may be related to whether the conditions and assumptions of the mechanism models
are satisfied, but the bias is also greater when the forest canopy height is larger. The same
pattern was observed in the Pongara experimental area, where the inversion accuracy of
the machine learning method was significantly greater than that of the mechanism model,
which had an R? of 0.869, RMSE of 5.534 m, and bias of 0.038 m for the PLS-RVoG-DEP
model (Figure 11d), compared to an R? of 0.903, RMSE of 4.769 m and bias of 0.01 6 m
in the RF-RVoG-DEP model (Figure 11c). Compared with the RVoG model, the R? of the
RF-RVoG-DEP model increased from 0.728 to 0.903, and the RMSE was reduced from 7.897
to 4.769 m. While the accuracy was substantially improved, but the bias was relatively
large for forest canopy height greater than 50 m, which was consistent with the results of
the Lope test area. Although the forest canopy height inversion accuracy can be effectively
improved by using machine learning methods combined with mechanism models, the
geometric error and decorrelation factor of PolInSAR data still cannot be solved.

Table 6. Comparison of the validation results of different inversion methods.

Test Area

Model R? RMSE (m) BIAS (m)

Lope

2118

RF-RVoG-DEP 0.900 5.154 —0.061
PLS-RVoG-DEP 0.850 6.320 0.002

RVoG 0.775 7.748 1.120
RVoG-Sinc-Phase 0.723 8.583 2431

Fusion Model

Mechanism Model

Pongara

1534

RF-RVoG-DEP 0.903 4.769 0.016
PLS-RVoG-DEP 0.869 5.534 0.038

. RVoG 0.752 7.628 —4188
Mechanism Model RVoG-Sinc-Phase 0.728 7.987 —4.043

Fusion Model
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Figure 11. Scatter plots of machine learning and random forest regression “fusion model” predicted
vs. observed forest canopy height in the Lope and Pongara test areas. (a,b) show the inversion results
of the RF-RVoG-DEP method and the PLS-RVoG-DEP method for the Lope test area, respectively.
(c,d) show the inversion results of the RF-RVoG-DEP method and the PLS-RVoG-DEP method for the
Pongara test area, respectively.

4. Discussion

In this work, we used machine learning combined with a mechanism modeling
approach to estimate forest canopy height and greatly improved the estimation accuracy
by mining the PolInSAR parameter representing the vertical height of the forest rather
than simply relying on coherence features to estimate forest canopy height, which is more
complete compared to the studies of Zahriban, Hesari, and Persson. Compared with
the Brigot study, we used more adequate independent variables, such as the microwave
penetration depth, the phase center height obtained by the RVoG model, and the observation
geometry parameters. However, the following questions deserve further exploration in the
subsequent study.

4.1. Limitations of the Mechanism Model

The RVoG three-stage and RVoG phase coherence amplitude methods rely on polar-
ization interference information to invert forest canopy height, which does not require
training samples. However, there are many uncertainties in real forest conditions, and the
forest canopy height calculated by a fixed model form, with its associated assumptions
and parameters, differs from the real forest canopy height values. In the RVoG model, the
ground-to-volume magnitude ratio of the volume coherence is assumed to be 0 [13]. Still,
this assumption does not support realistic forest conditions when the forest cover is low.
The contribution of the surface scattering from the volume coherence also increases the
estimation error of the pure volume coherence when cover is low. From the results, we
found that the results of the Pongara test area were better than Lope test area, which may
be related to the forest type. In the Pongara test area (mangrove forest), the forest structure
is more homogeneous, with a large canopy cover and no other vegetation on the ground
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surface, and the ground surface is usually covered by water, together with the shading
of the canopy, which is more consistent with the assumption of zero ground-to-volume
magnitude ratio in this case. However, in the Lope test area (inland tropical forest), the
forest structure is complex, with taller and low forests, and the ground surface scattering
contribution is larger under the condition of lower forest cover, so the assumption of the
ground-to-volume magnitude ratio of zero is not fully valid. In addition, differences in the
range and step size of forest canopy height and extinction coefficients in the construction of
LUT for the RVoG three-stage method can also affect the inversion results.

4.2. The Effect of Temporal De-Correlation

The RVoG three-stage method does not consider the effect of temporal decorrelation,
which is usually affected by the temporal difference, baseline size, and forest conditions
when SAR data are acquired. It has been shown that temporal decorrelation not only
decreases the coherence coefficient but also increases the volatility of the coherence phase
in vegetated areas [36,37], so the error of interferometric complex coherence potentially
affects the accuracy of ground phase and volume coherence. The inversion results of the
RVoG phase coherence amplitude method consist of the inversion results of the phase dif-
ference method and the coherence amplitude method. In the different parts of this process,
the ground phase error source is consistent with the RVoG model, while the part of the
coherence amplitude method is heavily influenced by the temporal de-correlation [38-40],
and the assumption that the extinction coefficient 0 is not valid under practical conditions
with large differences in forest structure. In the next study, temporal de-correlation models
(e.g., RMOG model, RVoG-VDT model) can be added to obtain temporal de-correction
factors to improve this limitation.

4.3. Effect of Baseline Selection Method and Observation Geometry

The baseline selection method is also one of the sources of inverse errors, and we use
the PROD method to select the baselines. According to a related study [41], it is shown
that the selection of baseline combinations relying only on the shape of the distribution of
complex coherence does not achieve the global optimum, so the optimization of the baseline
selection method is also a problem worth considering. Despite the fact that the machine
learning method greatly improves the estimation accuracy, there is still an underestimation
trend when the forest canopy height is greater than 50 m. These analyses show that the
ambiguity height Hoa (27t/k;) no longer increases with the forest canopy height when the
forest canopy height is greater than 50 m in both study areas. It was also shown that the
inversion results are more accurate when the product of forest canopy height and vertical
wave number is less than the Height of ambiguity (k, x hy < Hoa). Values of k, that are too
large or too small can increase the de-correlation interference and lead to a relatively large
bias in the inversion results [42], while the spatial baseline size is an important parameter
to determine k,. Chen’s study mentioned that when the spatial baseline corresponding
to Hoa is 2 to 4 times the height of the forest can reflect the forest canopy height more
accurately [43]. As mentioned above in mangrove forests with a homogeneous structure,
the distribution of coherent points is closer to the RVoG model hypothesis and the baseline
selection results are more reasonable. In contrast, inland tropical forests have a complex
structure and more disturbing factors, so the uncertainty of baseline selection results is
larger, which was also verified in the study of Denbina [26]. The baseline selection method
and spatial baseline optimization are promising ways to improve forest canopy height
inversion accuracy in future research.

4.4. Uncertainty of Machine Learning Methods

The machine learning methods rely on a large amount of training data to combine the
polarized interference information with the forest structure information (derived from the
mechanism model) to construct the inverse model, which does not itself assume preconditions.
Inverse forest canopy height derived from this ”“fusion model” were closer to the LiDAR-
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observed forest canopy height. In this study, vertical height information and SAR penetration
depth are used, while penetration depth, sensor platform parameters, and baseline selection
parameters are also considered. However, there are still errors in some samples of the
inversion results, which are mainly related to decorrelation and vegetation conditions. Our
research object is a tropical rainforest, and this forest structure may more sensitive to errors in
vegetation conditions and temporal decorrelation. Furthermore, the coherence optimization
results are not accurate in the case of poor interference quality, which increases the error of
independent variables. Future research will investigate the compensation of the decorrelation
factor as a factor in forest canopy height inversion accuracy.

5. Conclusions

Forest canopy height is an important parameter to characterize forest biomass and
carbon stock. In remote sensing-based forest canopy height monitoring, interferometric,
polarized synthetic aperture radar interferometry (PolInSAR) has been widely studied
in the past two decades. It has proven to be an effective tool for forest canopy height
estimation, which has been confirmed on the TanDEM-X satellite. Now ALOS-2, the
SAOCOM are also gradually used in forest canopy height estimation studies. However,
traditional mechanism models and machine learning methods can hardly meet realistic
conditions completely. Therefore, exploring a series of efficient and accurate forest canopy
height estimation methods to improve forest parameter estimation is an important problem
that needs to be addressed urgently. Our study offers a novel approach, by combining
machine learning and mechanism modeling to estimate forest canopy height, showing that
it can effectively improve the accuracy of forest canopy height inversion. Inversion results
using this “fusion model” method were substantially better than those derived from the
mechanism model alone. The fusion model does not require incorporating factors such as
extinction coefficient, ground-to-volume magnitude ratio, or baseline selection, meaning
the method is more scalable than other approaches. Methodologically, due to the high
correlation between forest canopy height and forest biomass, our proposed method can
also be applied to the estimation of other forest parameters which is an issue to be explored
in the future. Previous studies have required a large number of samples, either for model
improvement or new algorithm proposals. Currently, GEDI and ICESat-2 have acquired a
large number of laser point information for the globe, with the support of a large number of
a priori samples, forest canopy height estimation and forest carbon measurement at a large
regional scale will become more convenient with the application of ALOS-2, TanDEM-L and
BIOMASS satellites and NISAR program. In the next study, we can also further improve
this method in terms of temporal de-correlation, baseline selection, inversion model, and
study subjects.
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