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Analyzing the Saturation of Growing Stem Volume
Based on ZY-3 Stereo and Multispectral Images in
Planted Coniferous Forest

Tingchen Zhang

Abstract—Recently, remote sensing (RS) technology are be-
coming an increasingly important technology in estimating forest
growing stem volume (GSV), and the saturation issue of spectral
variables from various optical sensors severely hinders the im-
provement of mapping forest GSV, especially in the planted forest
with high GSV. Forest canopy height is widely considered as one
of the major factors to increase the saturation levels in mapping
GSYV. However, it is rather difficult to invert the forest canopy
height without precisely external DEM for large regions. In this
study, the canopy height model (CHM) was derived from ZY-3
stereo images with subtracting open-sourced external DEM and
the response of saturation levels was analyzed by adding forest
height in the planted coniferous forest (Larch and Chinese pine).
To further describe the relationships between the forest height and
saturation levels, five datasets with five estimation models (Linear,
MLR, SVR, KNN, and RF) and three methods of variable selection
(Stepwise, LASSO, and Pearson) were applied to estimate the forest
GSYV using corrected CHM and 49 alternative variables extracted
from ZY-3 multispectral images. Meanwhile, a spherical model
was employed to quantitatively describe the saturation levels of
combined variables. The results showed that values of relative
root means square error were decreased from 29.3% to 25% for
Larch and from 26.5% to 22.2% for Chinese pine after adding
the corrected CHM, respectively. Meanwhile, the saturation level
of each combined variable set was successfully determined by the
spherical model. The results illustrated that the saturation levels of
GSV were significantly increased by adding corrected CHM from
open-sourced external DEM. Specially, the averaged saturation lev-
els were increased from 220 m’/ha to nearly 300 m3/ha for Chinese
pine and from 150 m3/ha to 220 m3/ha for Larch, respectively. It
is proved that ZY-3 stereo and multispectral images have great
potential for accurate estimation of forest GSV by delaying the
saturation levels using extracted CHM with open-sourced external
DEM.
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I. INTRODUCTION

LOBAL warming is one of the biggest challenges faced
G by mankind and forest plays an important role in carbon
dioxide emissions and global climate change [1]—[3]. Naturally,
forest growing stem volume (GSV) is regarded as one of the key
parameters to evaluate the quality of forest resources. Although
traditional field-based forest inventory can provide relatively
accurate GSV on sample scale, the process is time-consuming
and labor-intensive, and in some cases, access to certain remote
forest areas is impossible [4]. At present, remote sensing (RS)
technology is becoming an increasingly important tool for esti-
mating GSV and resource assessment [S]-[8]. Over the last few
decades, many variables related to forest GSV were extracted
from optical RS images with multispatial resolutions and multi-
spectral (Mul-SP) sensors, such as Landsat series, Sentinel-2,
GF series, and ZY series satellites [9]-[14]. Meanwhile, the
saturation levels of GSV have been found using various RS im-
ages [19]. Furthermore, the common problem is also recognized
for mapping GSV or AGB using SAR images [20]-[22]. The
phenomenon of spectral saturation varies with various spectral,
spatial, and radiometric resolutions [17], [18]. Additionally, tree
species and forest with different stand structures also induced
various saturation levels [23], [24]. Thus, how to delay the
saturation levels is an unavoidable problem for improving the
accuracy of mapping forest GSV using optical RS images [25].
Facing the challenge of spectral saturation, the models and
RS images are initially considered to increase the saturation
levels [26], [27]. Excepting the linear and nonlinear models,
several complex machine learning and deep learning algorithms,
such as support vector machine model (SVR) [28], [29], random
forest (RF) model [30], K-nearest neighbor (KNN) method [31],
CNN, and ensemble learning algorithms, are often employed to
map GSV in various forest and the results showed that these
models can improve the accuracy of GSV by delaying the
saturation. The other methods are mainly concentrated in RS
data by various combined variables derived from multitemporal
images or multisource images [32].
Moreover, it is noted that the forest canopy height is widely
considered as one of the main factors to increase the satu-
ration levels in estimation GSV. Normally, the forest height
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(also named CHM, canopy height model) related to GSV is
mainly derived from airborne laser scanning technology [6],
[33], and then three-dimensional point clouds and precise DEM
enable to extract the reliable CHM and GSV in local regions [25],
[34]. Meanwhile, the results of using C and L band polarimetric
SAR images to estimate forest height show that the saturation
level of plantation forests can be effectively delayed [35]-[38].
However, with the expensive of acquired data, it is difficult to be
widely applied to map forest GSV on large scales [39], [40].
Considering the cost of acquired data, digital surface model
(DSM) can be also derived from spaceborne stereo images
(worldview 2 and ZY3) for large regions [41], [42]. In previous,
forest AGB was mapped by using difference of DSM at leaf-on
and leaf-off seasons extracted from the ZY-3 stereo images.
Moreover, the forest height was also extracted by a combination
of lidar-based DEM and stereo-based DSM extracted from stereo
images. However, it is still difficult to extract the reliable CHM
from stereo images without precise DEM [4].

On the other hand, the saturation phenomenon of optical im-
ages has been recognized for a long time, it is still a hot disputed
problem to construct the models for quantitatively describing
the saturation levels based on various forest types and images
[25]. At present, both nonparameters and parameters approaches
are employed to determinate saturation levels of various images
and forest types [43], [44]. For the nonparameters approach,
the saturation levels were indirectly obtained by visually in-
terpreting the extreme values of linear models or the trends of
nonlinear models based on scatterplots or fitted curves between
selected variables and GSV [45]. For the parameters approach,
the saturation level was regarded as one of the parameters. The
semiexponential model is traditional parameters approach for
estimating the saturation levels using polarmetric SAR images,
and the saturation level is one parameter of the model directly
derived from solving the models [27], [46]. Additionally, it has
been found that the principle of the kriging model based on
the semicovariance function in geostatistics is similar to the
phenomenon of spectral saturation, and a spherical model is
also used to quantitatively estimate the saturation values of AGB
using spectral reflectance from Landsat imagery, and the results
indicated that the saturation levels of AGB highly related to
forest types and slope aspects [13], [14]. In fact, for a single
variable, both nonparameters and parameters approaches have
the capability to quantitatively evaluate the saturation levels by
extreme values or solving models. However, it is still a complex
problem to evaluate the saturation of combined variables applied
in the machine learning and deep learning algorithms.

Therefore, the goal of the present study is to quantitatively
describe the saturation levels of combined variables by general
spherical model and to investigate the potential capability to de-
lay the saturation levels using stereo images with open-sourced
external DEM [15]. In the study area, a pair of ZY-3 images with
the spatial resolution of 2.1 m, including forward image, back-
ward image, and nadir image (Mul-SP images), were employed
to map GSV in planted coniferous forest (Larch and Chinese
pine) [3], [13], [47]. And then, the CHM was extracted from
stereo images and open-sourced external DEM [48]. Meanwhile,
the spherical model was used to quantitatively evaluate the
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Fig. 1. Study area and ground plots.

saturation levels of various combined variables extracted from
ZY-3 stereo and Mul-SP images [49].

II. MATERIALS AND METHODS

A. Study Area

Wangyedian Experimental Forest Farm (118°09’E—
118°30’E, 41°21’N-41°39’N) is in the southwest of Harqin
Banner, Chifeng City, Inner Mongolia, China (see Fig. 1). The
landforms of the study area are mainly mountainous regions
with elevation varying from 600 to 1890 m. There are four
soil types, including brown soil, cinnamon soil, meadow soil,
and mountain black soil, and the brown soil is the mainly one.
The forest area was up to 23300 hectares and the percentage
forest cover was about 93% by the end of 2016, with a total
stock volume of 1.527 million m>. About 49.78% of the study
area (about 11600 hectares) is covered by planted forest and
the main tree species are larch (Larix principis-rupprechtii and
Larixolgensis) and Chinese pine (Pinus tabuliformis) in the
planted forest.

B. Ground Data and RS Images

1) Ground Data: Based on the distribution of GSV in planted
coniferous forest, 35 larch plots and 32 Chinese pine plots with
the size of 25 m x 25 m were measured in September 2017
by the approach of random stratification sampling (see Fig. 1).
The positions of corners and central points in each plot were
precisely measured by the Global position system. And then,
the parameters of each tree with the diameter at breast height
(DBH) larger than 5 cm, such as height, DBH, and size of
canopy, were measured and the timber volume of each tree was
calculated using the equations related to the measured height and
DBH. For the Larch and Chinese pine, the equations of timber
volume provided by Wangyedian forest farm were developed in
accordance with the technical regulations on the construction
of two-variable tree volume table of the People’s Republic of
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Fig. 2. (a) ZY-3 Mul-SP images acquired on September 20, 2017. (b) DEM
of the study area.

China (bz0000008300)" [50]
Larch : V = —0.001498 4 0.00007 x D? + 0.000901
x H +0.000032 x H x D? (1)
Chinese pine : V' = 0.013464 — 0.001967 x D + 0.000089
x D? 4 0.000628 x D x H + 0.000032

2

where V is the volume of each tree, H and D are the height and
DBH of each tree. The GSV of ground plot was the sum of all
the tree timber volume within the plot. In the study, the GSV
of Larch samples varied between 86.17 and 405.56 m*/ha and
the average GSV was 208.42 m®/ha; the GSV of Chinese pine
samples varied between 91.97 and 355.61 m3/ha and average
GSV was 212.18 m’/ha.

2) RS Data and Preprocessing: Because of the availability of
Mul-SP and stereo images, the Ziyuan-3 (ZY-3) satellite data are
widely used to invert the digital elevation model (DEM) without
forest on large scale. In our study, one pair of stereo images with
a spatial resolution of 2.1 m was acquired on September 20,
2017 [see Fig. 2(a)], and the DSM was generated. Moreover, for
extracting the CHM, the open-sourced DEM with a resolution
of 12.5 m was downloaded from NASA-EARTHDATA? [see
Fig. 2(b)].

After processing of atmospheric calibration, the topographic
correction was also processed by the C-correction model to
reduce the influence of steep slope terrains. And then, to avoid
problems of overconcentration of certain band information, the
Gram—Schmidt fusion method was used to fuse the multispectral
and panchromatic data to produce a new image with a spatial
resolution of 2.1 m [51], [52]. So, the fused Mul-SP images were
used to extract the spectral variables for GSV inverting.

x H x D* —0.003173 x H

C. Extracting CHM From ZY-3 Stereo Images

By three high-resolution panchromatic cameras, the three im-
ages, forward, nadir, and backward image were used to provide

'[Online].  Available:
content-973771.html
2[Online]. Available: https://search.asf.alaska.edu/

http://www.forestry.gov.cn/portal/xdly/s/5191/

TABLE I
LIST OF VARIABLES EXTRACTED FROM ZY-3 MULTISPECTRAL IMAGES

Variables Definition method
Original band 1 - BLUE, band 2 - GREEN, band 3 - RED,
band band 4 - NIR
NDVI NDVI = (NIR — RED) / (NIR + RED)
DVI DVI= NIR - RED
RVI RVI= NIR/RED
EVI EVI
=2.5x(NIR—RED)/(NIR+6*RED—7*xBLUE+1)
ARVI ARV I = (NIR—(2*xRED— BLUE)) / (NIR
+( 2xRED-BLUE))
SAVI SAVI; = (NIR—RED) (1+p) / (NIR+
RED +p) , p=0.25,0.50.75
TVI 0.5%(120x(NIR—GRN) — 200 x(RED—GRN))
MSR MSR=(NIR/RED-1)/SORT(NIR/RED+1)
NLI NLI=(NIR*NIR-RED)/(NIR*NIR+RED)

the in-orbit stereo images pair. OrthoMapping tool of ArcGIS
10.5 software was used to derive the DSM from ZY-3 stereo
images [47]. To accurately retrieve the DSM from ZY-3 stereo
images, calculating connection points was the first step. And
then, the regional network adjustment was used to construct
the geometry relationships of the same image points picked out
from stereo images. After that, the stereo pair was reconstructed
to produce the model of point clouds, and the DSM was success-
fully extracted after matching and interpolating. To match the
resolution of DEM, the extracted DSM and open-sourced DEM
were both resampled to a resolution of 20 m, and then CHM is
calculated by subtracting DEM from DSM (see Fig. 3) [53], [54].

D. Extraction the Variables and Variables Selection

For mapping the GSV of planted coniferous forest, alternative
variables of four bands, nine vegetation indices, and eight texture
characteristics were extracted from preprocessed ZY-3 Mul-SP
images, and some topographic variables were extracted from
DEM. Normally, nine vegetation indices included Normalized
Differential Vegetation Index (NDVI), Difference Vegetation
Index (DVI), Ratio Vegetation Index (RVI), Enhanced Vege-
tation Index (EVI), Atmospheric Impedance Vegetation Index
(ARVI), Soil Regulation Vegetation Index (SAVI0.25, SAVIO.5,
SAVIO0.75), Triangular Vegetation Index (TVI), Modified Simple
Index (MSR), and NLI (see Table I). Moreover, the eight texture
variables were extracted from each selected band with the size of
3 x 3[18],[19]. Additionally, the slope and aspect variables were
extracted from DEM. To select the key variables from extracted
49 alternative variables, three methods of variables selection,
including Pearson correlation coefficient, LASSO model, and
stepwise regression model, were adopted in the next step [50],
[55], [56].

E. Estimation Models for Corrected CHM, GSV, and
Saturation Levels

1) Estimation Models of Corrected CHM and GSV: For
reducing the errors of CHM, the extracted CHM should be
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Fig. 3.
external DEM. (f) CHM of study area.

corrected by field-measured forest height in plots and variables
extracted from ZY-3 Mul-SP images. In our study area, four
models, such as multiple linear regression model (MLR), SVR
model, RF model, and KNN method, were selected to estimate
the corrected CHM (CCHM). And then, those models (MLR,
SVR, RF, and KNN) were also employed to invert the GSV using
CCHM from stereo images and variables from ZY-3 Mul-SP
images and DEM.

To evaluate the estimated results of the CCHM and GSV,
the leave-one-out cross-validation (LOOCV) was employed to
calculate the root means square error (RMSE) and the coefficient
of determination (R?) between the estimated and the observed
values. The relative RMSE (rRMSE) was also utilized for the
accuracy assessment. The formulas of the three indices were
listed as following:

R2=1— M (3)
Zil:1 (yi — 5’)2
n A \2
RMSE — W )
rRMSE = RMSE/y x 100% 5

where 7 and y are the estimated and ground measured GSV or
CHM, respectively.

2) Approach for Evaluating the Saturation Level: When the
GSV reached at a certain value, the saturations of spectral
variables would occur. So, it is hard to estimate the forest GSV
exceeded the saturation level. Therefore, how to evaluate the
saturation value is important for improving the accuracy of
GSV. It is reported that the saturation phenomenon of interested
variables is similar to the distribution of spatial autocorrelation
of a variable of interest in geostatistics [14], [57]. And the
approach of the semi-variogram model was selected to evaluate

Interpolation
generates the DSM

DEM difference
method

Flow chart of generation CHM. (a) ZY-3 forward view image. (b) ZY-3 nadir image. (c) ZY-3 back view image. (d) ZY-3 three-view DSM. (e) Open-sourced

the saturation level and express the relationship between forest
GSV and the selected spectral variables. In this study, a spherical
model is used to solve the semi-variance function, and the
specific formula is as follows:

0 h=0
F=Rc+e(L-45) 0<h<a  ©
co+c h>a

where ¢ is the nugget constant, ¢ is the arch height, co+c is the
abutment value, and a is the variable range; when cp=0,c =1,
it is called the standard spherical model. When y = f(h), bo=c,
by=3c/2a, bo=c?/2a3, h=x, the model is obtained:

y = bg + biz + by (7

where y is the selected variable value and x is the GSV of
the ground plot. The solution of unknown parameters, bg, by,
and bs, were retrieved by the least squares algorithm and the
values of saturation level were determined by the extremum of
the spherical model. For a variable, the ground measured forest
GSV was regarded as spatial distance in geo-statistics, and the
level of saturation values is directly extracted by the extremum
of the spherical model. However, it is difficult to evaluate the
saturation level of the variable set by the spherical model.

To evaluate the saturation level of GSV with multivariables,
the variable of the red band from ZY-3 Mul-SP images was
selected as a response variable attributed to spatial autocorre-
lation, and the estimated forest GSV from combined variables
was selected to solve the spherical model [13], [58]-[60]. And
then, the saturation of combined variables is illustrated by the
relationship between the red band and estimated GSV. Basically,
the saturation level of each combined variable is dependent
indirectly on the combined variables and estimated model.
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Fig. 4. Scatter graphs between CHM extracted from ZY-3 stereo images and
measured average height of plots; (a)—(b) Scatters between extracted CHM and
measured average height of plots for Larch and Chinese pine, respectively.
(c)—(d) Scatters between CCHM and measured average height of plots for Larch
and Chinese pine, respectively.

III. RESULTS

A. Results of Extracted Forest Height

Fig. 4(a) and (b) showed the scatter graphs between the
extracted CHM from ZY-3 stereo images and measured average
height of plots for Larch and Chinese pine, respectively. Be-
cause of errors of imaging and open-sourced DEM, the directly
extracted CHM were obviously lower than the measured average
height of plots. To reduce the errors of CHM, the models between
the extracted CHM, measured average height of plots, and
spectral variables were constructed using three approaches of
variable selection and four employed models, and the results of
CCHM were listed in Table II.

As shown in Table II, the values of the determination co-
efficient (R?) were ranged from 0.43 to 0.70 for Larch and
from 0.14 to 0.45 for Chinese pine, respectively. For Larch
plots, the minimum RMSE (2.02 m) between the CCHM and
ground measured average height of samples was obtained by
the MLR model with a stepwise regression approach for variable
selection. And the optimal result of Chinese pine was extracted
from the RF model under the LASSO approach. Moreover, the
accuracy of CCHM for Larch was higher than that for Chinese
pine.

Fig. 4 compared the scatter graphs between the extracted
CHM and CCHM. Before applying the correcting model [see
Fig. 4(a) and (b)], the RMSE between directly extracted CHM
and measured GSV were 7.39 and 9.89 m, and rRMSE were
56.3% and 67.8%, for Larch and Chinese pine, respectively.
After correcting [see Fig. 4(c) and (d)], the underestimated
heights of plots were significantly decreased, and the RMSE
between CCHM and measured GSV were up to 2.02 m for Larch
and 2.79 m for Chinese pine, and rRMSE were up to 15.4% and
20.7%, respectively. It was shown that the CCHM was more
sensitive to the changes of GSV than directly extracted CHM.
And then, the optimal estimating models and variable selection

TABLE II
RESULTS OF CCHM EXTRACTED FROM VARIOUS METHODS OF VARIABLE
SELECTION AND MODELS

Tree Variable 2 RMSE rRMSE
special selection Model R (m) (%) Note
MLR 0.46 2.74 20.9
SVR 0.63 2.29 17.5
Pearson
RF 0.63 2.29 17.4 *
KNN 0.45 2.76 21.0
MLR 0.67 2.13 16.3 *
SVR 0.57 2.45 18.7
Larch LASSO
RF 0.67 2.14 16.3
KNN 0.41 2.66 223
MLR 0.70 2.02 15.4 *
Stepwise SVR 0.53 2.56 19.5
regression RF 0.57 2.46 18.7
KNN 0.43 2.82 215
MLR 0.21 3.34 24.8
, SVR 0.30 3.14 233 *
earson
RF 0.28 3.17 23.6
KNN 0.17 3.61 26.8
MLR 0.33 3.06 22.7
; SVR 0.25 3.25 24.1
Chinese LASSO
pine RF 0.45 2.79 20.7 *
KNN 0.40 291 21.6
MLR 0.36 2.99 222 *
Stepwise SVR 0.27 3.21 23.8
regression RF 0.25 3.25 24.1
KNN 0.14 3.66 27.1

Note: * in the above table is the optimal model for each method.

method were employed to obtain the correction CHM of study
area.

B. Results of Estimated GSV

1) Variable Selecting for Estimating GSV: To investigate
the saturation level of GSV in the study area, 49 alternative
variables were extracted from ZY-3 Mul-SP images. In our
study, three methods of variable selection (Pearson coefficients,
LASSO, and stepwise regression) were applied to select the
optimally combined variables for GSV estimation. Based on
each approach, the top ten variables of each method were listed
in Table III. It was shown that most of the variables related
to vegetation indices were selected for Larch and most of the
variables related to texture characteristics were selected for
Chinese pine. Additionally, to determine the number of variables
for GSV estimation, the threshold values of Pearson correlation
were set to 0.6 for Larch and 0.4 for Chinse pine.

2) GSV Estimation: To evaluate the ability of variables for
GSV estimation, there were five types of variable set extracted
from ZY-3 stereo and Mul-SP images using three methods of
variables selection, including CHM, CCHM, selected Mul-SP
variables, combined variables between extracted CHM and se-
lected Mul-SP variables (Mul-SP-CHM), and combined vari-
ables between CCHM and selected Mul-SP variables (Mul-SP-
CCHM). And then, five models, linear model, MLR SVR model,
RF model, and KNN method, were employed to estimate the
GSV in each type of selected variables. Furthermore, the linear
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TABLE III
RESULTS OF VARIABLE SELECTION BY THREE APPROACHES

Pearson correlation LASSO ritgerl::‘;iiien

vartables R Cotficent  variables ®™  variabtes o0k
ARVI 1 0.715%* DVI 1 ARVI 1
TVI 2 0.705%* RVI 2 TVI 2
NDVI 3 0.704** EVI 3 EVI 3
SAVI0.25 4 0.704%* B2 VA 4 NDVI 4
SAVIO0.S 5 0.704%* ARVI 5 SAVI0.25 5

Larch EVI 6 0.695%* B3_HO 6 SAVIO.5 6
MSR 7 0.692%* B2_ME 7 B3_VA 7
RVI 8 0.684%* B3_DI 8 DVI 8
NLI 9 0.568* B4_HO 9 B4_HO 9
B2 HO 10 0.375* Band3 10 Band2 10
B4_SM 1 0.433%* B2_ME 1 B3_DI 1
B2 ME 2 0.419%* B3_ME 2 B2 ME 2
B3_DI 3 0.418%* B3_DI 3 B3_CT 3
BI_ME 4 -0.410%* B4_VA 4 B2 CT 4
B4_VA 5 -0.408%* B4_EN 5 B2 VA 5

Chinese

pine B4_CO 6 0.388%* Band3 6 B3_VA 6
B4_ME 7 -0.384%* Band4 7 B4_ME 7
B3 ME 8 -0.381%* BI_ME 8 B4_VA 8
B4_HO 9 0.366* B2 DI 9 B2 SM 9
B2_HO 10 0.365% B2_VA 10 B2_DI 10

Note: ** in the above table is significantly correlated at the 0.01 level (two-sided), and * is
significantly correlated at the 0.05 level (two-sided).

model was directly used to the single variable of CHM and
CCHM and others were applied to the combined variable set. The
method of LOOCV was utilized for the accuracy assessment,
and the values of RMSE and rRMSE were used to evaluate the
results of the estimated GSV. The histograms of rRMSE were
shown in Fig. 5(a) and (b).

As shown in Fig. 5, the values of rRMSE (Larch: 29.9% and
Chinese pine: 31.4%) from extracted CHM were larger than that
from CCHM (Larch: 28.3% and Chinese pine: 27.4%). Among
the other four models in three types of combined multivariables,
the values of rRMSE from KNN for Larch were larger than that
from other models, and the values of rRMSE from RF for Chi-
nese pine were larger than those from other models. Moreover,
by adding the variables of CHM, the values of rRMSE from
combined variables were much smaller than that from Mul-SP
variables. Table IV lists the optimal results from three methods
of variable selection and five estimated models in each type of
selected variable. The determination coefficient (R?) is ranged
from 0.41 to 0.62 for Larch and from 0.18 to 0.59 for Chinese
pine, respectively. Moreover, the smallest RMSE and rRMSE
were 52.3 m*/ha and 25.0% for Larch, obtained by the model
of SVR and variables selection method of Pearson in combined
variables between CCHM and Mul-SP variables. Meanwhile,
the rRMSE from combined variables (M-CCHM) were greatly
decreased by adding the CCHM for larch and Chinese pine in
the study area. It is inferred that the errors of estimated GSV
were reduced by adding the variable of CHM.

To further analyze the results of the estimated GSV, Fig. 6
illustrated the scatter graphs between measured and predicted
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Fig. 5. Histograms of rRMSE calculated by three variable selection methods
and five combined variable sets. Stepwise, LASSO, and Pearson are methods
for variable selection, CHM indicates directly extracted canopy height model,
CCHM indicates CCHM, M indicated Mul-SP variables, M-CHM indicates
CHM and Mul-SP variables, M-CCHM indicates CCHM and Mul-SP variables.

GSV from the optimal model of each type of combined variable.
It often occurred that the plots with low GSV were overestimated
and the plots with high GSV were underestimated without using
the CHM [see Fig. 6(c) and (h)], and these overestimated or
underestimated plots were significantly decreased by adding
CHM [see Fig. 6(d), (e), (i), and (j)]. Furthermore, the results of
the estimated GSV by adding the CCHM were more sensitive
than that by adding the CHM. So, it is proved that the CHM
has the potential ability to improve the results of high GSV by
delaying the saturation level.

Using selected the optimally combined variables by Pearson
for Larch and by LASSO for Chinese pine, the GSV of the study
area was mapped by the optimal model of SVR for Chinese Pine
[see Fig. 7(a)] and KNN for Larch [see Fig. 7(b)], respectively.
As shown in Fig. 7, the estimated GSV of Chinese pine (mainly
ranged from 150 to 250 m?/ha) was higher than that of Larch
(mainly ranged from 100 to 150 m3/ha).

C. Saturation Levels of GSV

Normally, the accuracy of GSV is highly related to saturation
levels of variables, especially in high GSV areas. It is necessary
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TABLE IV
OPTIMAL RESULTS OF ESTIMATED GSV FROM FOUR MODELS IN EACH METHOD OF VARIABLE SELECTION

i RMSE
Tree Variables Variable — yy el R? RMSE(m'ha) o Note
species selection (%)
CHM - linear 045 62.3 29.9
CCHM - linear 0.51 59.0 28.3
r?g?;‘s’gifl MLR 0.54 57.0 273
Mul-SP LASSO RF 0.41 64.7 311
Pearson MLR 0.47 61.1 29.3 *
Larch r:;g‘s’gii MLR 0.55 56.4 27.0
Mul-SP-CHM ") ss0 RF 0.52 58.1 27.9
Pearson RF 0.57 55.7 26.7 *
r?g?;‘s’gsoi SVR 0.58 54.5 26.2
Mul-SP-CCHM LASSO SVR 0.54 571 27.4
Pearson SVR 0.62 523 25.0 *
CHM - linear 0.18 69.2 314
CCHM - linear 0.38 60.4 274
r:;‘;‘s’gien SVR 0.38 60.2 27.3
Mul-SP LASSO SVR 0.31 63.5 28.8
Pearson MLR 0.42 58.5 26.5 *
Chi i
p‘i‘:fese rgz‘;‘s’gifl MLR 0.48 55 25.0 *
Mul-SP-CHM "' ss0 MLR 0.36 61.1 277
Pearson MLR 041 58.6 26.6
r?g?;‘s’gsoi RF 0.50 54.0 24.5
Mul-SP-CCHM LASSO KNN 0.59 48.9 222 *
Pearson SVR 0.57 49.9 22.6
Note: * in the above table is the optimal model for each method.
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Fig. 6.  Scatter graphs between measured and predicted GSV from the optimal model of each type of combined variables. (a)-(e) Optimal results from CHM,

CCHM, Mul-SP variables (Mul-SP), Mul-SP-CHM, and Mul-SP-CCHM for Larch, respectively. (f)—(j) Optimal results from CHM, CCHM, Mul-SP variables

(Mul-SP), Mul-SP —-CHM, and Mul-SP -CCHM for Chinese pine, respectively.

to explore the change of saturation after adding CHM. As shown
in Fig. 6 and Table IV, it was illustrated that the accuracy of
estimated GSV depends on the selected combined variables,
employed models, and forest stand structures. The capability of
combined variables and models for estimating GSV, especially
for high GSV areas, is mainly related to saturation levels. Fig. 8
illustrated the scatter graphs between variable of red band ex-
tracted from ZY-3 Mul-SP images and ground measured GSV,
the saturation of the variable was obviously occurred at the

level of 150 m3/ha for Larch and 220 m?/ha for Chinese pine
(Blue line), respectively. So, the accuracy of estimated GSV was
decreased by underestimated results.

In the study, the approach of spherical model was selected to
evaluate the saturation level and express the relationship between
forest GSV and the selected variables. Compared with a single
spectral variable, the saturation levels of GSV were obviously
increased by using combined variables. To quantitatively de-
scribe the saturation levels of combined variables, the values
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with combined variables of Mul-SP-CCHM and LASSO.

of red band extracted from ZY-3 Mul-SP images was regarded
as a response variable, and estimated GSV of ground plots was
regarded as independent

variables. After obtaining the estimated GSV, the values of
saturation were determined by spherical model for the single
and combined variable set. Based on the results in Table IV,
the optimal estimated GSVs for each type of combined variable
were used to solve the parameters of spherical model. Then, the
minimum values of curves were obtained to extract the saturation
levels. Table V listed the obtained saturation levels of single and
combined variables from the optimal estimated GSV. For the
single variable of red band, the saturation levels of GSV were
close to 150 m3/ha for Larch and 220 m3/ha for Chinese pine,
and the values were up to 192 m3/ha for Larch and 270 m3/ha
for Chinese pine using combined variable from Mul-SP images.
Furthermore, the saturation level was significantly delayed by
using a single CHM from ZY-3 stereo images. After combining
the CCHM with Mul-SP variables, the obtained saturation levels
were up to 266 m*/ha for Larch and 207 m?/ha for Chinese pine,
respectively. To further describe the capability for estimating
GSYV, the curves of the spherical model were shown in Fig. 9.
By adding the CHM, the minimum of the curves moves to the
direction with higher GSV. So, the accuracy of the estimated
GSV was increased by the combined variables with high levels
of saturation.

IV. DISCUSSION
A. CHM Related to Estimated GSV

Generally, a reliable estimation of forest GSV requires not
solely information extracted from optical spectral images, the
forest height is also an important parameter to describe the
volume of a single tree. Traditionally, airborne laser scanning
and stereo images are mainly data for obtaining the forest
height. Earlier, the stereo images from varied platforms, such
as worldview, Quickbird, GeoEye-1, have been employed to
quantify DSM and forest GSV [4], [54]. Normally, the accuracy

ZY-3 red band
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Fig. 8.  Scatter graphs between the variable of red band extracted from ZY-3
multispecial images and ground measured GSV. (a)—(b) Scatter graphs for Larch
and Chinese pine, respectively.

of extracted CHM depends on the DSM derived from stereo
images and DEM from other sources. For forested regions, the
coincident external DEM without forest canopy height is often
unavailable or spatially limited. In our study, the open-sourced
DEM with a resolution of 12.5 m was employed from NASA-
EARTHDATA. So, there are some issues for extracting the
reliable CHM and forest GSV, concluding the inconsistency be-
tween the stereo images and external DEM in spatial resolution
and the uncertainty of forest canopy height contained in external
DEM. To cope with these problems, image matching techniques
and resample were employed to reduce the errors of generated
CHM. Fig. 5(a) and (b) illustrated that the directly estimated
CHM were significantly smaller than ground measured average
height in sample scale, because external DEM contained partial
forest canopy height. By correcting the approach with ground
measured average height, the rRMSE were ranged from 15.4%
to 25.9% for Larch and from 21.6% to 27.1% for Chinese pine,
respectively. Furthermore, the Larch forest had already begun
to shed leaves at the time of acquired images, so, the CCHM of
Larch was more accurate than Chinese pine. However, because
of the lower spatial resolution of stereo images, the precision of
derived CHM from ZY-3 is still lower than that derived from
other platforms, such as worldview-2 and GeoEye-1.

Even so, by adding the CHM, the estimated GSV was obvi-
ously improved using four models with three methods of variable
selection (see Fig. 6 and Table IV). Comparing with the values of
rRMSE and determination coefficient (R?), it is found that the
capability of single CHM for estimating GSV is significantly
stronger than the combined Mul-SP variables. Moreover, for
combining the Mul-SP variables with CCHM, the values of
rRMSE were decreased from 29.3% to 25% for Larch and from
26.5% t0 22.2% for Chinese pine. In previous studies, the values
of rRMSE were up to 29.8% for Larch and 24.9% for Chinese
pine using Sentinel-2 multispectral data in Wangyedian forest
[55]. Meanwhile, the values of rRMSE were also reached 27.1%
for Larch and 24.9% for Chinese pine using GF-2 multispectral
data [50]. Itis proved that the CHM extracted from open-sourced
DEM has great potential capability to improve the accuracy of
estimated GSV by combining Mul-SP variables.

B. Saturation Values of GSV

At present, the optical RS images are widely used to estimate
the forest GSV, and the under-estimated GSV is often occurred
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TABLE V
SATURATION LEVELS OF VARIOUS COMBINED VARIABLES FROM THE OPTIMAL ESTIMATED GSV

Larch Chinese pine
Variable Variable Saturation level Variable Saturation Note
selection model (m*/ha) selection model level(m*/ha)

Red band - - 150 - - 220 single
Mul-SP Pearson MLR 192 Pearson MLR 270 combined

CHM - linear 231 - linear 275 single

C CHM - linear 246 - linear 288 single
Mul-SP-CHM Pearson SVR 234 Stepwise regression MLR 301 combined
Mul-SP-CCHM Pearson SVR 266 LASSO KNN 307 combined

caused by saturation of variables. Commonly, the saturation
levels of GSV are related to the spectral reflection with various
RS images and tree species [14], [25]. To analyze the capability
of variables, several approaches were applied to quantitatively
determine the saturation levels in the previous study. Using the
proposed model, it is easy to determine the saturation levels of
combined variables for Larch and Chinese pine (see Fig. 10).
Although the saturation levels of each combined variables
from ZY-3 stereo and Mul-SP images were determined by
spherical model (see Fig. 10), and the determined saturation

levels contained two parts caused by the strategy of evaluation
saturation levels. The first part is mainly caused by combined
variables, and the other part was introduced by employed es-
timated models and the methods of variable selection. So, for
the same combined variables, the saturation values varied with
the methods of variable selection and employed models (see
Fig. 10), and the highest and lowest saturation levels were
derived from MLR and KNN for Chinese pine and Larch, respec-
tively. In fact, it is difficult to remove the influences of employed
models for evaluating the combined variables. Furthermore, the
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contribution of CHM for increasing the levels of saturation is
larger than Mul-SP variables. Table V and Fig. 10 illustrate that
the saturation levels of single CHM were significantly higher
than combined variables, and the CHM from stereo images
is more sensitive than the spectral variables. After adding the
CHM, the averaged saturation levels of the combined variables
were increased from 220 m?/ha to nearly 300m?3/ha for Chinese
pine and from 150 to 220 m3/ha for Larch, respectively.

V. CONCLUSION

This research confirmed a great potential capability of ZY-3
stereo and Mul-SP images for improvement of the forest GSV by
increasing the levels of saturation. Using three high-resolution
panchromatic cameras, the CHM was derived from ZY-3 stereo
images with subtracting open-sourced external DEM, and 49
alternative variables were extracted from ZY-3 Mul-SP images.
After that, CCHM was inverted by ground measured average
heights of plots and selected spectral variables, and the under-
estimated heights of plots were significantly decreased. This
research revealed that in the absence of high precision DEM,
the reliable CHM can be derived from ZY-3 stereo and Mul-SP
images. Moreover, for combining the Mul-SP variables with
CCHM, the values of rRMSE for estimating GSV were de-
creased from 29.3% to 25% for Larch and from 26.5% to 22.2%
for Chinese pine, respectively. Meanwhile, the spherical model
was employed to determine the saturation levels of combined
variables. The validation results showed that the accuracy of
estimated forest GSV is highly dependent on the saturation levels
and the values of saturation were increased by adding CHM.
The results showed that the averaged saturation levels of the
combined variables were increased from 220 m3/ha to nearly
300 m?/ha for Chinese pine and from 150 to 220 m*/ha for Larch
after adding the CHM, respectively. However, the estimated
saturation levels employed the spherical model induced by the
combined variable set and employed models. It is needed to
further research for separation of the effects from the employed
models.
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