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Abstract—Synthetic aperture radar (SAR) features have 45
been demonstrated that they have the potentiality to improve 46
forest above ground biomass (AGB) estimation accuracy,
especially including polarimetric information.  Genetic 4
algorithms (GAs) have been successfully implemented in optimal 8
feature identification, while support vector regression (SVR) has 49
great robustness in parameter estimation. The use of combined 50
GAs and SVR can improve the accuracy of forest AGB 51
estimation through simultaneously identifying the optimal SAR g2
features and selecting the SVR model parameters. In this paper,
14 SAR polarimetric features were extracted from C-band and
L-band full-polarization SAR images and worked as input SAR
features, respectively. C-band data was acquired on GaoFen-3
mission, we also call it GF-3 image. L-band data was ALOS-2 56
PALSAR-2 data. Both feature subsets from GF-3 and ALOS-2 57
PALSAR-2 and SVR hyper parameters used in the forest AGB 5g
estimation were optimized by a GA processing, where 8 different
settings of 3 kinds of parameters, as 512 kind of different
combinations were applied for SVR hyper parameters searching
field. The results of GA-SVR performance using the two datasets
were presented and compared with two traditional methods: the 62
algorithm of GA feature selection companied with default SVR 63
parameters (GA +Default SVR), and the algorithm of GA feature g4
selection companied with grid searching for SVR parameter
selection (GA+Grid SVR). The results showed that the proposed 66
GA-SVR algorithm improved the forest AGB estimation
accuracy with cross-validation coefficient (CVC) of 80.21% for 7
GF-3 and 71.41% for ALOS-2 PALSAR-2 data.
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74
3P~ OREST above ground biomass (AGB) estimation plays an 75
3b important role in research on global carbon cycle and 74
climate change. Synthetic aperture radar (SAR) data, 77
especially with polarimetric and interferometric information 7g
seems particularly useful for forest AGB estimation [1].79
However, as the SAR data begins to mature and abundance, a gg
large SAR feature sets can be generated, one key point for g1
accurate forest biomass estimation using SAR data is to select g
the optimal discriminative features from the large feature sets, g3
84
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I. INTRODUCTION

the other is to select the suitable retrieval models [2].By far,
different methods including manual and automatic ways have
been used to explore suitable SAR features and algorithms for
forest AGB estimation [3-5]. The selected feature subsets
combined with non-parametric-based algorithms like
K-nearest neighbor (K-NN), random forest (RF) and support
vector regress (SVR) showed better performance in forest
AGB estimation [3,5].

SVR is the SVM implementation for regression and has the
similar advantages of support vector machine (SVM). As the
advantages including its structural risk minimization and
leading to a convex quadratic programming problem during
the training procedure, SVM algorithm always converges to
the global solution for a given dataset regardless of initial
conditions and has great ability to control overfitting problems
and thereby good generalization [6, 7]. Therefore, SVR, taking
the advantage of its ability to use small training sample data to
produce relatively higher estimation accuracy than other
approaches and to solve both linear and non-linear problems,
becomes an important method to estimate forest AGB and
other biophysical parameters using remote sensing data [3, 5,
8]. However, the impacts of forest AGB on scattering,
attenuation, and emission of electromagnetic energy are
complex and varying with forest horizontal and vertical
structure and also the environment issues. Thanks for the
abundance of SAR data and their special capability in
measuring the structural and dielectric properties of the target,
more and more features, which can response for different
characterization of forest, were extracted from SAR data and
applied in forest AGB estimation to improve the estimation
accuracy. SVR, developed with the capacity of none linear
fitting and used kernel trick to solve over-fitting problems in
high-dimensional feature spaces, shows great potentiality in
forest AGB estimation using abundant SAR features.

Despite the good performance shown by SVR, the
robustness of SVR is limited by the suitable model parameters
selection. Genetic algorithms (GAs) were reported to optimize
the model parameters and feature selections in several
previous studies. The results showed that GAs were capable of
providing an efficient optimal feature subset and also the
retrieval model parameters, respectively [9-11]. However,
these studies did not address the synergy performance of
selecting features and SVR model parameters simultaneously,
like a GA-SVR algorithm proposed in this study, especially
applied in the field of forest AGB estimation.

By far, GA-SVR algorithms have been widely employed in
medical studies [12], traffic data analyses [13, 14], and
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industry studies [15]. However, most of the above-mentioned 46
GA-SVR applications focused more on SVR model47
parameters optimization with GA but not considered48
identifying the optimal input feature subsets and the SVRL49
model parameters simultaneously. Sukawattanavijit et al50
(2017) demonstrated the advantages of using GA-SVMJ51
algorithm in land-cover classification by performing thd52
feature and SVM parameter optimization simultaneously. The 53
results showed that the GA-SVM algorithm shows better
performance on SVM parameter optimization and featur 54
selection than the grid search algorithm. The average run timel55
of GA-SVM is less than that of the grid search algorithm, the 5¢
accuracy of classification using GA-SVM is also greater thag57
that of the grid search algorithm [16]. SVM and SVR method
are used for different applications, the main aim of this study i458
to explore GA-SVR algorithm applied in forest AGB
estimation with SAR data. Therefore, the study focusses ori59
determining whether the GA-SVR algorithm, which optimize
the input features and SVR model parameters simultaneously160
can improve the accuracy of forest AGB estimation. 161
In section I, the theories of GA-SVR are introduced first162
Then, in section I11, the study area and datasets used in thig g3
paper are introduced. Methodologies of GA-SVR used for16 4
forest AGB estimation are presented in section IV. Results
discussion, and conclusions are shown and exposed in sectio 65
V, VI, and VII respectively. 166

167
Il. THEORY OF GA-SVR

A. Support vector regression

SVM, which was proposed by Vapnik in 1995, is a powerfull68
and robust approach for information categorization and dataset
classification. Its robustness includes the ability of structuralgg
risk minimization and the ability to solve both linear and 7g
nonlinear problems [14, 17]. The SVM classifier separates 71
classes using an optimal hyperplane w-x+b=0 , whic
maximize the margin between two groups. In order to achiev
the maximum margin between the two classes, the larges
margin is calculated with the summation of the shortes
distance from the separating hyperplane to the nearest dat
point of both categories. The nearest data points are the
so-called support vectors, which are also important features of
the training samples. SVM using kernel trick maps inpud/7
parameters into a high dimensional feature space to solve
nonlinear problems. The nonlinear transformation defined by
kernel function makes a linear classification in the new feature 7g
space (or the high dimensional feature space) equivalent to
nonlinear classification in the original space (or the inpu
space). Different kernel functions, such as linear functions,
polynomial functions, sigmoid functions and radial basid-80
functions (Radical Basis Function kernel, RBFs) have beengq
widely used in SVM problems [18]. 182

SVR, as an extension of SVM regression, is an approach to
estimate a function that maps from input features to angg
unknown output based on training data. Similar to the SVM
classifier, SVR has the same properties of the margiri84
maximation and kernel trick for nonlinear problems. The SVR g5

2

model is composed of a training model and a predicting model.
At first, the training model is used to learn the relationship
between input training fractional SAR polarimetric features
and corresponding forest biomass, and then the learned
relationship is applied in the predicting model of SVR to get
the regression value for each inputted testing samples [17, 18].

Suppose the training set for regression is given
as Q={(%,¥,): (X, ¥,)r (X ¥w)} . where x is the
n-dimensional input feature vector, v, is the corresponding
output regression value for each x, . Then the SVR

approximates all pairs (X;,Y;)while finds the minimum error
or deviation, & , and maps an input x, to the target y, by
function f(x)=w-x+b . That is, for every input vector

; L . 1
x INQ ,w.-x +b—y, <g and the margin is margln:M. In
regression problems, ¢ is the difference between estimated
values and real values, W is known as the weight vector and

b is the bias. The SVR training becomes a constrained
optimization problem by minimizing |w|’ to maximize the
margin. With allowing some errors to deal with noise in the
training data, the slack variables £ and ¢ are introduced in the
constrained optimization problem, that is,

Minimize: S|w['+C¥(&+&) C>0,
2 =

Y, —W-x —b<e+s V(X,y;)eQ

Subject to: {W-X +b—y, <e+d V(X,y)eQ

E,E >0 (i=12,---,n)

The constant ¢ is the trade-off parameter which

determines the trade-off between the weight factor and

approximation error. £ and & impose a penalty on excess

deviation larger than & to deal with the infeasible constrains
of the optimization problem.

The optimization problem can be solved by construct a

Lagrange function by introducing Lagrange multipliers and
then transformed a dual optimization problem, that is,

L{a) = § (=) -5, e+ )

)

Maximize: Lo
_Eggl(ai—aa)(aj—aj)xixj
Subject to: E(“i ~a])=0 o
0<qa,a <C
where o and o are Lagrange multipliers and

L(ai,ai* ) represents the Lagrange function.
After we solved the dual optimization problems, the
linear SVR function f(X) becomes the following function,
f(x):i(ai—af)xix+b 3
i=1
Where (ai -a )¢0 . o;; and o are support vectors and N is the

number of support vectors.
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For non-linear regression, the same kernel trick in SVM234
can be applied by replacing the inner product of twd@35
vectors x, , x with a kernel function K(x,x;) . Then the36
37

non-linear problem can be solved as a linear regression. Thag38

. . 239
L(aa) =2 (e —a) - eX (e +ar) 240
Jlaa s o 241
ph (e ele K (xx) 242
n “\ _ 243
Subject to: 1= o —ai)=0 4)
0<aq,a; <C

The non-linear SVR function f(x) becomes the following
function,

(®)
Since RBF kernel has been widely used in different studies and
performs better in problems that there is no prior knowledge,
in this paper, RBF defined by x and X;is used in the
GA-SVR models. It is defined as:
K (%,%,) = exp(—7 (6)

where 7 is the parameter set the width of the Gassian

kernel.

f(x)= il(ai —ai*)K(xix)+b

2
x%|)

B. Genetic algorithm

GAs, which are adapted from the Darwinian principle of
natural selection, have been successfully used in generating
global solutions for optimization problems. They are inspired
by the biological evolution process that survival of the fittest
resulting from natural genetic variation [13, 16]. Such
variation includes selection, crossover and mutation. The
selection operator is used for next generation parents selecting.
Part of the previous generated population is selected according
to an elitism percentage and works as parents for the next
generation. In this procedure, most fitted members survivey,,
while the least fitted members are eliminated. Several
selection operators such as random uniform, roulette wheel
and tournament are available in GAs for selection operation.
Crossover operator inspired by DNA strand crossover in
biological organism reproduction combines two parents to
create new generation from current population. The crossover
operator can be performed by using a strategy like single-poin&45
crossover, multi-points crossover, or homologous crossoverg4g
The mutation operator maintains the diversity of the47
population and avoids local optimal solution by randomly48
changes a parent to create new children. 249

The process of GAs is described as follows: first, the initiap50
population is generated. Each individual member in thes1
generated population is defined by a chromosome consisted by52
a set of binary bits representing the selected input features ang53
the model parameters. Each chromosome is represented by 254
binary-coded one-dimensional array. Then the fitness functiorp55
of each chromosome is evaluated based on SVR modepsg
cross-validation using certain features subset and hypeps7
parameters setting that the chromosome represents as. Next,

3

the evolutionary process of selection, cross-over, and mutation
is implemented to evolve towards better solutions by creating
the new generation. New generation is then used for further
iteration. Finally, when the maximum number of generations
or a minimum threshold is reached the GAs process stops and
the best configuration for the estimation model is outputted.

C. GA-SVR model

Fig.1 represents the flowchart of GA-SVR for forest
biomass estimation procedure with GF-3 and ALOS-2
PALSAR-2 polarimetric Data.
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Fig.1. The flowchart of GA-SVR algorithm
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Fig.2. Design of the chromosome for GA-SVR.

The GA-based optimization is used to find the best input
feature and SVR parameter values. Thus, the chromosome of
the GA contained a set of bits (Fig.2) [15, 16]. The first part
“Feature Selection” or 1st segment of chromosome represents
the particular input features selected. This part includes f bits,
which equals to the number of original features set. In this
paper, original feature set is the features extracted from the
SAR image by polarimetric decomposition algorithms. The
second part “SVR settings” or the last two segments represent
two SVR parameters like the trade-off parameter C, and the y
of the width of the RBF kernel. In Fig.2, Fb;~Fb, represent the
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input features, when Fb; = 1, then corresponding feature i805
selected. Otherwise, Fb; = 0, which means the feature is nogo6
selected. n is the number of bits representing the input featureszg7
Ch1~Cbs is the binary code that indexes the value of C and
yb1~ybs is the binary code that indexes the value of y, Table.1
details the searching range of two SVR parameters.

TABLE |
SEARCHING RANGE OF SVR PARAMETERS
Hyperparameter Values
(o 50, 100, 150, 200, 500, 1000, 1500, 2000
7 0.01, 0.02, 0.05, 0.1, 0.15,0.2, 0.5, 1.0

Ay is the i chromosome of the g generation, P is the

number of individuals, G is the number of generations. As the
chromosomes are designed, the population size is set by the
user and then the initial population is generated. In Fig.1, the
chromosomes are {A;, i=1..P} , where 4} is the i

chromosome of the first generation.

After generating of the initial population, a typical SVR
process is performed by using the assigned parameter valueggg
and input training data-set. The performance of each solutior?309
is validated by the fitness function. In this letter, we define the
fitness function with a m repeated K-fold cross validatiorp10
(K-CV) method. The fitness function is shown in (7)[15]

Ko 312
> error 313

; —(1. ia *
Fitness = (1 o /AGBmean)*100 (7 314

where error depicts roots mean squared error at each¥15
procedure, K is the number of folds, and m is the number of16
repetitions and AGBmean is mean value of the field measured317
forest AGB. 318

Then the individual with highest fitness is recorded and i?lg
the termination criterion is satisfied, the optimal values of20
input features and SVR parameters are the GA-SVR output. 1821
the termination criterion is not satisfied, the evolutio22
procedure including selection, crossover and mutation are323
applied for the next generation until the termination criterion i824
satisfied. Since the average fitness of the population wilB25
increase each evolution cycle, the desired results are obtained3 26
with the iteration.

327
I1l. STUDY AREA, SAR DATA AND FIELD DATA 328
A. Study Area 329

The study area, approximately 44 km? in size, is located ig3q
the Yunnan province of southwest of China. The work wagsq
carried out at the Xiaoshao timberland in Yiliang county (24° 332
04’ to24° 39’ N,103° 02’ t0103° 12’ E,Fig.3). Th%SS
topography ranges from 1300 to 2500 m. The slopes varie%3 4
between 0~30° . The climate type is a Subtropical Monsoorg35
Climate. The annual mean temperate is around16.3°C. Thggg
average annual precipitation is around 898.9 millimeters. Theyz7
dominated tree species include Pinus yunnanensis and Pinugag

4

armandii Franch. The average height ranges from 5m~20m,
the average biomass value is around 60 Mg/ha and the
maximum biomass here is no more than 200 Mg/ha.

103wy 3129
. -

2494507 N
24°450°N

24°820°N

Legend

Sanpies [ Border

0 : 7
— 3 Km

Fig.3.The test site at Xiaoshao timberland in Yiliang county, Yunnan
province, China. The yellow points show the location of the collected
samples, the red line shows the boundary of the samples distribution. The
background is a Pauli RGB image of GF-3, acquired on May 18, 2018.

B. Aboveground Biomass Data

68 forest plots were surveyed in 2019 with the angle count
method. At each sampling plot, all trees with a diameter at the
breast height (DBH at 1.3 m height) great than or equal to 5 m
were measured. The height, tree species, number of stems and
DBH of these trees within the limited plot radius were
gathered. The location of each sampling plot was located using
a differential GPS (global position system) equipped with
Leica Viva GS14-GNSS antenna base-station and CS15
receiver. The AGB was calculated for 1 ha using equation (8)
developed by Huang et al [19].

w=av’ (8)
where w (in Mg/ha) is the biomass, a is the scaling factor
between allometric exponent b and the stem volume and v .
For Pinus yunnanensis a=0.8569, b =0.8564.

The stem volume v was calculated by equation (9)

according to [20].
k
V=R Ze(i),  (M=Vi/g (9)

where F, is the basal area factor, in this study, F, =1. k is
the number of diameter class at each measured sampling plot.
Z,is the number of trees at diameter class of i. (fh), is the
Form-height at diameter class of i, it is calculated by the stem
volume V, checked in the Single Volume Table and the basal
area g, at diameter class of i.

All the measured samples are located in the study area and
are shown in Fig.3 as yellow points. In this study, the samples
were averaged with biomass difference no more than 3 Mg/ha
to reduce the random effects resulted from forest structure or

terrain effects. The samples with different biomass values are
shown in Table 2.
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TABLEII polarizations, and was done on the basis of following
| FORE/;TB'OMASSD'STR:BUT'ON/;’FTHESAMP"ESI —— equations. (10) is for GF-3 and (11) is for ALOS-2
No  Values(Mg/ha) No Values(Mg/ha) No  Values(Mg/ha) PALSAR-2.
1 934 11 38.08 21 67.2 . ,
2 1367 12 40.28 22 7636 ad3=10|09m(’°' *(QualifyValue/32767) )—KdB (10)
3 1594 13 4252 23 824 K
4 1887 14 46.36 24 86.18 where P' =12+Q*, | and Q are real in-phase component
5 2187 15 49.27 25 91.06 P ;
6 o5e4 o 254 % 9527 and _the imaginary q.uadrature component, -respectlvely.
7 2880 17 5457 27 10647 QualifyValue is the maximum value of the scene image before
8 3166 18 58.95 28 11932 its quantification. K, is the calibration constant for GF-3
9 3518 19  61.02 29 12168 . . o ) .
10  9.34 20 6355 30 131.17 products, it varied with different product type, here its value is
339 -19dB, the information for GF-3 calibration comes from GF-3
340 C. SAR Data 367 user handbook. i
2 2
341 A scene of GF-3 (Fig4 a) and a scene of ALOS-208 04 =10l0g,, (17 +Q%) +CF (11)

342 PALSAR-2 (Fig.4 b) full-polarimetric images were collecte369 where | and Q are real in-phase component and the
343 to analyze the performance of proposed method in forest AGBs7q imaginary quadrature component, respectively. CF is the
344 estimation. Table.3 lists the detail information of the tWey71 calibration coefficient factor for ALOS-2 PALSAR-2 data

gig investigated SAR images. 372 CF —-83dB+0.406dB [21].

347 DETAIL INFORMATIO-I\II-QE'IITEEIQCQUIRED GF-3 DATA 373 . GF-3 a_nd AI_-OS'Z _PALSAR'Z data were rea-d ":_md
Parameters oF3 ALOS-2 PALSAR2 374 calibrated using an mtc_ar_actlve data language (IDL) appllcat!on,

375 then the decomposition parameters and backscattering

ggl'::iczt:go')nate ZHOJS'HO\i'l\?H W aofﬁs'cifH »y 376 intensity features were achieved by IDL script through
Wavelength 5.55’cm e 24.2’5cm’ ' 377 transferring functions in PoISARpro 4.2, finally t_hese feature
Incidence Angle 39.104° 23.865° 378 channels_ were _geo—coded also by IDL s_crlpt through
Range pixel spacing 2948 m 2.éem 379 transferrl_ng functlo_ns from radar_software. In this procedure, a
Azimuth pixel spacing  5.120 m 3.21m 380 5 x5 refined Lee filter was applied t(_) the GF-3 and ALOS-2
Orbit direction Ascending Ascending 381 PALSAR-2 data to reduce speckle noise.
Observation Mode Full-pol stripmap  High sensitive 382 B. SAR polarimetric processing and polarimetric features
Swath (km) 30 40 383 extraction

348 384 At the forest covered areas, we often assume the reciprocity

AL 2 PALSARZ . 385 theorem holds (the backscatter from HV = the backscatter
386 from VH), especially when higher frequency (X- or C-band)
387 images are used in remote sensing radar imaging for forest
388 inventory. However, for lower frequencies, we should
389 consider the Faraday rotation which destroyed the reciprocity
390 assumption. To reduce the reciprocity phenomenon effects, in
391 this study, we extracted polarimetric decomposition
392 parameters not only from Freeman-Durden decomposition, but
393 also from Yamaguchi decomposition, because
394 Freeman-Durden  decomposition  algorithm  assumes
395 reciprocity theorem holds, while the Yamaguchi
396 decomposition deals with the non-reciprocity scattering cases.
397 In this paper, we selected linear backscatter intensity

012 &

e i male "' 398 features like HH, HV, VH and VV as four basic polarimetric
399 features. Except them, 10 polarimetric decomposition features
The geocoded HV channel is showed here as an example for both of them, F00 Were extracted using 3 polarimetric decomposition methods.

Fig.4.The acquired GF-3 and ALOS-2 PALSAR-2 images in the test site.

349  respectively. 01 The selected polarimetric decomposition methods include
350 402 above mentioned Freeman-Durden, Yamaguchi algorithms

403 and also the popular used Cloude-Pottier decomposition
351 IV. METHODOLOGY 404 method [22]. Among them, Freeman-Durden and Yamaguchi
352 A. SAR data preprocessing 405 methods are model-based decomposition methods, they model

353 The preprocessing of GF-3 and ALOS-2 PALSAR-2 datzf'OG the covariance matrix as the contribution of several scattering

354 includes radiometric calibration, geo-referencing and speckle?'07 mechanisms. For Freeman-Durden method, three scattering

355 reduction. The radiometric calibration consists of convertingA'O8 mechanisms, such as surface, double bounce and volume are

356 digital numbers to backscatter coefficient in the fouf109 extracted from the covariance matrix and work as three

410 features in this study. Yamaguchi et al added a Helix scattering
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mechanism as the fourth component to develop thel67
Freeman-Durden decomposition algorithm. Cloude-Pottied68
decomposition is an  Eigenvector-Eigenvalue  basedi69
decomposition method, it uses eigenvalues and eigenvectorg70
of the coherency to compute entropy (H), which indicates thel71
degree of scattering mechanisms randomness, Alpha anglel72
(@), which measures the average or dominant scatteringt73
mechanisms, and anisotropy (A), describes the intensityi74
disparity between the second and the third scattering7s
mechanisms. For the theory details of target decompositiory7g
method mentioned here, the readers are referred to literatureg 77
[23-26]. 478
In this study, a total of 14 polarimetric SAR parameters;7g
were extracted from GF-3 and ALOS-2 PALSAR-2 imagesygg
respectively. Parameters generated from four lineapgq
backscatter intensities were named as HH, HV, VH, and Vg2
they measure the backscattering power of the scattering objecigs
from each channel. In this study, the parameters coming fronygg
Freeman-Durden decomposition were defined as F-Vol, F-Dbhgs
and F-Odd. The parameters extracted from Yamaguchigg
decomposition were defined as Y-Vol, Y-Dbl, Y-Odd, angg7
Y-HIx. F-Vol and Y-Vol describe the scattering mechanism ofgg
vegetation scatter from randomly oriented dipoles. F-Dbl andygg
Y-Dbl measure scattering mechanism like dihedral cornepgg
reflector. F-Odd and Y-Odd depict scattering mechanisnygq
similar with first-order Bragg surface scattering. Y-HIx detectsgo
scattering mechanism from complicated man-made objectsgg3
The parameters calculated from Cloude-Pottier decompositionygg
were defined as Entropy-H, Anisotropy, and Alphaggsg
Entropy-H indicates the level of randomness found from each
target, Anisotropy measures the amount of mixing between thej9g
second and third scattering mechanisms, Alpha describes the
scattering source for a given scattering mechanism described
by an eigenvector [27]. For the parameters measuring thé*97
power of scattering, we kept both their descriptions with198
power state and their transformation into dBs and named their
dB forms with their original name adding ‘-dB’. 499

C. Feature selection and SVR parameter optimization Using500
GA-SVR algorithm 501

The proposed GA-SVR algorithm was executed in the
PYTHON 2.7 development environment. GA and SVR haven2
separate roles in the forest biomass estimation procedure b
the proposed GA-SVR algorithm. The SVR is trained by inpu
training data-set and predicted forest AGB, while GA is use
to optimize SVR to the best prediction based on SVR accurac
It leads SVR to the best prediction by selecting optimal inpu
feature subset and finding optimal SVR parameters. The mair;s08
steps of proposed GA-SVR are as follows. 509

Stepl. Create the training samples and validation samples;
The training samples and validation samples were collecte
during field work. Then their related 14 features wer
extracted using PolISARpro program. In this study, 30 sample 13
were used for the both training and validation samples, 1
folds cross validation were used to avoid the over-fitting. 15

Step2. The procedure of GA-SVR algorithm performance: i?
included the design of chromosome, the calculation of the

6

fitness function and inputting of the SAR parameters. The
chromosomes descried in Fig.2 are coded in binary form. The
first 14 bits record feature combination, the bit with value of 1
means the corresponding feature is selected, while the value is
0, it means that the feature is not selected. The last 6 bits store
the SVR parameters, the first three bits depict eight different
values of Cin binary code, the followed three bits represent
the eight different values of y in binary code. To improve the
efficiency of the algorithm, we set the value of ¢ as 1
according to previous studies [8, 11, 28]. In this paper, K=15
and m=1 were applied for the fitness function. Other
parameters were set as follows: tournament selection, initial
population number = 35; number of generations = 200;
crossover rate = 0.9 with single-point crossover; mutation rate
= 0.1 with random mutation.

Step3. Run the SVR algorithm for forest AGB estimation.
Based on the optimized features subset and SVR parameters of
GA, the forest biomass values were calculated using the SVR
model. For further analysis, the forest biomass estimation
results of GA-based feature selection with default SVR
parameters and the results of SVR parameters optimized with
traditional grid search method after GA-based feature
selection were compared with the results obtained using the
proposed GA-SVR algorithm. Their performances were
assessed by evaluating the scatter plots between the predicted
and observed results. Determination coefficient (R?) and
cross-validation coefficient (CVC) were used as the
parameters to evaluate the estimation accuracy. The two
parameters are respectively expressed as:
n —\2

Rzz i:zi(yi - Y)

(%-3)

where vy, is the estimation result, y, is the observation result,

(12)

y is the observation mean value and n is the sample numbers.

Kxm

> error
CVC= 1-iL _____*100%
Kxm
The roots mean square error (RMSE) is also used in this study

to describe the accuracy.

(13)

V. RESULTS

In this paper, as the main objective focusses on identifying
the feasibility of proposed GA-SVR algorithm for forest AGB
estimation. We present the comparison of the forest biomass
estimation results using three methods including the proposed
GA-SVR algorithm, the algorithm of GA feature selection
combined with default SVR parameters (GA + Default SVR),
and the algorithm of GA feature selection combined with grid
searching for SVR parameter selection (GA+Grid SVR). To
present the difference of the above mentioned three algorithms,
we distinguished the steps of the three algorithms in table 1V
when preforming the procedure of forest AGB estimation.
Then the performances of these algorithms on GF-3 and
ALOS-2 PALSAR-2 data were both provided here as follows.
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TABLE IV
THE DIFFERENCE OF GA-SVR, GA+DEFAULT SVR, AND GA+GRID SVR
ALGORITHMS
Methods Feature selection Model paljameter Model
selection
GA-SVR Comb!nat!on Cor_nb_lnat_lon SVR
optimization optimization
GA+Default SVR GA optimization Default SVR
. Using the results of . .
GA+Grid SVR Default SYR+GA Grid searching SVR
A. GF-3data

The performance of the proposed GA-SVR algorithm in the
forest AGB estimation was analyzed and compared with the
results of GA+Default SVR and GA+Grid SVR. Their
performance was assessed by evaluating the scatter plots
between the observed and predicted results. The features and
model parameter selected in the procedure were also showed50
here for reference. Optimal selected features and the selected

values for SVR model parameters were provided in Table V.
TABLEV
PARAMETERS AND FEATURE OPTIMIZATION FOR GF-3 OF GA-SVR,
GA+DEFAULT SVR AND GA+GRID SVR

Methods C Ve Selected feature Count

Y_Vol; F_Vol; F_Dbl; Entropy;

GASVR 500 015 F_Dbl_db; F_Odd_db 6
GA+ Y_Vol; Y_HIx; F_Odd; F_Dbl;

Default SVR 100 default  Alpha; F_Dbl_db;F_Odd_db; 9

Y_HIx_db; Y_Odd_db

GA+ Y_Vol; Y_HIx; F_Odd; F_Dbl;

Grid SVR 500 0.05 Alpha; F_Dbl_db;F_Odd_db; 9

Y_Hix_db; Y_Odd_db

The optimized SVR parameters (C AND > ) of GA-SVR
algorithm were 500 and 0.15, respectively, for the Default
SVR+GA algorithm, the default value for Cwas 100, ands1
the default value for » was calculated by 1 dividing thesso
numbers of input features, for the GA+Grid SVR algorithmgs3
the values were 500 and 0.05, respectively. Since we aimed;sg
to compare the optimization difference between featuregss
and model parameters optimization separately and features;sg
and model parameters optimization simultaneously, thes7
selected features for GA+Default SVR and GA+Grid SVRs5g
are totally same. However, the difference of the selectedsg
feature combination of GA-SVR and the other twggo
algorithms was obvious. It used less selected features, Gg1
here and 9 compared with other two algorithms. T2
evaluate the accuracy and also the capability of each modekg3
to predict forest AGB, there was a comparison betweer;gq
observed and predicted values that was shown in Fig.5. Ing5
Fig.5, we also presented the iterative procedure of GAgsgg
feature selection or Grid model parameter searchinggg7
Agreement lines (1:1 lines) were shown in Fig.5 al, b1, andsg
cl in which observed and predicted forest AGB are equal. 569

Fig.5 al shows scattered plots of observed and predicted;7q
forest AGB using GA-SVR model. It is clear from Fig.5 a3571

572
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Fig.5. Biomass estimation results vs ground truth data (Results from GF-3).

(al) lterative procedure of GA feature selection for GA-SVR algorithm;

(@2) GA-SVR estimation results; (bl) GA iteration procedure for

GA+Default SVR algorithm; (b2) GA+Default SVR estimation results;

(c1) Grid model parameter searching procedure for GA+Grid SVR; (c1)

GA+Grid SVR estimation results.
that GA-SVR performs better in low forest AGB than high
ones. Fig.5 a2 shows that scattered plot of observed and
predicted forest AGB by GA+Default SVR. For both low
and high forest AGB level, GA+Default SVR performance
was decreased. The scatter plot of observed and predicted
forest AGB using GA+Grid SVR is shown in Fig.5 c1. As it
can be seen from Fig.5 cl, the performance seems to be
better than the GA+Default SVR algorithm in prediction of
high forest AGB, but worse than the GA-SVR algorithm in
prediction of low forest AGB. Fig.5 a2 shows that GA is
stable at generation 100 after 8 times iteration of each best
individuals. The fitness also improved from 70% to 80%.
The phenomenon confirmed the effectiveness of searching
and convergence. Fig.5 b2 shows the lowest accuracy with
value around 73% while Fig.5 ¢2 shows the better accuracy
with value of 76.88%. Fig.5 a2, b2, and c2 revealed the
importance of feature and model parameter optimization
procedure, it also confirmed the necessity of optimizing
input features and estimation model parameters
simultaneously.

Statistical parameters of the three algorithms established

with GF-3 are given in table V1.
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TABLE VI
(GF-3) RESULTS COMPARISON BETWEEN
GA-SVR, GA+DEFAULT SVR AND GA+GRID SVR

Methods CVC (%) (F;A'\é'/f]';) R
GA-SVR 80.21 12,01 0.79
GA+Default SR 73.25 16.24 0.62
GA+Grid SVR 76.88 14.03 0.73

Result comparison of three algorithms also reveals the
superiority of GA-SVR algorithm over the other two
algorithms. Using GA-SVR algorithm improves prediction
accuracy about 10% compared with GA+Default SVR.
Processing feature and model parameter optimization step by
step, GA+Grid SVR has inferior estimation accuracy than
GA-SVR. The R? is 0.73 and the CVC value is 76.88%.
Without model optimization, the results of GA+Default SVR
showed worst results with R? = 0.73 and CVC = 73.25

B. ALOS-2 PALSAR-2 data

The numerical results for the performance of above
mentioned three algorithms applied on ALOS-2 PALSAR-2
data are shown in Table VII. The table shows the optimized
SVR parameter sets and the selected input polarimetric
features for ALOS-2 PALSAR-2 using GA-SVR, GA+Default
SVR, and GA+Grid SVR. The optimized SVR parameters
(Cand 7 ) for GA-SVR algorithm were 1500 and 0.02,
respectively. Compared with GF-3, the C value is higher
while the 7 value is lower. It reveals the lower speed of
GA-SVR algorithm in forest AGB estimation. The selected
polarimetric features are also different with the features
selected for GF-3 data. It means the different optimization
feature combination during the forest AGB estimation
procedure. For the GA + Default SVR algorithm and the
GA+Grid SVR algorithm, the selected features are less tha

selected for GF-3 data. Here only 5 polarimetric input feature 11
are selected to get best performance.
TABLE VII
PARAMETERS AND FEATURE OPTIMIZATION FOR ALOS-2
PALSAR-2 OF GA-SVR, GA+DEFAULT SVR AND GA+GRID SVR
Methods C e Selected feature Count
Y_Vol; Y_Odd; Y_HIx;
GA-SVR 1500 0.02 F_Odd; HV_dB; VH_dB; 8
Y_0Odd_db; Anisotropy 12
GA+ Yam_HIx; Anisotropy; 13
100 default Y_HIx_db; Y_Odd_db; 5 14
Default SVR
VH_dB 15
GA+ Yam_HIx; Anisotropy; 16
Grid SVR 150 0.20 Y_HIx_db; Y_Odd_db; 5
VH_dB 17

The comparisons between observed and predicted valued18
coming from ALOS-2 PALSAR-2 data are presented throug 19
Fig.6 and Table VIII. The left column of Fig.6 shows scattere 20
plots of observed and predicted forest AGB by using GA-SV 21
GA+Default SVR, and GA+Grid SVR algorithm, respectively622
It is clear from Fig.6 and Table VIII that the three algorithm@23
performed worse on forest AGB estimation compering with
the results of GF-3 data. The best performance acquired by

8
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Fig.6. Biomass estimation results vs ground truth data (Results from
ALOS-2 PALSAR-2). (al) lterative procedure of GA feature selection for
GA-SVR algorithm; (a2) GA-SVR estimation results; (b1) GA iteration
procedure for GA+Default SVR algorithm; (b2) GA+Default SVR
estimation results; (c1) Grid model parameter searching procedure for
GA+Grid SVR; (c1) GA+Grid SVR estimation results.

TABLE VIII
(ALOS-2 PALSAR-2) RESULTS COMPARISON BETWEEN
GA-SVR, GA+DEFAULT SVR AND GA+GRID SVR

RMSE

2

Methods CVC (%) (Mg/ha) R
GA-SVR 71.41 17.35 0.55
GA+Default SVR 65.13 21.16 0.48
GA+Grid SVR 66.63 20.25 0.50

GA-SVR has the highest R? value of 0.55 and highest CVC
value of 71.43%. The prediction results of GA+Grid SVR are
lower than GA-SVR while better than GA+Default SVR with
R? = 0.50 and CVC = 66.63%. The performance of three
algorithms on ALOS-2 PALSAR-2 also confirmed the best
performance of GA-SVR in forest AGB estimation. The
iteration process in Fig.6 a2 shows the effectiveness of
searching and convergence.

Fig.7 displays the spatial distribution of the estimated forest
AGB by different estimation methods to the entire study area
using GF-3 SAR data.
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(a) GA-SVR

In Fig.7, AGB values higher than 200 Mg/ha are assumed to 57
the overestimated the real biomass range in the study area and 58
were therefore excluded. AGB values lower than 0 Mg/ha are 59
unrealistic and were also assumed to be equal to 0 Mg/ha. The 60
AGB spatial distribution maps show that forest AGB 61
estimation results modeled by GA-SVR algorithm are more 62
accurate both at lower and higher biomass level in the 63
heterogeneous forest-covered areas. However, the AGB map 64
modeled by GA+Default SVR seems more homogeneous and 65
there are several over-estimations at lower biomass level, 66
while few underestimations at higher level. The AGB spatial 67
distribution of GA+Grid SVR is similar to GA-SVR but has 68
higher upper range. Overall, one can states that AGB predicted 69
by the GA-SVR algorithm achieved relatively good estimation 70
result, which is balanced in both low and high biomass level 71
and describes the filed AGB distribution scenario accurately. 72

73
VI. DISCUSSION 74

Feature and model estimation parameter selection affects 5
the forest AGB estimation. In this study, a GA was 76
implemented for feature selection and model parameter
optimization for SVR model simultaneously and then the
results were applied in forest AGB estimation. The proposed
algorithm is named as GA-SVR algorithm in this study. The 80
performance of GA-SVR on forest AGB estimation was
investigated and its performance was also compared with
GA+Default SVR, in which algorithm GA was only
implemented for feature selection, and GA+Grid SVR, in
which algorithm GA was first used for feature selection and
grid search was then used for model parameter estimation. The
abilities of them for estimating forest AGB from C-band GF-3 87
and L-band ALOS-2 PALSAR-2 data were displayed and 88
compared. The AGB estimation results from GF-3 and
ALOS-2 PALSAR-2 data indicated that GA-SVR outperforms 20
the other two algorithms. The similar results were
demonstrated in remote sensing data classification using
GA-SVM algorithm [16]. Previous studies demonstrated that 93
AGB values within an accuracy requirement of 50 Mg/ha were 4
accurate enough for the need of REDD+ [5]. All of the 95

estimation bias of the three algorithms were less than 30 o7

(b) GA+Default SVR

Fig.7. AGB maps showing the spatial application of GA-SVR. GA+Default SVR and GA+Grid SVR modeling approaches from GF-3 data

(c) GA+Grid SVR

degradation and the role of conservation, sustainable
management of forests and enhancement of forest carbon
stocks in developing countries) [5]. All of the estimation bias
of the three algorithms were less than 30 Mg/ha with both
C-band and L-band SAR data. However, the GA-SVR was the
most appropriate for the estimation of forest AGB since there
is no obvious saturation effect in Fig.4 al and Fig.5 al.

Forest AGB estimations using different SAR data were
explored deeply in previous studies [3-5, 29-33]. A
comparison of methods are necessary, however, as the diverse
ecological environment effects on SAR data, it is difficult to
compare various algorithms using different data, especially at
the areas covered with different forest types or forest having
different AGB levels [34-36]. A regression model with L-band
HV backscatter got a highest RMSE of 23.61 Mg/ha at a
restored mangroves area [29]. Artificial neural networks
(ANN) models were reported superior to regress model in
several studies [30], or achieved similar results [6,32]. In [30],
the highest correlation coefficient between the biomass
predicted by an ANN and that measured in the field was 0.829,
while the value varied with the test site and the lowest value is
0.116. The RMSE values got in [5] and [32] were 22.03 Mg/ha
and 48.2 Mg/ha, respectively. Other studies stated that SVR
performed better than ANN [5,7], while ANN outperformed
SVR for large-scale area. The study of [33] explored random
forest kriging in modeling forest AGB and the RMSE value
was 28.15 Mg/ha. GA was used for feature selection and then
other estimation models with the GA selected feature were
also applied in forest AGB estimation in recent years [4]. In
this study, the performance of a proposed XGBR (extreme
gradient boosting decision tree)-GA model was compared with
that of SVR and other machine-learning models. The results
confirmed the advantage of using GA for feature selection.
The results of this study showed higher accuracy than several
previous studies, especially applying in GF-3 data, but showed
similar performance in the application of ALOS-2 PALSAR-2
data. It reveals the effectiveness of GA-SVR applied in forest
AGB estimation although the influence of different
perspectives like the satellite sensor, the structure of the forest
and the environment factors.

Although several previous studies used GA feature selection
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and estimation model parameter optimization separately, theid55
results agreed the better performance of adding GA featurd 56
section or parameter optimization. Other studies which use GAL57
for both feature selection and parameter optimizatiorl58
simultaneously, including this paper, revealed that performind.59
feature selection and model parameter optimizatiorl60
simultaneously during the forest AGB estimation will improve
the estimation accuracy and effectiveness. 161
The obvious difference between the selected SAR62
characters of GA-SVR for GF-3 and ALOS-2 PALSAR-2 i463
that the double bounce scattering characters were selected foﬂ-g‘s"
GF-3 but not for ALOS-2, the HV characters were selected fo%%
ALOS-2 PALSAR-2, but not for GF-3. The phenomenon may 67
result from the forest character of the test site. In the test site168
the average forest above ground biomass is low and the trees i 98
the sample plots are young and with low height (more of theny 71
are lower than 15m) and small average DBH72
(diameter at breast height, around 15 cm), C-band has thé73
lower wave length than L- band, so more scattering from trun 72
like double bounce scattering, while for L-band, the loweq7g
height and small DBH make more depolarization scattering 77
power. In previous studies, L- band shows better performancel 78
than C-band since it has a higher radar signal saturation Iimits%g
i.e. 20 tons/ha for C-band and 40 tons/ha for L-band [37]1g1
However, in this study, C-band GF-3 SAR data shows betten g2
biomass estimation accuracies than L-band, it may result froml83
the forest structure effects and low average biomass of the tes gg
site. Compared with the forest samples in literature [37], the gg
forest density and the average biomass of our test site areg87
lower. In our test site, the average height ranges from 5m~188
20m, the average biomass value is around 50 Mg/ha and th
maximum biomass here is no more than 200 Mg/ha and thg gy
average canopy density is lower than 0.60 which may lead td92
more surface scattering at L-band than C-band. That meang 93
more backscattering to C-band came from forest than L-band
It may lead to better performance of C-band than L-bandjogg

however, it is need to be further explored in the future. 197
198

199

VIl. CONCLUSION 200

The synchronous parameter optimization and featur&01
selection processes of the SVR model are important techniqu 03
for improving the accuracy of forest biomass estimation. 1404
features and 2 groups of parameters were input the proposed05
GA-SVR algorithm to estimate forest biomass at the test site
The performance of the proposed GA-SVR algorithm wa9qg
compared with the performance of the GA+ Default SVR an209
the performance of the GA+Grid SVR to determine the abilit
of each method to optimize the procedure of forest biomas$12
estimation. The results showed that the estimation accuracy oR13
the GA-SVR approach was greater than that of the GA+defaul %g
SVR algorithm and the GA+Grid SVR algorithm. Althouglyg
the GA+Grid SVR was commonly used for parametefl?
optimization and feature selection processes of the SVR mode 18
it optimized the features and parameters in two sequentiaby
steps, which neglected the synergy effects between tw@21
optimization procedures. By contrast, the GA-SVR algorithn£22
optimized the parameters and features simultaneously and therb5,
provides better performance for forest biomass estimation225

10

Although GA-SVR showed best performance among the three
algorithms using both GF-3 and ALOS-2 PALSAR-2 data, it
also showed obvious different estimation accuracy in different
SAR data. Otherwise, the AGB level in this study was lower
than 200 Mg/ha. Further investigations applying GA-SVR to
other SAR data and forest type should be made and compared.
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