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Abstract

In the present paper, the classification of four different fields having different soil moisture contents is done by Support vector
machine (SVM) technique. The bistatic X-band scatterometer measurement were carried out for different soil moisture fields at
HH- and VV- polarization. The scattering coefficient was found to increase with the soil moisture content, whereas, the nature
of variation was observed opposite in HH- and VV- polarizations keeping soil roughness constant. The X-band bistatic
scatterometer datasets are used for training and testing of the SVM. Our results show higher classification accuracy of SVM,
even for the small size of the training data set. The present work confirms the classification ability of SVM technique to classify
the fields having different soil moisture contents using histatic scatterometer data.
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Introduction

Water and energy fluxes are strongly dependent
on soil moisture at the surface/atmosphere interface.
Surface evaporation, infiltration and surface run off are
not only influenced by soil moisture but also regulate
the rate of water uptake by vegetation. The estimation
of soil moisture is a significant factor for weather and
climatic models and should be accounted for hydrology
and  vegetation  monitoring  [1].  Microwave
measurement is least affected by cloud cover and
varying surface solar illumination and can provide a
method for monitoring the soil moisture at global and
regional scales [2]. The microwave response of bare
soil depends on wavelength, polarization, look angle of
incidence wave, soil texture, soil temperature, soil
surface roughness and soil moisture [3]. The sensitivity
of microwave scattering to dielectric and geometric
properties of natural surface makes microwave remote
sensing as one of the most important technique for
estimating soil moisture content. The dielectric
properties of the soil are expressed primarily by the soil
moisture content, while the geometric properties are
related to the surface roughness.

The soil moisture content plays a significant role in
understanding different ecological process as well the
nature of global change. Soil moisture is a key factor in
predicting, estimating and modeling large scale
processes such as evaporation, transpiration, surface
run off and ground water replenishment. The surplus or
deficit of soil moisture affects the temporal and spatial
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dynamics of vegetation systems. Therefore, the
understanding of temporal and spatial fluctuations of
soil moisture is useful for prediction of plant growth
determination by knowing the proper time for sowing,
identifying agricultural area with increasing soil erosion
or water logging and monitoring the dynamics soil
processes acting on the surface (physical, chemical
and biological). Soil moisture also proves to be a key
factor in metrological modeling, weather predictions
and flood monitoring [4]. Many models have been
developed to understand the physics of the interaction
between radar signal and surface and vegetation
parameters [5, 6].

All the existing models, however, presented a
variety of limitations. The region of the SPM and KA
models enclose smooth surface only. Various natural
surface conditions fall outside this region which makes
the SPM and KA ineffective for such surfaces.
However, the empirical and semi empirical models are
more simplistic in their formulation as compared to the
theoretical models and were applicable to a variety of
different sites, they also had limited validity in region
with high roughness and with soil moisture content
beyond a certain range. This led to an over/under
estimation of the soil moisture. Further, the models
were developed based on the data acquired from bare
soils and thus did not include the effects due to the
backscattered from vegetation.

Computational model ANN is effective to non
linear data sets and more accurate than the other
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conventional methods in soil moisture estimation [7].
Neural network classifiers are used in the remote
sensing applications [8], but their performance are
limited by certain factors [9]. A new classification
technique known as support vector machines (SVM) is
applied for the classification of remote sensing data [10,
11]. Thus, in this paper SVM classification technique is
used for the classification of the different soil moisture
fields. Bistatic X-band scatterometer data were used
for the training and testing the SVM model. Results are
much encouraging and confirm the utility of SVM model
as a classifier of fields having different soil moisture
content.

Description of support vector machine

SVM technique is an innovative kind of machine
learning method introduced by Vapnik and co-workers
[12]. This method is further enhanced by various
investigators for different applications like classification,
feature extraction, clustering, data reduction and
regression in different disciplines. Our present analysis
is based on the classification of multiclass data by
employing SVM technique. This method builds a
Hyperplane for separation of data into two classes in
simple binary classification of linear separable training
data Vvector {xy, #g, ¥z, weme, &y iN 1 dimensional
space. A class decision function associated with
Hyperplane is weighted sum of training data set and
bias are symbolized [12,13,14] as

i) muT D+ b (1)

where w and b are weight vector normal to
Hyperplane and bias value respectively. New test data
is assigned to a class according to sign of decision
function as:

test data belongs to class-1 if

wi P+ b »0 (2)

test data belongs to class -2 if

wi P+ b w0 (3)
and

wid(x)+ bm( (4)

corresponds to the decision boundary. Weight
vector and bias value for optimal Hyperplane SVM are
obtained by maximizing the distance between the
closest training point and Hyperplane. Thi§ is done by
maximizing the margin defined as }f m m same as

minimization of
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Z

under the constraint
wlw T+ el (6)

A number of mathematical algorithms exist for
finding weight and bias values under the condition (5)
and (6). One of the most widely method used in SVM is
Quadratic Optimization problem. Its solution involves
construction of dual problem with introduction of
Lagrange multiplier ¢; as follows:

£ s
Blaw =32 Deapes (1)
Maximization was done under the conditions

T m@ and 3 & 0

for all value of { m 1,2, uy e wid¥, After solving
optimization problem, the values of weight and bias are
obtained as

ol B ®)
and & w2y =Wy 9)

where x; is support vector for each nonzero value
of &;. Hence, the classification function for a test data
point x is inner product of support vector and test data
point as fallows

»{x) = Dagvalia + b (10)

For binary classification of nonlinear training
data points, SVM maps n-dimensional data vector x
into a d-dimensional feature space (& & #1) with help
of a mapping function ®{g) . Mapping function
provides a Hyperplane separating the classes in high
dimensional feature space. Hyperplane maximizes the
margin between classes using standard Quadratic
Programming (QP) optimization technique. Closest
data point to the Hyperplane are used to measure the
margin and named as support vector. In dual
formulation of quadratic optimization problem instead
of using dot product of training data points in high
dimensional feature space, kernel trick is used. Kernel
function defines the inner product of training data
points in high dimensional feature space and defined
as

el ) m @79 (x;)

It reduces the mathematical computational
complexity in higher dimensional feature space.
Commonly used kernel functions are linear,
polynomial, radial Gaussian and sigmoid are defined
as follows:
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Using kernel trick dual problem mentioned in (7) is
expressed as maximization of

Thaw -7Z  Daapo{rvag)y

Under the same condition as Fe;y:m
and g; g . Optimization technique for finding out &;,
fori m 1.2, % .uuue oy remains the same. Now, the
new classification function using kernel function is
defined as follows:

) m Byl ) o+ b (12)

For using SVM as multi classification problem, the
entire data set is divided into several binary classes
and model is trained. Further, test data points are
classified with these binary class trained model and
final decision about class of data point is taken on the
basis of majority voting of class.

Present analysis based on SVM is implemented in
statistical computing language R using €1071 package
[15-16]. SVM model was optimized by different kernel
function available in package with their tuning
parameters. The scattering coefficient measured at
different soil moisture content in the angular range of
200 to 700 for HH- and VV- polarization are taken as
input for SVM model. The output of the SVM model is
in the form of confusion matrix and decision values.
Confusion matrix is a visualization tool for the
classification commonly used in supervised learning.
Rows of the matrix represent the instances in a
predicted class, and columns correspond to the
instances in an actual class. Decision value for each
instance represents the output calculated by decision
function given in equation (12). Decision value decides
the assignment of instance to a particular class.
Result

Test bed of dimensions 3m x 3m of bare soil was
prepared to carry out bistatic measurements at X-band
(9.5 GHz) in the Department of Applied Physics, I.T.,
B.H.U, Varanasi. The bistatic scatterometer system
was designed for the classification of fields having

different soil moisture content at HH- and VV-
polarizations in the angular range of incidence angle
200 to 700, The calibration of the system was checked
during the experiment to ensure the system integrity.
The surface roughness was taken smooth and
constant during entire observations to study the
microwave response of soil moisture content only. The
antennas were placed in far field region from the centre
of the target to minimize the near field interactions.
Figures 1 and 2 depict the angular variation of
scattering coefficient at different soil moisture contents
for HH- and VV- polarizations respectively. The
scattering coefficient was found to increase with soil
moisture content, whereas, the nature of angular
variation of scattering coefficient was observed
opposite in the HH- and VV- polarization keeping soil
surface roughness constant during entire observation.
The effect of soil moisture content is more distinctly
observed at low incidence angle in both the
polarization.

Fig. 1 Angular variation of &% {d g at different soil
moisture content for HH- Polarization.
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Fig. 2 Angular variation of &* (B at different soil moisture
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Bistatic scatterometer data sets obtained during
observation were used to train and test the
classification ability of the SVM model. In the
beginning, SVM network was trained with commonly
used kernels like linear, polynomial, Gaussian radial
basis, hyperbolic tangent and Laplacian to obtain the
best kernel function which can optimized SVM model

available kernel function, Gaussian radial basis
provides an optimized SVM model for classification of
soil moisture both in training and testing stage. Data
sets consist of four soil moisture content as 10%, 12%,
18% and 22% having constant soil surface roughness
for HH- and VV- polarization. Soil moisture content
10%, 12%, 18% and 22% are classified as class a, b, ¢

for classification task. Among different types of and d respectively in our present
Table 1. SVM network output for Test data set in the form of decision value at HH-polarization
Test data set deckion value
2. Ha. ah alo afd hie bid cid
1 1.1321658 | 138536557 | 1.2105384 | 05532742 | 052675811 | 0098483584
2 0.1427275 | 1537875805 | 12390981 [ 1.251174381 | 1209085853 [ 0R353305535
3 S0385T0G | 023332797 | 058232808 | 1.11056451 | 1.284081137 [ 1.1685545536
4 -0.17155%6 | 114955255 110550482 | 118522718 | 1275221828 | 103056585
5 -1.0035375 | -0016225% [ 03524493 | 044385216 | 0995917329 142821985
& -11805%5 | -0.52%8556% | £.0447356] | -0.08548899 | 0643887888 | 1345376857
7 -1.1557616 | -1.07956814 [ 055537776 | -0.8060468% | 0.007430271 [ 085858875
g -11285308]1 | -1.15410065 | £.654515%04 | -0.94430%44 | 014507955 | 070142161
Q -1.047081 | -1242815359 | 085387465 | -1.18243815 | 04148538715 ([ 037001752
10 | -0.5843011 | -101975344 | -1.04649015 | -1.41077247% | -1 052909582 | -1.04422685
11 -058187T05 [ -1.01656145 | -1.045577065 | -1.40544761 | -1.05082718 | -1.05021087
12 | -0.7788%70 [ -1205312551 | -1.05665847 | -1.4330°2145 | 0.8%4761514 | -0.5095390%6
Table 2. SVM network output for Test data set in the form of decision value at VV-polarization
Test data set decision vahe
3. Ho ah ale aid hic hid ciid
1 0005878055 | 058528251 | 0.825%114 | 098999998 | 107355026 | 10435195
2 0930025456 | 115350195 | 1.23097M2 | 0.81056822]1 | 080381202 | 0.755HER8
3 1.0294%6657 | 10220077 | 11103779 | 055612752 | 0.577876035 | 060304835
4 -0863e5 el | 072524465 | 05460937 | 008283357 | 0.275807768 | 06401161
5 040000083 | 017291596 | 0.4408573 | 0.85002065 | 056620208 | 1017432
& 02583753488 | 079843525 | 10057506 | 1.025245% | 107557758 | 10224174
7 -0BZ7057897 | -108581534 | -1.1392404 | 0877644255 | -0.72213436 | 02274238
] -1.0M2TE55E5 | 083040685 | 077534254 | 012024604 | 0.018AT9R7T | O4A05995
g -0.484275409 | 00738858 | 0.3424462 | 079680055 | 052282648 | 09998217
10| -0.344555267 | -00925793% | -1.07561355 | -1 00854152 | -1.04206135 [ 0.%52455
11 | -0.6583757256 | -099026854 | -1.Z207858 | -1.04728711 | -0.94183057 | 0.5455508
12 | -1.001047285 | -02642814% | 05888168 [ 053453043 | -0.13573688 [ 034153391

For each class of soil moisture, there are 11 input
data in HH- and VV- polarization. Eight data from each
class at incidence angles 200, 250. 350, 400, 500, 550 650
& 700 were used in training of SVM model. Last three
data sets at the incidence angles 300, 450 & 600 were

used as test set for both the polarizations. Raw data set
is mean centered before employing them as input of
SVM model both in training and test phase for both
polarizations.
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Table 3. Confusion matrix for Test data set at HH- polarization

Trae Class
. Class-a Class b Class -c Class 4 T
Prélil::ed Su.r.f'aﬂe so1l Su.r.f'aze soil Sur.f,'aJ:e soil Sufaﬂe soil ClassRJi;ltcEahJ:un

mowsture mosture mokture Thons hare (%)
(10 %3] [12 %) (15 %) (22 %)

Class -a

Surfice sal 2 0 0 0

maotshae (10%)

Class -b

Snrfhee sodl 1 2 1 i

motshae (12 %)

Class -c K

Surface sal 0 1 3 0

moishie (18 %)

Class -

Surface sal 0 0 0 3

medshie (22 %)

Table 4. Confusion matrix for Test data set for VV- polarization

Trme Class
y Class-a Class -b Clxs - Class -d 3 ;
Fredicted Surfice so1ll | Surfhce scl | Sudfacesoil | Surfacescal Classification
Class i ; : ; Rate

ol hae molshie mokhire molshire ()
(110 %) (12%3 (18%) (22%)

Class -a

Surface soil 3 1 u] 0

moisture (10 %)

Class b

Surface soil 0 2 1 0

moisture (12 %)

Class 7%

Swurface so1l 0 0 1 1

moisture (12 %)

Class d

Surface soil 0 0 1 2

moisture (22 %)

In HH polarization, the SVM model was optimized
by Gaussian radial kernel function with training
parameter ¥ m &8 for all the four classes of soil
surface moisture. Output of SVM model in the form of
decision value is summarized in Table 1. Model results
83% correct classification rate for test data set whose
confusion matrix is given in Table 3. Excluding class ¢
(soil moisture 18%) and using the same kernel
function, the decision value output obtained is
summarized in Table 5. In this case, 89 % correct

classification rate is obtained whose confusion matrix is
given in Table 9. The decision value output of model
excluding class b (soil surface moisture 12%) is given
in Table 6. Now, the SVYM model attains 100% correct
classification rate for test data set whose confusion
matrix is specified in Table 10. The improvement in
correct classification rate by excluding class b is logical
i.e. due to very close values of two soil moisture
classes a (10%) and b (12%).



R. Prasad et al./Rec Res Sci Tech 3 (2011) 105-113

Table 5. SVM network output for Test data set in the form of decision value for HH-polarization

5. ab ale bia

1 4008345 1 2419822 02875485
13513038 125454 1006a1 3%
09325 0.9804058 1255642
09%A02 | 05966l | 07852451
-l0x0sT | 08851071 0pde0208
-1 143035 035104 038AaR31
Sll24ees | -10654302 | -0BZZRTR2
SLL0GeET | -lOedele | -0EZE0GH

SL2140711 | 10618544 | 0367075

2

wlow|a|o|w|e|w|e] —]=

Table 6. SVM network output for Test data set in the form of decision value for HH-polarization

Traiming data set decision vahe
3. Ha. ah afe bz
1 10541861 1. B0083%2 | 0635535
2 01255372 1. 25484501 13120064
3 -03521085 | 0.580%4598 1.3308406
4 0152785 ) 111578061 1. 3450924
5 09152291 | D337AG95F | 09955281
B -1.03459% | -0.08327352 | 0.A47242
7 0893214 | -1.08039057 | -10738255
g -0eR0Ra37 | -l.059edesd | -10757052
9 -0Eedell2 | -l1.080801%2 | -0E748215

Table 7. SVM network output for Test data set in the form of decision value for VV-polarization

Test data set decision vahe
5. Ho ah ale hiz

1 001574208 | 02334519 | 1063%ed]
2 028143714 | 12239642 | 08021874
3 100835503 | 11092524 | 05813789
4 | -09500945% | 04855823 | 02555433
5| -039849539 | 04a3228] 0251535

& 022205556 | 10057609 | 108977059
T | -04302088a | -LOTETHEZ | -1054354
8 | -073596535 | -11581M2 | 09398027
9 Sl 0141257 | 0824322 | -01385393
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Table 8. SVM network output for Test data set in the form of decision value for VV-polarization
Test data set decision vahie
ah ale biz

05397127 | 08339985 | 1.02023]
11578511 | 1227245 0520053

1@z | 11105127 | 08485185
-10603725 | -11547617 | 02050002
0429687 | 07089669 | 0370287
01085364 | 03750742 | 05458508
07285183 | -107#4819 | 09809572
-1002213 | -12045297 | {.56B6123
05223045 | -082M586 | 02600859

-
wla | o | =] | =
=

Table 9. Confusion matrix for Test data for HH- polarization

Tz Class
Predited | Class-a Class b Class Classification
Class Suthcesal | Swfieesol | Surfice sol Fate (%)
matstue (10%) | moistuze (12°%) | roiste (22%)
Clws-a
Surface soll 2 0 0
moistue (10 %)
Class b
Surface soll 1 3 0 %
moishue (12 %)
Cluss 4
Sfane soll I 0 3
moiste (22 %)

Table 10. Confusion matrix for Test data for HH- polarization

Trelass
Predited | Class-a Clss < Clss -4 Clwsifieation
Class Swfesal | Suwfacesol | Surfhessol Fate (%)
matstnee (10%) | moshare (18%4) | o tre (22%)
Cluss -2
Sueface soll 3 0 0
e (10 %)
Class ¢
Sefaee soll 0 3 I 100%
woutues (13 %)
Class -4
Sueface soll 0 0 3
woutus (22 %)
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Table 11. Confusion matrix for Test data for VV- polarization

True Class
Predicted (s:ulffs oo i I N P
Class fare sl Smface soll Su.rface soll Rate (%)
molshare monshure molshare
(10%) (12%) [22%)
Class-a
Surfaresal 2 1 0
moishare [ 10%)
Class b
Surface sodl 1 2 0 TE%
mnistaze (12%)
Class-d
Surfare soil 0 0 3
mmoishare (22 %)

Table 12. Confusion matrix for Test data for VV- polarization

Tnae Class
) Class -2 Class -2 Class 4 Classifation
Predicted Class | Surfaee soil | Surfaee sol | Surfaee soil Rae (%)
nokstie nokte maishire
(10 %) (18%) (22%)
Class 2
Surface soil k] 1 i
oisture (10 %)
Class <
Surface soil I 1 1 7%
wodshure (18 %)
Class 4
Surfare soil ] 1 2
mosture (2 %)

In VV polarization, the SVM model was optimized
by Gaussian radial kernel function with training
parameter + = 2.5 for all the four classes of soil
moisture content. The output of model is summarized
in form of decision value in Table 2. The correct
classification rate obtained was only 67% for test data
set whose confusion matrix is shown in Table 4. The
decision value output obtained by excluding class “c”
(soil moisture 18 %) is summarized in Table 7. In this
case, the model improves and 78 % classification rate
was obtained for the test data whose confusion matrix
is shown in Table 11. Similarly, the SVM model was
trained excluding class “b” (soil moisture 12%) whose
decision value output is shown Table 8. The correct
classification rate for test data set reduces to only 67%
whose confusion matrix is shown in Table 12.

Conclusion

Present study describes the results from an
optimized SVM network used for classification of soil
surface moisture. An optimized SVM model was
obtained using radial Gaussian kernel function with
training parameter » =©.5. The developed SVM
model predicts the soil moisture class with high
accuracy at HH- polarization. The present work
confirms the ability of SVM model as a useful tool for
the classification of the different classes of soil
moisture contents using bistatic scatterometer data.
The results suggest that the bistatic scatterometer

measurement for the classification /estimation of soil
moisture content is superior at HH-polarization in
comparison to VV-polarization.
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