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Forest cover monitoring plays an important role in the implementation of climate
change mitigation policies such as Kyoto protocol and Reducing Emissions from
Deforestation and Forest Degradation (REDD). In this study, we have monitored
land cover using the PALSAR (Phased Array type L-band Synthetic Aperture
Radar) full polarimetric data based on incoherent target decomposition.
Supervised classification technique has been applied on Cloude—Pottier decom-
position, Freeman—Durden three component, and Yamaguchi four component
decomposition for accurate mapping of different types of land cover classes.
Based on confusion matrix derived from the predicted and defined pixels, the
evergreen and sparsely deciduous forests have shown high producer’s accuracy by
Freeman—Durden three component and Yamaguchi four component classifica-
tions. The overall accuracy of Maximum Likelihood Classification by Yamaguchi
four component is 94.1% with 0.93 kappa coefficient as compared to the 90.3%
with 0.88 kappa coefficient by Freeman—Durden three component and 89.7%
with 0.88 kappa coefficient by Cloude—Pottier decomposition. High accuracy of
classification in a forested area using full polarimetric PALSAR data may have
been because of high penetration of L-band SAR. The content of this study could
be useful for the forest cover mapping during cloudy days needed for proper
implementation of REDD policies in Cambodia.

Keywords: global climate change; REDD; PALSAR; forest cover mapping

1. Introduction

Mapping of forest area is necessary for sustainable management and utilization of
forest resources. Forests play an important role in terrestrial carbon flux and
therefore, any significant change in the forest cover from local to global scale will
affect the carbon cycle. Forest cover mapping through ground surveys is labor
intensive, time consuming, relatively infrequent, very expensive, and these maps
become easily outdated (Asner 2009). Development of remote sensing techniques
made mapping of forest cover cost and time effective with significant accuracy. In
tropical countries, the frequent cloud cover often restrains the acquisition of optical
remote sensing data. Radar techniques become a feasible way of acquiring remotely
sensed data within a given time frame because they are able to collect data in all
weather conditions. Due to this unique feature, radar data have been used extensively
in many fields, including land cover mapping (Lu 2006, Palmann et al. 2008).
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Polarimetric SAR data play an important role in land cover classification (Zebker
et al. 1991, Cloude and Pottier 1997).

In January 2006, Japan Aerospace Exploration Agency successfully launched
Advanced Land Observation Satellite having L-band Synthetic Aperture Radar
(SAR) sensor. Phased Array type L-band Synthetic Aperture Radar (PALSAR) full
polarimetric data are advantageous to characterize various targets on the basis of
physical, dielectric, and geometric properties (Ainsworth et al. 2009). The ability of
PALSAR data to retrieve information about physical properties of the surface has
led to a wide range of applications, such as monitoring of crops, hydrology, soil
moisture, disaster, ocean, and forests (Lee and Pottier 2009). In this study, PALSAR
data have been used for land cover classification. Co-polarized (HH, VV) and cross-
polarized (HV) signals are used to determine surface scattering, double-bounce
scattering, and volume scattering, respectively (Rignot er al 1995). Various
decomposition techniques are available for the land cover classification, however,
in this study, eigen vector-based (Cloude—Pottier) and model-based (Freeman—
Durden three component and Yamaguchi four component) techniques have been
compared. Supervised and unsupervised classification approach using SAR data
have been done by various researchers (Lee er al. 1999, 2004, Fang et al. 2006,
Alberga 2007, Ainsworth et al. 2009). This study demonstrates the application of
supervised classification on PALSAR full polarimetric data for land cover
classification. The performance of supervised classification depends on the applica-
tions and the availability of ground truth data (Ince 2010).

Cloude—Pottier decomposition for polarimetric classification is based on eigen
values and eigen vectors to estimate polarimetric scattering of various targets which
are derived from the coherency matrix of full polarimetric PALSAR data (Cloude
and Pottier 1996, 1997). Entropy (H), alpha (o), and anisotropy (A4) are eigen values-
based polarimetric decomposition used to understand the polarimetric response of
SAR data to study purity of target, mean scattering, and number of scattering
involved for each target (Lee et al. 2004, Patel et al. 2009). Freeman—Durden three
component decomposition (1998) approach is the first model-based incoherent
decomposition. It has been used to model the polarimetric coherence matrix as the
contribution of three scattering mechanisms: surface scattering, double-bounce
scattering, and volume scattering (An et al. 2011). The four component scattering
decomposition technique proposed by Yamaguchi et al. (2006) which is an extension
of Freeman—Durden three component decomposition has also been used in this
study.

The important role of forest in the global carbon cycle has been pointed out in
previous studies (Schlamadinger and Marland 1996, Brown 2002, Defries et al.
2007). Therefore, it becomes necessary to monitor forest covers for effective
implementation of the Reducing Emissions from Deforestation and Forest Degrada-
tion (REDD) policies in a post Kyoto Protocol climate change mitigation regime.
Most of the previous studies (Table 1) show the polarimetric application of SAR data
using various decomposition theories. The selection of the best SAR-based
decomposition classification for land cover monitoring is highly desirable in order
to optimally select the appropriate methodology. Hence, a quantitative comparison
between the classification results of various decomposition methods has been made
in order to understand the potential of the full polarimetric PALSAR data to
generate land cover map.
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Table 1. Previous studies related to polarimetric decomposition.

No. Authors Polarimetric parameters used

1 Cloude and Pottier 1997 Entropy and Alpha-based classification

2 Lee et al. 1999 HJ/A/Alpha Wishart classification

3 Ferro-Famil et al. 2001 H/A/Alpha Wishart classification

4 Fang and Wen 2005 Intensity, Alpha, and Entropy

5 Ouarzeddine et al. 2005 Entropy, Alpha, and Anisotropy

6 Fang et al. 2006 Entropy, Alpha, and Span

7 Alberga 2007 Entropy, Alpha, and Anisotropy-based land cover
classification

8 Patel et al. 2009 Entropy, Alpha, and Anisotropy

9  Wang et al. 2009 Krogagger decomposition with 7" matrix

10 Ince 2010 Dynamic clustering of entropy, alpha, and Anisotropy

11 Anetal 2011 Four component decomposition with deorientation

12 Singh et al. 2011 Four component scattering power decomposition

2. Study area

Cambodia has an area of 181,035 Km? in the southwestern corner of Indo-China
countries, bordered with Vietnam to the east, Thailand to the west, Lao P.D.R. to the
north, and Gulf of Thailand to the south. Cambodia’s average temperature ranges
from 21° to 35°C. The country experiences the rainy season during May to October
and a dry season during November to April. The mean annual precipitation is 150—
180 cm; with most precipitation occuring in mountainous regions (UNEP 2009).
Cambodia has the highest rate of deforestation among Indo-China countries (FRA
2010). Between 2000 and 2005, the country lost 29% of its primary forests, while
overall deforestation was 218,800 ha of forest per year (FAO 2005). Logging
activities combined with rapid development, population growth, urbanization, and
agricultural expansion have been the primary reasons for Cambodia’s forest loss
(Gaughan et al. 2009, UNEP 2009). Cambodia has signed REDD policies in 2009
and study of forest cover is necessary for the REDD policies implementation. The
study area is situated in parts of Stung Treng and Kratic province of Northern
Cambodia and covers an area of about 1852 Km? (Figure 1). Field visits were made
in December 2009 and January 2011 for the collection of ground truth data. The
GPS positions and GPS photos of various land cover types were collected to use as
training data for supervised classification of the remote sensing data.

2.1. Land cover map of the study area

Land cover classification is useful for effective management of land resources and
remote sensing technique plays an essential role for land and use land cover
classification (Garcia-Mora et al. 2011). Forests are considered to have high
biodiversity and commercial importance and play a significant role in social,
economic, and cultural development of rural people (Kummer and Turner 1994).
Land cover map (Figure 2) was generated using the maximum likelihood classifica-
tion (MLC) technique. AVNIR-2 data acquired on March 2010 was used to generate
land cover map of the area supported with ground truth data. The study area was
classified into seven land cover classes viz. evergreen forest, deciduous forest, sparsely
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THATLAND

Figure 1. Location of the study area.

deciduous forest, wood and shrub land, deforested area, agricultural land, and water.
It was found that most of the area is covered by evergreen forest followed by
deciduous forest, sparsely deciduous forest, and other classes. Table 2 shows the
percentage of different land cover classes of the area.

3. Methodology

PALSAR 1.1 level full polarimetric, single look complex (SLC) data acquired on 6
April 2009 with 21.5° look angle was used as the primary data. PolSARpro4.2
software was used for the data processing. First, the data were multi-looked one time
in range and six times in azimuth and converted from slant to ground range, so that
the spatial resolution would be reduced to nearly 23 m x21 m per pixel
(range x azimuth). Then the data were processed with the refined Lee filter with
window size 5 x 5 to reduce the speckle noise (Lee et al. 2008, 2009). The detailed
methodology is shown in the flow chart (Pottier et al. 2008)(Figure 3).

3.1. Polarimetric decompositions

Polarimetric decomposition provides information about scattering mechanisms or
polarimetric properties of the targets. The decomposition method depends on the
target types and is divided into two major categories: (1) coherent decomposition
(pure targets) and (2) incoherent decomposition (distributed targets). Most of the
objects in the study area are natural vegetation, therefore, incoherent target
decomposition models were used. The incoherent target decomposition models
such as Cloude and Pottier (1997), Freeman—Durden three component (1998), and
Yamaguchi four component scattering model (2006) were used in this study. These
models can be summarized as follows: the coherency matrix is given as

[T] = kAT (1)
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Figure 2. Land cover of the study area.

where, *7 indicates complex conjugate and transpose, and k indicates the target
vector.

Target vector is obtained by vectorization V{(.) of the scattering matrix S in each
pixel:

k= V(s) = (1/2)Trace{S[W]} )

Y is a set of 2 by 2 complex basis matrices.
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Table 2. Percentage of different types of land cover.

Freeman—
Durden three Yamaguchi four
AVNIR-2-based  Cloude-Pottier- component- component-
classes based classes based classes based classes
% of % of % of % of
Land cover Area land Area land Area land Area land
classes (Km?) cover (Km? cover (Km?) cover (Km?  cover
Evergreen 550.1 29.7 637.4 34.40 808.4 43.6 617.9 334
forest
Deciduous 388.1 21.0 477.9 25.80 264.5 14.3 391.1 21.1
forest
Sparsely 387.8 20.9 232.6 12.60 309.6 16.7 456.5 24.6
deciduous
forest
Wood and 2453 13.2 261.9 14.14 233.8 12.6 176.7 9.5
shrub land
Water body 38.4 2.1 62.8 3.39 66.1 3.6 26.4 1.4
Deforested area  161.0 8.7 95.1 5.13 56.5 3.1 55.3 3.0
Agricultural 81.4 4.4 84.4 4.56 113.2 6.1 128.2 6.9
land
Total 1852.1 100 1852.1 100 1852.1 100 1852.1 100

Phased Array type L-band Synthetic Aperture Radar data having monostatic
mode, so target vector based on Pauli basis matrix is defined as

S/zh + va
k= (1/\/2-5 Shh - va (3)
2S/1v

where, S, S,, and S, are the elements of scattering matrix S.
Using Equations (1) and (3), coherency matrix [7] can be written as

7] = (1/2)
(ISu+S.PYy A+ S80S =507 2((S+5.)S;,)
X | (S = S,,) (S, +5,,)7) <|Shh - Sw|2> 2((S, = S,)Sh)
2SS+ ;) 23 (S — S,)") 4(15P")
“4

The incoherent decomposition theorems can be expressed as
[T] = qi[T)] + ¢[T5] + ¢[T5] + ... + q,[Ty] (5)

This is a very general expression of incoherent decomposition where, (g1, ¢2, ¢3..... i)
are coefficient to be determined and (7, 7>, T5..... T}) expansion coherency matrix.
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Figure 3. Flow chart of the methodology adopted for polarimetric classification.

3.2. Cloude—Pottier decomposition

Cloude and Pottier (1997) proposed a method of extraction of mean diffusion based
on eigen values/eigen vectors decomposition of coherency matrix. Based on this idea,
they defined entropy (H), alpha angle (), and anisotropy (A). H, o, and A4 are
polarimetric features that give information about scattering properties from the
targets. Entropy indicates the statistical disorder (randomness) of the scatterers. Zero
(0) value of H indicates a single scattering mechanism, whereas 1 indicates a random
mixture of scattering mechanism (no dominant scatterers). H can be expressed as

3
H=> —P,log,P, (6)
i=1
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0<P=—-<1 (7

where P; is pseudo-probabilities, which can be obtained from the eigen values A;
represent relative intensity of the i-th scattering process.

The alpha angle (o) is estimated from «; angle of each of the eigen vectors as
follows:

3
=Y Pu 8)
i=1

o angle is based on the eigen vectors and is a number indicative of the average or
dominant scattering mechanism within a specific target. It varies between 0° and 90°.
The value of a close to 0° represents odd-bounce scattering from flat surfaces, close
to 45°represents dipole or volume scattering, while a value of o close to 90°represents
a double-bounce scattering.

Anisotropy (4) is a complementary parameter for entropy (H). Anisotropy
measure relative importance of the second and third eigen values of eigen
decomposition. It has less information than H/o and it is useful when H >0.7
(Pottier 1998, Fang et al. 2006, Trisasongko 2010).

=iy

= 9
Jo 4+ Ay ©)

where, A, and A3 are smaller eigen values.

3.3. Target decomposition theorem of Freeman and Durden (1998)

The three component scattering decomposition is a technique used for the fitting of a
physically based three component scattering mechanism model to the polarimetric
SAR data. Freeman—Durden decomposition is used to derive meaningful informa-
tion about scatterers characteristics (i.e. volume, odd, and double-bounce scattering).
This approach can be used to determine the first order dominant scattering
mechanism that gives rise to observed backscatter in polarimetric SAR image.
According to three components scattering decomposition techniques, the coherency
matrix can be decomposed into

[T = [T+ Jul T + £1T)] (10)

Surface scattering is the first component of three scattering decomposition generated
by Bragg surface scatterer

(m+1P) (o + D = D)

0
Tl =Flm+nsm-1)  (n+17) 0 (h
0 0 0
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In Equations (10) and (11),

R
f, =R, and n = # (12)

vy

R cos — \/e, — sin’0 13)
hh =
cos + /e, — sin’0

sin” 0 — ¢, (1 + sin”0)

P
[3_\. cosl + y/e, — sin’ 6}

Double-bounce scattering is modeled by scattering from a dihedral corner reflector,
such as ground-tree trunk backscatter, where the reflector surfaces can be made of
different dielectric materials. The coherency matrix for double-bounce scattering is
represented by

R, = (¢ — 1)

v

(14)

(lZ=1F)  {z=D+Do 0
Tl =Jif -+ (r+1P) 0 (13
0 0 0
where,
.fd = |RTvvRva|2 and X = % (16)

where, Ry and R are reflection coefficient of vertical trunk surface and Fresnel
reflection coefficient of horizontal ground surface.

The volume scattering component is a third scattering component of the
decomposition model and can be represented by

4.0 0
020 (17)
00 2

~
I

Iy
3

3.4. Target decomposition theorem of Yamaguchi et al. (2006)

Based on the Freeman—Durden three component scattering model, Yamaguchi ef al.
(2006) proposed a four component scattering decomposition technique by
introducing helical scattering. This helix scattering power term, corresponds to
<SpuS*my> # 0 and <SypS*pp> # 0 appears in heterogeneous areas
(complicated shape targets or man-made structures) whereas it disappears for almost
all natural distributed scattering (Yamaguchi et al. 2005). The coherency matrix can
be decomposed into

(7] = fIT] +/(Td + A1) + LIT] (18)
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where f;, f. f, and f. are coefficients to be determined. [T], [T.], [T,], and [T,] are
expansion coherency matrix corresponding to the surface, double bounce, volume,
and helix scattering, respectively.

The single-bounce scattering model is represented by surface scattering properties
from rough surfaces in which the cross-polarized component is negligible. The
expansion coherency matrix is expressed as

I nx O
(T]=f|n [’ © (19)
0O 0 O

The expansion coherency matrix for double-bounce scattering is expressed as

oz 0
T =fi|x» 1 0 (20)
0 0 O

The helix scattering power is equivalent to circular polarization power. This
expression becomes visible in urban and mountainous areas. The helix scattering
expansion matrix, which takes into account of non-reflection symmetry condition,
is expressed as

0 O 0
T)=/f]0 1 @1
0 4+ 1

Most of the area in the present study is covered by forest so the helix scattering is not
the main component except in mountainous area. Hence, emphasis was given to the
volume scattering from the forested area.

For the volume scattering model, one of the following matrices can be selected
according to the magnitude balance of |S,,h|2 and |SW|2. These equations represent
the different distribution of vegetation to discriminate different types of vegetation
(Yamaguchi et al. 2005).When 10 log (|S,,|*/|Ss|*) =2 dB

L [15 =50
T)=—|-5 7 0 (22)
3010 o 8
When 10log(|S,,|/|S|*) <2 dB
([2 00
T]=-10 1 0 (23)
1o 01
When 10log(|S,,|/|Sl?) < -2 dB
L1550
T)=—|5 70 (24)
010 0 3
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where f;, fu, f, and f, are surface, double, volume, and helix scattering coefficients,
respectively.

3.4. Classification technique

H/A/Alpha Cloude—Pottier decomposition, Freeman—Durden three component, and
Yamaguchi four component scattering approaches have been attempted for the
classification of PALSAR image. Supervised classification was applied on Cloude—
Pottier decomposition, Freeman—Durden three component, and Yamaguchi four
component decomposition. For supervised classification, we used MLC, which is a
parametric classifier that assumes normal or near normal spectral distribution for
each feature of interest (Lu and Wang 2004). This classifier evaluates variance and
covariance when classifying an unknown pixel. Confusion matrix was used to
evaluate the performance of a classifier (Kohavi and Provost 1998). Confusion
matrix is a matrix plot between the predicted and defined classes. Kappa coefficient
was also used to assess the accuracy of the classification (Congalton 1991).

4. Results and discussion

The polarimetric decomposition techniques were applied on the PALSAR data. The
o, H, and 4 of the PALSAR data have been generated from eigen values-based
target decomposition, shown in Figure 4a, b, and c, respectively. The value of alpha
(Figure 4a) represents the spatial variation. In Figure 4a, about 60—70% of the area
has shown the values of alpha between 40° and 50° because of the volume or

©
Figure 4. (a) Alpha, (b) entropy, and (c) anisotropy images of PALSAR data.
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multiple scattering which is a characteristic of forests. The low value of o (10°-20°)
represents surface scattering and is a characteristic of plane surfaces such as a water
body or deforested area or agricultural land. As have been stated, entropy indicates
statistical disorder or randomness in the targets. Higher values of H are visible in
Figure 4b which means the backscattered signals are much depolarized. This is a
characteristic feature of the evergreen forest. The value of H in evergreen forest is
higher than deciduous forest (Figure 4b). This indicates more randomness in
evergreen forest as compared with deciduous forest. The value of H in the
deforested area is lower than those in the surrounding forests. Therefore, decrease in
entropy is determined as an identification of deforestation and forest degradation
and is confirmed using the ground truth data. The low value of entropy and alpha
in the deforested area is because of the surface scattering which causes a reflection
of signal far from the sensor. The anisotropy (Figure 4c) shows most of the area
having a high value of entropy which corresponds to secondary and tertiary
scattering. The area with low value of entropy represents dominant first scattering
and low secondary scattering.

The H/A/Alpha-based R:G:B color composite image is presented in Figure 5a. In
this image we can clearly differentiate the dense forest and deforested area. It gives an
idea about the H/A/Alpha behavior of various targets.

R:G:B color composite of Freeman—Durden three component decomposition
(double bounce assigned red, volume scattering assigned green, and surface
scattering assigned blue) and Yamaguchi four component decomposition images
are shown in Figure 6a and 6b, respectively. It gives an approximate percentage of
each of the surface, volume, and double-bounce scattering mechanisms present in the
area. From Figure 6a and b, it becomes clear that volume scattering is dominant in
the Freeman—Durden three component decomposition image than the Yamaguchi
four component decomposition image. Most of the evergreen forest shows green
color because of higher value of volume backscattering as compared with deciduous
forest. In the dry season, sparse deciduous forest of the study area shows cyan color
because of higher surface backscattering than volume scattering. Deforested area has
high surface scattering and can be clearly distinguished from the surrounding
forested area (Figure 6a and b).

MLC technique has been applied on Figure 5a and Figures 6a, and 6b with the
same training samples based on field information. Classified PALSAR images using
Cloude—Pottier H/A/Alpha decomposition, Freeman—Durden three component, and
Yamaguchi four component scattering model have been presented in Figure 5b and
Figures 8a, and 8b, respectively. PALSAR data have been classified into seven major
classes. Table 2 illustrates the land cover percentage obtained from the Cloude—
Pottier H/A/Alpha decomposition, Freeman—Durden three component, and Yama-
guchi four component-based classification taking AVNIR-2 as a reference.

As given in Table 2, the areas of different land cover classes are different for each
classification. The area of evergreen forest is over estimated by about 4.7%, 3.7%,
and 13.9% in Cloude—Pottier classification, Yamaguchi four component, and
Freeman—Durden three component classification, respectively. Freeman—Durden
three component classification has shown overestimation (13.9%) in evergreen forest
may be because of the over estimation problem in volume scattering component.
The area of deciduous forest is 7% underestimated in Freeman—Durden classification
and 4.8% overestimated in Cloude—Pottier classification, whereas Yamaguchi
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Figure 5. (a) H/A/Alpha (H-Green; A-Red; Alpha-Blue) color image and (b) H/A/Alpha-
based land use map (MLC).

classification shows the same area. Underestimation in deciduous forest, by
Freeman—Durden three component classification probably because some of the
deciduous forests have shown the same volume scattering as evergreen forests did.
This can be confirmed based on the field pictures (Figure 7) because deciduous
forests were covered by tall grass, which causes volume scattering. Cloude—Pottier-
based classification shows 8.3% underestimation in sparsely deciduous forests, which
might be because of low value of alpha in sparsely deciduous forest, hence represents
surface scattering behavior. Deforested area, water body, and agricultural land may
have been somewhat misclassification because flat surfaces have less backscattering
in L-band and cannot be distinguished easily. If agricultural land has some crops
then it may be easy to distinguish from the flat surface because crop causes volume
scattering.

The most common tool to access the accuracy of classification is the confusion
matrix. Tables 3 and 4, and Table 5 illustrate confusion matrix of Cloude—Pottier
MLC, Freeman—Durden three component MLC, and Yamaguchi four component
MLC based on the predicted and defined pixels, respectively. It shows high
agreement between the observed estimate and the field measurement. Therefore, it
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Figure 6. (a) Freeman-Durden three component-based image of PALSAR and (b)
Yamaguchi four component-based image of PALSAR (R: double-bounce scattering, G:

volume scattering, and B: surface scattering).

Figure 7. Deciduous forest covered by grass (> 50 cm height).
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Figure 8. (a) Freeman—Durden three component-based land use map and (b) Yamaguchi four
component-based land use map (MLC).

appears that field measurement is necessary to obtain precise measurement of land
cover types. The evergreen and sparsely deciduous forests have shown the matrix
with 100% producer’s accuracy for Freeman—Durden three component and
Yamaguchi four component-based classification, whereas other types of land cover
have shown some variability in the matrix. Overall, Yamaguchi four component-
based MLC produced highest accuracy with accuracy of 94.1% and 0.93 kappa
coefficient than the 90.3% with 0.88 kappa coefficient by Freeman—Durden
classification and 89.7% with 0.88 kappa coefficient by Cloude—Pottier classification
(Table 6). The low accuracy of Cloude—Pottier MLC might be because of the eigen
values-based decomposition, where the information associated with eigen vectors is
not utilized but still it gives better accuracy.

5. Conclusion

This study demonstrates the potential of using full polarimetric L-band PALSAR
data for land cover classification. Cloude—Pottier H/A/Alpha, Freeman—Durden
three component, and Yamaguchi four component decomposition were used to study
land cover in Cambodia. The evergreen and sparsely deciduous forests have shown
the confusion matrix with high accuracy for both Freeman—-Durden three
component and Yamaguchi four component-based classification. Freeman—Durden
three component classification shows overestimation in volume scattering in ever-
green forest. It is interesting that overall accuracy of Yamaguchi four component-
based MLC (94.1%) is more as compared with the Freeman three component-based
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Table 3. Confusion matrix of Cloude—Pottier H/A/Alpha-based MLC.

Evergreen Deciduous Water Sparsely Wood and Deforested  Agricultural
forest forest body  deciduous forest  shrub land area land Total Users accuracy

Evergreen forest 60 3 0 0 0 0 0 63 95.2%
Deciduous forest 1 43 4 1 0 0 0 49 87.7%
Water body 0 2 61 0 0 0 0 63 96.8%
Sparsely deciduous 0 0 5 49 2 0 1 57 85.9%

forest
Wood and shrub 0 1 0 1 29 1 2 34 85.3%

land
Deforested area 0 0 2 0 0 49 6 57 85.9%
Agricultural land 0 0 0 0 1 2 16 19 84.2%
Total 61 49 72 51 32 52 25 342 -
Producer’s 98.4% 87.8% 84.7% 96.1% 90.6% 94.2% 64% - -

accuracy

0LC

e 10 uvjap [
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Table 4. Confusion matrix of Freeman—Durden three component-based MLC.

Evergreen Deciduous Water Sparsely Wood and Deforested  Agricultural
forest forest body  deciduous forest  shrub land area land Total Users accuracy

Evergreen forest 61 4 0 0 1 0 0 66 92.4%
Deciduous forest 0 44 0 0 3 0 0 47 93.6%
Water body 0 0 66 0 0 7 9 82 80.5%
Sparsely deciduous 0 0 0 53 0 0 0 53 100%

forest
Wood and shrub 0 1 0 0 29 0 0 30 96.6%

land
Deforested area 0 0 6 0 0 44 2 52 84.6%
Agricultural land 0 0 0 0 0 0 12 12 100%
Total 61 49 72 53 33 51 23 342 -
Producer’s 100% 90% 92% 100% 87% 86% 52% - -

accuracy

YD PISIT JO [PUINOL [PUOTIDULIIUT

ILT
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Table 5. Confusion matrix of Yamaguchi four component-based MLC.

Evergreen Deciduous Water Sparsely Wood and Deforested ~ Agricultural
forest forest body  deciduous forest  shrub land area land Total Users accuracy

Evergreen forest 61 0 0 0 0 0 0 61 100%
Deciduous forest 0 49 0 0 0 0 0 49 100%
Water body 0 0 64 0 0 0 0 64 100%
Sparsely deciduous 0 0 0 53 0 0 0 53 100%

forest
Wood and shrub 0 0 0 0 33 0 0 33 100%

land
Deforested area 0 0 8 0 0 46 7 61 75.4%
Agricultural land 0 0 0 0 0 5 16 21 76.2%
Total 61 49 72 53 33 51 23 342 -
Producer’s 100% 100% 89% 100% 100% 90% 70% - -

accuracy

CLT

e 10 uvjap [
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Table 6. Accuracy assessment of MLC.

Overall accuracy Kappa coefficient
Cloude—Pottier-based classification 89.7% 0.88
Freeman—Durden-based classification 90.3% 0.88
Yamaguchi based-classification 94.1% 0.93

classification (90.3%) and Cloude—Pottier-based classification (89.7%). Results show
that the use of full polarimetric data improves the detection of structural differences
between forest canopies, thus helping in better forest mapping and management
practices. The new generation of full polarimetric SAR technology could help to
study forest parameters for better implementation of REDD policies.
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