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Abstract: Mapping and monitoring of woodland resources is necessary, since woodland is
vital for the natural environment and human survival. The intent of this paper is to propose
a fusion scheme for woodland extraction with different frequency (P- and X-band)
polarimetric synthetic aperture radar (PolSAR) and interferometric SAR (InSAR) data. In
the study area of Hanjietou, China, a supervised complex Wishart classifier based on the
initial polarimetric feature analysis was first applied to the PolISAR data and achieved an
overall accuracy of 88%. An unsupervised classification based on elevation threshold
segmentation was then applied to the InSAR data, with an overall accuracy of 90%. After
Dempster-Shafer (D-S) evidence theory fusion processing for the PolSAR and InSAR
classification results, the overall accuracy of fusion result reached 95%. It was found the
proposed fusion method facilitates the reduction of polarimetric and interferometric SAR
classification errors, and is suitable for the extraction of large areas of land cover with a
uniform texture and height. The woodland extraction accuracy of the study area was
sufficiently high (producer’s accuracy of 96% and user’s accuracy of 96%) enough that the
woodland map generated from the fusion result can meet the demands of forest resource
mapping and monitoring.
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1. Introduction

Woodland is defined in Chinese woodland management regulations as low-density forest with an
understory of shrubs and herbaceous plants. Differing from forest with higher densities and areas of trees,
woodland generally refers to low-density arbor and shrub forest with a smaller canopy closure [1].
Mapping and monitoring of woodland resources have been the subject of significant attention, as it offers
an effective means for the measurement of carbon storage, which is highly relevant to climate change [2].
SAR as an active sensor offers all-weather, day/night coverage imaging capability, and it can also yield
information on the underlying structure of land cover, particularly, woodland and grassland. Many studies
have been conducted using SAR techniques, e.g., woodland classification, extraction and mapping [3—8].
Currently, an increasing number of spaceborne and airborne SAR systems are being launched, which can
provide abundant multi-frequency (X, C, S, L, P), quad-polarization, multi-interferometric mode data for
woodland resource research.

Polarization selection plays a key role in forest recognition and classification. Knowlton and
Hoffer [9] analyze the identification ability of HH and HV polarizations for various forest cover types,
and their analysis showed that deciduous and coniferous forest cover types were more easily separated
in the HH image than the HV image. Drieman et al. [10] reported interpretation results with significant
differences between the VV and HV polarization images, and concluded from the visual analysis of SAR
imagery that V'V polarization data are often more effective for discriminating between a variety of forest
types than HV polarization data. Liesenberg and Gloaguen [11] evaluated forest classification accuracy
using single, interferometric dual, and quad-polarization mode L-band data, and the experimental results
demonstrated that polarimetric features extracted from the quad-polarization L-band increased
classification accuracy when compared to single and dual-polarization data alone.

Frequency selection has a great impact on the discrimination and classification of forest cover types.
Longer wavelengths (L- and P-band) generally perform better at extracting woody structural parameters
than shorter wavelengths (C- and X-band) [12], because of their better foliage penetration and
subsequent interaction with the largest structural features, e.g., the trunk and large branches. Meanwhile,
leaves and branches generally contribute to the shorter wavelength (X- and C-band), as the shorter
wavelength radar wave barely penetrates the canopy into the trunk or foliage [13]. From the perspective
of forest classification, primary forest and logged forest in high-resolution X- and C-band images can be
easily distinguished from other land-cover types because they display particularly distinctive textural
patterns, and a single L- or P-band channel enables accurate classification of non-forest cover types [14].

SAR interferometry has become increasing important in forest classification and mapping. SAR
interferometry has also been found to be an effective tool for tree height estimation in forest areas [15].
The additional information of interferometric coherence is also important for forest mapping, to
distinguish the different forest types [16]. Wegmuller and Werner [17] found that coherence enables
coniferous, deciduous and mixed forest stands to be distinguished when repeat-orbit ERS-SAR data are
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used. Simard et al. [18] reported that an interferometrically derived forest map could be generated with
an accuracy of around 90% for the mapping of forest versus non-forest.

As a result, the combination of multi-frequency, quad-polarization, and multi-interferometric mode
SAR data has become a major trend in woodland research. Data fusion offers an effective way for the
use of multi-source data. Data fusion can be performed at three different levels: pixel, feature, and
decision. With the characteristics of high openness and fault-tolerance, the decision-level approaches
have the potential to improve classification accuracy [19-22]. The popular decision-level approaches
include the Bayesian methods [23], Dempster-Shafer (D-S) evidence theory [24], and fuzzy-logic [25].
Among the above approaches, the D-S evidence theory is considered the most promising approach in
the application of land-cover discrimination [26]. Compared to the Bayesian approaches, D-S evidence
theory represents both imprecision and uncertainty and is a more flexible and general approach than the
Bayesian approaches. Another of its advantages is its ability to consider not only individual classes, but
also unions of classes [27]. The traditional classification approaches, such as the maximum likelihood
classifier, basically differ from the D-S procedure in that the characteristics of each classification
category are automatically selected from the training sites (as with multispectral data) and are not based
on expert knowledge [28]. A great deal of classification research based on D-S evidence theory has been
successfully implemented. For instance, Mascle [27] performed a separate unsupervised classification
on each image, and the results were fused using a strategy based on belief functions, resulting in a 20%
improvement in identification rate for corn compared with two other simple data fusion methods.
Milisavljevi¢ [29] fused classification results coming from several sets of polarimetric parameters
following different strategies, and the result indicated that D-S evidence theory outperformed the other
methods in most cases. Yang and Moon [30] combined multi-frequency (L- and P-band) polarimetric
SAR and optical data for land cover classification using D-S evidence theory and obtained noticeably
better land-cover classification results than the methods not involving fusion. Borja and Maria [31]
combined multiple decision indices using D-S theory to determine the locations of swimming pools, and
they achieved an overall detection accuracy of 99.86%.

For the purpose of woodland resource mapping and monitoring, highly accurate woodland extraction
is an essential prerequisite for the successive processing, e.g., tree species recognition and classification.
As described above, a number of alternative schemes for woodland extraction can be undertaken with
multi-frequency, quad-polarization, multi-interferometric mode SAR datasets. CASMSAR, as China’s
first airborne SAR mapping system, has made significant achievements in mapping science and
technology [32]. The high-resolution SAR system onboard CASMSAR includes a dual-antenna X-band
interferometer and quad-polarimetric SAR at the P-band. It provides abundant backscatter information
for the different bands, and interferometric phase and polarimetric features, all of which can be acquired
at the same time. The aim of this study was to make an accurate woodland extraction in the study area
of our choice. According to the woodland characteristics of the study area, the woodland extraction could
be deemed a binary forest/non-forest classification. Considering two kinds of available datasets, POISAR
and InSAR classifications were first implemented, and then D-S evidence theory was employed to fuse
the two classification results. The classification accuracies of the overall classification results were
evaluated with land-cover reference data, and the woodland was extracted to generate a woodland map.
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2. Materials
2.1. Study Area

The study area was located in Hanjietou (34.39°N to 34.40°N and 113.09°E to 113.11°E, see Figure 1),
Henan province, in the middle of China, covering a south-eastern part of the city of Dengfeng of about
2.1 km?, The elevation value (i.e., the heights above the geoid) range from 220 m to 310 m. It should be
noted that there were hills located in the east and north of the study area, which could hinder the
woodland extraction due to topographic effects. The study area mainly comprised woodland, farmland,
buildings, and bare land. The main tree species in the study were pine and northern larch, categorized as
woodland (low-density needleleaf forest), which facilitated a binary forest/non-forest classification.

34.40° N, 113.09” E 34.40° N113.11° E

Map of China

34.39° N, 113.09” E 34.39° N113.11° E
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Figure 1. The optical image of the study area (copyright Google Earth).
2.2. CASMSAR Datasets

In this study, a pair of X-band interferometric images were simultaneously acquired by the
dual-antenna interferometer, and a single P-band quad-polarization image was acquired by the fully
polarimetric SAR sensor in June 2011. Prior to and during the period of SAR data acquisition, it was
cloudy weather and not precipitation occurred in the study area. The main characteristics of the
CASMSAR data used in this study are presented in Table 1.

Table 1. CASMSAR dataset description.

Parameters P-Band X-Band
Acquired 2011-06-23 2011-06-23
Polarization HH/HV/VH/VV HH
Pixel size (m?) 0.6 x 0.6 0.25 x0.25
Wavelength (m) 0.5 0.03
Spatial resolution (m) 1 0.5
Central frequency 600 MHz 9.6 GHz
Number of looks 1 1
Flight altitude (m) 3155 3155

Aircraft ground speed (m/s) 115.5 115.5
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Table 1. Cont.

Parameters P-Band X-Band
Incidence angle (°) 43 50
Incidence angle interval (°) 10 13
Slant range swath start (m) 3496.31 2690.64
Slant range swath end (m) 12,097.91 12,418.64

2.3. Pre-Processing

In the pre-processing stage, polarimetric and geometric calibration was first implemented with the
aid of trihedral and dihedral corner reflectors deployed in the study area. For the polarimetric SAR
pre-processing, a Lee polarimetric filter was employed with the P-band PoISAR image so as to reduce
the impact of speckling [33], with the size of filter window being 5 x 5 pixel. For the interferometric
pre-processing, the InSAR processing chain was undertaken to generate the height map with the
X-band InSAR images. The InSAR processing consists of the following main processing steps:
(1) accurate co-registration of the focused SAR data; (2) calculation of the interferogram associated with
multi-look processing of four looks; (3) interferogram flattening; (4) interferogram filtering with a 5 x 5
pixel window; (5) phase unwrapping; and (6) unwrapped phase to height conversion. The P- and X-band
datasets were then georeferenced to the same reference system (WGS84 ellipsoid and Transverse
Mercator (TM) projection) with a grid size of 1 m. Finally, an orthorectified PoISAR image and an
InSAR elevation map (see Figure 2) were generated for the following fusion.

34.40°N, 113.09°E 34.40°N, 113.11°E 34.40°N, 113.09°E 34.40°N, 113.11°E
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Figure 2. (a) P-band color-synthesized map of three Pauli basis polarizations (HH+VV, HV,
HH-VV); (b) X-band elevation map generated by interferometric processing.

2.4. Land-Cover Data

The reference land-cover selected for the study was a 1:10,000 land-cover product produced by the local
surveying department of Henan in 2007. This 1:10,000 land-cover product was manually produced by a
photointerpreter via a field investigation of the different land-cover types. The accuracy of the land-cover
product was not less than 90%. The land-cover was translated to the reference system (WGS84 ellipsoid
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and TM projection) with grid size of 1 m, in agreement with the georeferenced X- and P-band SAR
images, using a small number of ground control points. However, the land cover was subjected to some
errors in classification, and classes may have changed between 2007 and SAR images acquisition.
Landsat TM images taken from 2007 to 2011 were used for the woodland change detection. It was found
that the majority of the woodland had not changed between 2007 and 2011, except for a small area of
newly planted woodland, as shown in Figure 3. Therefore, the reference land cover could be considered
as a reliable data source for the accuracy validation.

34.40°N, 113.09°E 34.40°N, 113.11°E
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Figure 3. 1:10,000 land-cover map of the study area.
3. Methods and Processing
3.1. Single-Band SAR Data Processing

For the purpose of the fusion of the different frequency PolSAR and InSAR data for the woodland
extraction, a supervised complex Wishart classification based on the initial polarimetric features analysis,

and an unsupervised classification based on elevation threshold segmentation were, respectively, applied
to the P-band PolSAR and X-band InSAR data. The detailed processing is described in the following.

3.1.1. PolSAR Image Classification

The supervised complex Wishart classifier was used for the P-band PolSAR classification because it
makes full use of the polarimetric coherency matrix [34]. Prior to the classification, the parameter of the
span representing the total scattering power was first calculated, as shown in Figure 4a [35]. The
polarimetric parameters of the alpha angle (o), the entropy (H), and the anisotropy (A) were analyzed
because these parameters characterize the representative polarimetric properties of different land-cover
types, as well as the invariant attribute of the polarimetric span, which is independent of the radiometric
variation associated with topography [36,37]. The three polarimetric parameters were computed with a
5 x 5 sliding window, as shown in Figure 4b—d.

The span map displays the total power from —39 dB to 10 dB, which reveals building and woodland
with the higher radar returns due to double-bounce and volume scattering, and farm with lower radar
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returns, which is probably due to the inhomogeneity of crops. For the polarimetric features analysis, the
representative 2-D segmented planes of H-a and H/A can be depicted according to the computed
parameters of alpha angle, entropy, and anisotropy. Based on the unsupervised classification scheme
proposed by Cloude and Pottier [36], the 3-D H/o/A segmentation space that represents all the random
scattering mechanisms is often employed in PoISAR classification. In this study, the two planes of the
3-D space were utilized: the H-o and H/A planes. They were then, respectively, segmented into nine and
six different zones. Referring to the different land-cover types of the land-cover product, the segmentation
zones were then categorized into four classes. As shown in Figure 5, woodland is characterized by
high-entropy vegetation scattering in zones 1 and 2 of the H-a plane, and low anisotropy corresponding to
random scattering in zone 2 of the H/A plane. Buildings are characterized by low-entropy multiple
scattering in zone of 7 of the H-o plane, and higher anisotropy corresponding to two scattering
mechanisms in zones 3 and 5 of the H/A plane. Farmland is characterized by mixed double-bounce and
volume scattering with high entropy and high o value which leads to the confusion between
farmland/forest and farmland/building; however, the lower span of less than —30 dB can be used to
distinguish this class from the others. Bare land is characterized by Bragg surface scattering
corresponding to low entropy with an a value of less than 42.5° in zone 9 of the H-a plane.
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Figure 4. (a) Span, (b) alpha angle, (¢) entropy, and (d) anisotropy of the study area.
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Figure 5. 2-D segmented planes: (a) H-o segmented plane and (b) H/A segmented plane.

The supervised complex Wishart classification followed the feature analysis. The supervised complex
Wishart classification scheme can be represented as a three-step process, described in the following.

(1) By virtue of the feature analysis of the study area, we selected four clusters of training samples
from the PoISAR image.

(2) According to the complex Wishart distribution, we establish the maximum likelihood estimation
function for each cluster.

(3) We learned the different statistical quantities from the training samples and assigned each pixel
of the PoISAR image to one of the clusters by the minimum distance measure provided in the first step.

3.1.2. InSAR Elevation Map Classification

The interferometric elevation map of the X-band image is actually the digital surface model (DSM)
data of the study area, so, we aimed to use the elevation feature to distinguish the various land-cover
types. The unsupervised threshold segmentation was applied to the InSAR elevation map classification.
However, the existence of the topography can have an impact on the classification result. For example,
if there are buildings positioned on sloping terrain, which have a similar elevation to woodland on flat
ground, the two objects could be categorized into the same class. Therefore, in order to avoid the
topographic effects, we needed to separate the ground points from the object points (i.e., generate the
digital elevation model (DEM) from the DSM) prior to the classification.

The DEM was extracted from the DSM by applying a local minimum filter to remove non-terrain
objects [38]. The DEM was produced by first applying a filter to determine the local height minima, and
then by smoothing with a mean filter. The minimum and mean filter sizes were, respectively, 3 x 3 and
35 x 35. Because applying different mean filter window sizes to the DEM typically produces relatively
large errors for the large and small filter windows, a mid-range filter window size of 35 x 35 was
selected. Once the DEM data were subtracted from the DSM data, the normalized DSM (i.e., nDSM)
image is obtained by the method described in [39], eliminating the influence of topography. Figure 6,
respectively, presents the rendered DEM and DSM images of the study area. The relationships between
the DSM, DEM, and nDSM [40] are shown in Figure 7. As shown in Figure 7, the solid line represents
the DEM, which is the outline of the terrain; dashed line represents the DSM, which is both the outline
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of the terrain and non-terrain objects; and the solid and dotted line represents the nDSM, which is the
outline of the non-terrain objects, e.g., woodland and buildings.
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Figure 6. The DEM and nDSM of the study area. (a) DEM. (b) nDSM.

Figure 7. The relationships between the DSM, DEM and nDSM.

As shown in Figure 6, the height difference between the farmland and bare land classes is so small
that it is difficult to distinguish the two classes. Compared with the four classes of the PoISAR image,
the nDSM image is considered suitable for three-class segmentation processing. The threshold
segmentation process applied in this research is specifically described as follows.

(1) Determine the initial peaks in the statistical histogram of the normalized nDSM with respect to
the three classes in the previous PolSAR image classification.

(2) Search for the optimal threshold for two categories of classification between one peak to its
adjacent peak through the Ostu threshold selection method [41]. If the elevation interval of the nDSM
image f (i, j) is [0, L], we select initial thresholds {t;, t,} to divide the pixels of the nDSM image f (i, j)
into three groups, c1, c2, and cs.

¢, f(i,j)€[0,t,] class probability is w;,average elevation is m,, variance is o;
¢, fi,j)e(t,,t,]class probability is w,,average elevation is m,, variance is o, (1)

c, f(i,j)e(t,, t,] class probability is w,average elevation is nz,, variance is o

Thus, the average elevation of the nDSM imagef (i, j) is
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m= Z mw, )
The variance of the group is
o= 23: wo! 3)
i=1
The variance between different groups is
o, = i w,(m, —m)’ (4)

Clearly, the smaller the value of 62 is, the more similar the pixels are, while the greater the value of
02 is, the greater the differences the two groups have. Therefore, the value of 62 /a2 should be as large
as possible. Thus, one can change the threshold value of {t;,t,} so that 63 /0 reaches its maximum
value. Threshold segmentation was implemented using the optimal threshold obtained by step (2), and
the nDSM image is divided into three areas. Figure 8 shows the threshold segmentation result of the
X-band interferometric elevation map. The InSAR elevation map classification result can be obtained by
assigning the segmentations to land-cover classes, with respect to the PoISAR image classification result.

34.40°N 113.09°E 34.40°N 113.11°E
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Figure 8. The threshold segmentation result of the InSAR elevation map.

3.2. Dual-Band SAR Data Fusion Processing

In order to achieve accurate woodland extraction, the P-band and X-band classification results are
fused, thereby combining the respective advantages of the polarimetric and interferometric information.
In this study, the P-band PolSAR and X-band InSAR data are considered as two independent sources of
information. The combination of the classification results (respectively, generated from the two-band
SAR data) is performed by D-S theory fusion.

3.2.1. High-Level Fusion Using Dempster-Shafer Evidence Theory

During the realization of multi-source data fusion based on D-S evidence theory, the most difficult
part is the construction of the mass function. To date, there is still a lack of systematic methods to
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quantitatively describe the mass function definition. In this paper, we utilize the two classification results
to obtain the evidence for fusion. In other words, after the classification, we extract the corresponding
characteristic parameters of each hypothesis through the statistics for all the clusters, and we then build
a model based on the statistical parameters to obtain the mass function.

According to D-S evidence theory, O is the set of hypotheses about the pixel classes. Thus, we
construct the “frame of discernment” as follows, which is based on the results of the classification
described in the previous section. Note that the X-band InSAR image is classified into three classes, in
order to fuse all the categories in the framework of D-S evidence theory. The bare land class is added to
the X-band InSAR classification result, with respect to the bare land class imposed on the P-band
PolISAR classification result.

0 ={ woodland, buildings, farmland, bare land } (%)

After the single-band SAR data classification, we obtain the statistics to get the cluster center and
variance of each class in the P- and X-band SAR images as initial inputs for the following fusion.
We denote {A;, A,, A3, A,} and {B,, B,, B3, B, }as the two sets of four classes (i.e., woodland, buildings,
farmland, bare land), respectively, from the P-band and the X-band data sources. The fusion algorithm
deals with the set, which is of non-empty intersections between the classes from the different sources.

{4 NB,, suchthat 4B, 20, ie[l,4], je[l,4]} 6)

Under the assumption of the data source (PolSAR and InSAR data) being characterized by a

Gaussian distribution, we use a Gaussian distribution function to calculate the membership degree
P(x|A;), P(xlBj), which is defined as follows.

1 7(«“*/1;‘)2
P(x|Ai)=me 20;
()c—yj)2 (7)
P(x|B)=—t e
(x[B)= e
J

From expression (7), P(x|A;) (respectively,P(x|Bj)) represents the conditional probability for each
pixel x belonging to cluster A; in the P-band PolSAR image (respectively, cluster B; in the X-band InSAR
image). y; (respectively, y; ) indicates the cluster center of A; (i.e., the mean of class 4; ) and
o;(respectively,o;) denotes the standard deviation of cluster 4; (i.e., the square root of the class variance).

Then for each pixel y, we define the non-empty sets of the mass functions based on the statistical
parameters above, as expressed in (8). For H = A; N B;, such that A; N B; # @

m, (H)=m, (x)=z,-P(x|4)
my (H)=m, (x)=z, ~P(x‘ B) ®)

where z, and z, are normalization terms, and they are introduced in order to ensure that the mass
functions are always in the interval [0, 1] and }; m, = 1 (respectively, }; mp, = 1). If we denote n;

(respectively, n;) the number of non-empty intersections between cluster A; and B;, as i € [1,4],

(respectively, j € [1,4]), then the normalization terms can be expressed as
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2, =1/ 24" =Dx Pl )}

4 )
z, =1/ 42" ~)x P(x|B))}

3.2.2. Combination and Decision

After calculating the mass functions for each class, basic probability assignment (BPA) for the total
classes, i.e., m(H), can be obtained in terms of Dempster’s combination rule [24]. m(H) (also called the

orthogonal sum) is represented as follows.
For H= A; N BjsuchthatA; N B; + @

0 H=0
> my(4) -my(B))
m(H)y=m, ®@m,={ 222~ — H=#® (10)
where K = Z my(4;)-my(B;)
4 =0

where K is called the normalization factor, representing the extent of the conflict between the different
evidences.

Therefore, for example, we, respectively, take pixel y from the P-band image and pixel i’ from the
X-band image, both in row one and column one, fusing the orthogonal sum m(H) to combine the
evidences. Table 2 shows the mass function values of the four classes (i.e., woodland, buildings,
farmland, bare land) from the two sources in terms of definition (8).

Table 2. Mass function values of the four classes.

Source Woodland Buildings Farmland Bareland
P-band data my, (x) =0.6 my, (x) =0.0 my, (x) =0.2 my, (x) =0.1
X-band data mBl (x'):02 mBZ (x’):OO mB3 (x,):03 mB4 (x'):02

where m, (x) represents the probability of pixel y being classified as woodland in the P-band
image (respectively,. mp (x') for the X-band image).

Table 3 summarizes the BPA combination results from the two sources based on the orthogonal sum.
The empty set @ indicates that there are no ambiguities between clusters discriminated by the different

data sources. In addition, we denote C;,i € [1,2], the complementary set of {woodland, buildings,
farmland, bare land}, under the condition of my (x)+my,(x) +my, (x) +m,, (x) <1
(respectively,mB]. (x")). For pixelXpositioned at the first row and first column of the fusion image, we

use the maximum of the belief function decision criterion Bel(4) to determine its class. The decision
criterion can be represented by the following formula.

If max[Bel(4)] ., X € 4, (11)
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Table 3. Combination and decision results of four classes.

<band m, (x) m, (x) m, (x) m, (x) G
X-band 0.6 0 0.2 0.1 0.1

mg, (x) Woodland () )] ()] Woodland
0.2 0.12 0 0.04 0.02 0.02
My, (x') ) Buildings o o Buildings
0 0 0 0 0 0
myg . (x') ()] )] Farmland o Farmland
03 0.18 0 0.06 0.03 0.03
Mg, (x) ()] () ) Bare land Bare land
0.2 0.12 0 0.04 0.02 0.02
G, Woodland Buildings Farmland Bare land C
0.3 0.18 0 0.06 0.03 0.03
Z m,(x)my(x") =032 Z m (x)mgz(x")=0.00 Z m (x)my(x") =0.15
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m, (X) ® m, ()C') 0.32/0.57=0.56 0.00/0.57 =0.00 0.15/0.57=0.26 0.07/0.57=0.12
Bel( X ) Bel(W )=0.56 Bel(B)=000  Bel(F)=026 Bel(0)=0.12
W € woodland, B € buildings, F' € farmland, O € bare land.

4. Results

For the comparison between the classification results of the different polarizations and frequencies,
the HH polarization of the P-band classification result was obtained with a supervised maximum
likelihood method. The different polarization and frequency classification results are shown in
Figure 9a—c. Apart from this comparison, the K-means fusion result with the datasets (backscatter,
interferometry, H-o Wishart classification) was also obtained to evaluate the D-S fusion result. The
K-means and D-S fusion results with the PoOISAR and InSAR images are shown in Figure 9d—e.

From the point of view of visualization, the advantages and disadvantages of the single-band SAR
image classification results are apparent. The P-band classification result exhibits the complete class
information, i.e., four different land-cover types. However, due to the effect of speckling, the result is
not satisfactory, with many isolated pixels (see Figure 9a,c). On the other hand, in the X-band
interferometric elevation map, the edge of the large areas of land cover are continuous and the texture is
uniform, e.g., the woodland and farmland, but some classes hardly exist in the classification result, e.g.,
buildings, and bare land are excluded from the result (see Figure 9b). The K-means and D-S fusion
results appear relatively complete (see Figure 9d,e), and combine the respective advantages of the
polarimetric and interferometric information.
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Figure 9. The classification results of the CASMSAR data. (a) The supervised classification
result of the P-band PoISAR image. (b) The unsupervised classification result of the X-band
InSAR elevation map. (¢) The supervised classification result of the P-HH polarized image.
(d) The K-means fusion classification result. (e) The D-S fusion classification result.
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For the quantitative evaluation, random samples were selected from the 1:10,000 land-cover map as

the ground truth. The samples selection procedure was as follows.

(1) The two temporal Landsat TM data (2007 and 2011) were used to undertake post-classification
change detection [42]. More specifically, due to spectral the features being sensitive to the land-cover
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types, a simple classification method based on threshold segmentation was employed for the classification
of the two temporal TM images, and we then obtained the difference by a comparison of two temporal
classification results. Finally we detected some changed areas of newly planted woodland, as shown in
Figure 3.

(2) We extracted the regions from the 1:10,000 land-cover map which that did not contain
land-cover errors according to step (1).

(3) We selected samples from the extracted regions using stratified random sampling. More
specifically, the study area was divided into 32 columns and 26 rows resulting in 832 cells, and a
50 x 50 m site was randomly sampled from each cell.

(4) A number of requirements were also met: the samples were proportionally selected from the cells
corresponding with the area of each class of the land-cover map; the samples were also selected at the
pixels located in the central zone of each class in order to avoid pixels near the edges between classes.

The parameters of the proportion of the area of each class to the total area and the sample number of
each class are listed in Table 4.

Table 4. The sample parameters.

Land-Cover Class Proportion(%) Sample Number

Woodland 31 258
Buildings 4 34
Farmland 56 465
Bare land 9 75

A confusion matrix and a Z-test were employed to evaluate the classification results. Five different
statistical measures were calculated for the validation: global kappa coefficient (k) [43], overall accuracy
(OA), the producer’s accuracy (PA), the user’s accuracy (UA) [44], and the Z-score of the
Z-test [45]. Tables 5—8 show the accuracy evaluation of the supervised classification result for all the
images. It can be seen that the result with the P-HH polarized image has the lowest classification
accuracy, due to the effect of the large amount of speckling, and some of the buildings and bare land are
wrongly classified as other classes (see Table 5). The result with the P-band image has a higher
classification accuracy, and all the classes are classified correctly (see Table 6). The result with the
X-band InSAR image also shows a higher classification accuracy for the woodland and farmland classes;
however, the building class classification accuracy is rather low due to the uneven distribution of the
buildings in the X-band interferometric elevation map (see Table 7). The D-S fusion result has the
highest classification accuracy, and all the classes are distinguished. The classification accuracies of the
four classes in the D-S fusion result are improved compared to the other results (Table 9). The
classification accuracies for the woodland and bare land classes are higher in the K-means result, and the
lower accuracies for the other classes arise because these classes are not sensitive to certain features. In the
Z-test, for a given significance level a = 5%, the critical value of Z is 1.96. The Z-test shows that the two
fusion and P-band classification results are consistent with the land-cover product, since the Z-scores of
the two results are both less than the critical value of 1.96. However, the P-HH result reveals a higher Z
values, so that the result is regarded as being inconsistent with the land-cover product. Note that the
calculation for the Z-scores of the X-band result does not make sense since the number of classes does
not conform with the land-cover product.
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Table 5. The accuracy evaluation of the supervised classification result with the P-HH polarized image.

Ground Truth (%)
Land-Cover Class R UA (%)
Woodland Buildings Farmland Bareland
Woodland 75.89 77.49 3.66 18.90 81.15
Buildings 0.00 6.55 0.01 0.00 98.00
Farmland 18.16 13.36 83.22 43.82 76.00
Bare land 5.96 2.61 13.11 37.28 34.05

OA =72.43% , Kappa=0.55,7Z =343

Table 6. The accuracy evaluation of the supervised classification result with the P-band PoISAR image.

Ground Truth (%)

Land-Cover Class R UA (%)
Woodland Buildings Farmland Bareland
Woodland 84.07 8.29 1.98 6.57 94.26
Buildings 4.60 89.32 0.27 0.13 61.11
Farmland 1.45 0.00 90.28 1.87 98.02
Bare land 9.88 2.39 7.48 91.42 61.75

OA = 87.95%, Kappa = 0.82, Z = 1.90

Table 7. The accuracy evaluation of the unsupervised classification result with the X-band

InSAR image.
Ground Truth (%)
Land-Cover Class UA (%)
Woodland Buildings Farmland
Woodland 92.41 26.39 4.36 92.12
Buildings 0.69 5.14 1.25 17.11
Farmland 6.83 68.34 94.36 90.11

OA =90.08%, Kappa = 0.80

Table 8. The accuracy evaluation of the fusion result based on the K-means classifier.

Ground Truth (%)

Land-Cover Class UA (%)
Woodland Buildings Farmland Bareland
Woodland 95.06 9.23 1.97 5.17 95.26
Buildings 3.74 88.38 5.64 0.00 43.17
Farmland 0.17 0.00 82.98 0.72 99.57
Bare land 1.03 2.39 9.41 94.11 72.15
OA = 89.84%, Kappa =0.84, Z = 1.88
Table 9. The accuracy evaluation of the fusion result based on D-S evidence theory.
Ground Truth (%)
Land-Cover Class . UA (%)
Woodland Buildings Farmland Bareland
Woodland 96.14 9.89 2.44 0.06 96.01
Buildings 90.05 0.08 2.88 88.92
Farmland 0.00 94.82 5.42 96.85
Bare land 0.00 2.41 91.62 86.11

OA =94.77%, Kappa =0.92, Z=1.80
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We also found that each modality had different sensitivities to the different sets of classes, which is
relevant to the selected features. To evaluate the choice of classes, a distinguishing capability analysis for
each modality was implemented. As shown in Table 10, the P-band PolSAR supervised classification, the
X-band InSAR unsupervised classification, and the D-S evidence theory fusion classification with P-band
PoISAR and X-band InSAR images were, respectively, assigned as the different modalities a, b, and c. The
distinguishing capabilities for the classes are dependent on the classification accuracy (i.e., PA). Three
levels of low (PA < 60%), medium (60 < PA <90%), and high (PA > 90%) were employed as indicators
to evaluate the distinguishing capability of the different modalities. For modality a, the polarimetric
parameters of H, a, A, and the scattering power parameter of span were selected as the feature parameters
with respect to the polarimetric parameter analysis described in Section 3.1.1. The classification accuracies
for the four classes (i.e., woodland, buildings, farmland, and bare land) were all more than 80%. This
demonstrates that modality a has great potential to distinguish these classes. As for modality b, elevation
as the only feature has the capability to distinguish three classes (i.e., woodland, buildings and farmland).
It was found that woodland and farmland could be well distinguished (classification accuracies were more
than 90%), but the distinguishing capability for buildings was at lower level. Modality ¢ combines all the
features of modality a and b, and the distinguishing capability for the four classes could be considered be
high since the classification accuracy of each class was more than 90%.

From the point of view of the classes, woodland consists of random highly anisotropic scattering
elements characterized by single scattering from a cloud of anisotropic needle-like particles, or multiple
scattering from a cloud of low-loss symmetric particles. The range of the feature H and a in modality a
can be determined by random highly anisotropic scattering elements, i.e., H> 0.9 and o = 45°, A <0.5.
Due to the short wavelength of the X-band data, the height of the top of the canopy can be obtained by
nDSM, i.e., elevation >10 m. H, a, A, and the elevation are good features to distinguish woodland from
the other classes. Buildings consist of isolated dielectric and metallic dihedral elements characterized by
low-entropy double, or even, bounce scattering. The range of the feature H and o in modality a can be
determined by the dihedral elements, i.e., H < 0.5 and a > 47.5°, A > 0.5. Elevation is not a good feature
to distinguish buildings from the other classes since the radar echoes are reflected from multiple
directions, e.g., the wall surfaces and roofs of the buildings. H, a, and A are good features to distinguish
buildings from the other classes. Farmland is characterized by mixed double- bounce and volume
scattering, which leads to the confusion between farmland/forest and farmland/buildings; however, the
lower span of less than —30 dB can distinguish this class from the others, and a reasonable explanation
is that the dielectric constant of the farmland is slightly lower than others. Elevation can distinguish the
farmland from others because the elevation of farmland is much lower than for the other classes, i.e.,
elevation < 5 m. Span and elevation are good features to distinguish farmland from the other classes.
Bare land is characterized by Bragg surface scattering. The range of the features H and o in modality a
can be determined by a Bragg surface model, i.e., H < 0.5 and a < 40°. The elevation of bare land is
similar to farmland and buildings, so that it is not selected as a distinguishable feature. H and a are good
features to distinguish bare land from the other classes.

For the woodland extraction application, the PA and UA values of the woodland class were obtained
using the supervised and unsupervised classification schemes on the PoISAR and InSAR images, with a
PA of 84.07% and 94.26% and a UA of 92.41% and 92.12%, respectively. An improved accuracy was
also obtained from the D-S fusion result, with a PA of 96.14% and a UA of 96.01%. The fusion result
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can ensure high-accuracy woodland extraction mapping. The woodland map of the study area was
obtained from the fusion image and is presented in Figure 10.

Table 10. The distinguishing capability analysis for each modality.

Land-Cover Class Modality Selected Feature Classification Accuracy (%) Distinguishing Capability

a H,o A 84.07 Medium
Woodland b elevation 92.41 High

¢ H, o, A, elevation 96.14 High

a H, o, A 89.32 Medium
Buildings b elevation 5.14 low

C H, o, A, elevation 90.05 High

a span 90.28 High
Farmland b elevation 94.36 High

c span, elevation 94.82 High

a H a 91.42 High
Bare land b X x x

c H, a 91.62 High

34.40°N 113.09°E 34.40°N 113.11°E

s Bt S k. e -Woodland
34.39°N 113.09°E 34.39°N 113.11°E

OHHHO'Z 04 06 08 ]Kilometers

Figure 10. The extracted woodland map of the study area.
5. Discussion

From the point of view of visualization and quantitative evaluation, the D-S fusion result with the
PolSAR and InSAR images obtained the highest classification accuracy, and all the classes were
classified correctly. For the woodland extraction application, the highest accuracy was again obtained
by the D-S fusion result. To make a thorough analysis for the woodland extraction accuracy, we extracted
three partial regions (see Figure 9e, A, B and C), respectively, from the same areas of the classification
results, and the fusion results are shown in Figure 11a—c. The woodland extraction accuracies of the
three regions are shown in Table 11. As can be seen from the P-band classification result of region A in
Figure 11 and Table 11, there are many isolated pixels due to the effect of SAR speckling, and some of
the pixels of the woodland class have been mistakenly classified as buildings or bare land. On the other
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hand, the edge of the woodland area is continuous and the texture of the woodland area is also uniform
in the X-band classification result, so that the best woodland extraction accuracy can be achieved. The
K-means and D-S fusion results also achieve improved woodland extraction accuracy as they incorporate
the advantages of the X-band classification in region A. The Z-test shows that the fusion and X-band
results of the woodland extraction in region A are consistent with the land-cover product since the
Z values of the three results are all less than the critical value of 1.96. However, for the P-band woodland
extraction result, a contrary conclusion can be drawn. In region B, the P-band classification result can
distinguish woodland, except for some isolated pixels, as in region A. However, the X-band
classification result has a lower UA accuracy than the P-band result as part of the pixels belonging to the
farmland class have been mistakenly classified as woodland. The reason for this can be explained by the
fact that the X-band InSAR segmentation error leads to the X-band classification error in the region. The
two fusion results partly make up for the deficiency of the individual P- and X-band classification results,
and achieve the best woodland extraction accuracy. Therefore, as with the result of the Z-test in region
B, the two fusion results of woodland extraction are considered to be consistent with the land-cover
product. In region C, most of the woodland can be correctly distinguished in the P-band classification
result, and some of the pixels belonging to the buildings class are mistakenly classified as woodland. In
the X-band classification result, almost all of the pixels belonging to the buildings class are mistakenly
classified as woodland, which directly results in the lowest UA accuracy of all the methods.

Land Cover P-band Result X-band Result K-means Result D-S Result
T Gy € g .7 y . v [ &, Ly

. Woodland . Buildings Farmland . Bare land

Figure 11. Comparison of the land cover, the classification results of the P- and X-band
images, and the two fusion results. (a) Region A. (b) Region B. (¢) Region C.
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Opverall, the D-S fusion can take full advantage of the P- and X-band classifications and can improve the
classification accuracy of the final result. In addition, the consistency of the D-S fusion and the K-means
fusion results validates the correctness of the D-S fusion result.

Table 11. The accuracy evaluation of the woodland extraction results with the

different methods.
Woodland Extraction Methods Region Umber PA (%) UA (%) Z
A 85.78 93.69 2.80
P-band supervised classification B 84.54 94.98 2.51
C 83.68 75.89 2.92
X-band unsupervised A 94.83 95.62 1.87
et ﬁciion B 93.51 81.09 2.65
C 86.46 57.31 3.35
A 93.77 95.50 1.88
K-means fusion B 88.24 90.39 1.93
C 86.16 70.74 3.02
A 93.52 94.00 1.95
D-S fusion B 89.93 96.23 1.89
C 95.68 61.52 3.00

6. Conclusions

This paper has explored the woodland extraction capability of Dempster-Shafer evidence fusion theory
with P- and X-band polarimetric SAR (PolSAR) and interferometric SAR (InSAR) data. The two kinds of
classification methods are combined in different sets of classes: in other words, the P-band supervised
classification is capable of four categories of classification, while the X-band unsupervised classification
is only sensitive to three of the four categories. The fusion method, respectively, utilizes the advantages of
the polarimetric and interferometric features of the PoOISAR and InSAR images. It can reduce PolISAR
image classification errors due to the impact of SAR speckling, as well as InSAR classification errors due
to inaccurate segmentation in the InSAR elevation map. The classification accuracy of the fusion result is
improved when compared to the individual PoISAR and InSAR classification results. The fusion result is
also consistent with the K-means fusion result and the land-cover product. The Dempster-Shafer evidence
theory fusion has been proved to be suitable for large-area land cover with a uniform texture and height,
e.g., woodland. Therefore, a high degree of accuracy of woodland extraction was achieved by the decision-
level fusion of the PoISAR and InSAR classification results. The achieved accuracy, with a PA of 96%, is
more than 85%, which is enough for woodland extraction since the attribute accuracy of all classes should
be not less than 85% for land-cover mapping in China [46]. The woodland map obtained in this article
could be widely applied in the investigation and monitoring of forest resources. As for the extraction of
other classes, such as buildings and grasslands, more features need to be introduced. For instance,
texture is a notable characteristic for buildings, which exhibit a great difference with the other land-cover
classes [47], and interferometric coherence is an important indicator for distinguishing different vegetation
types [48]. Our follow-up research will mainly focus on SAR data fusion by use of more features that are
sensitive to the different land-cover types in multi-frequency PolInSAR datasets.
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