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This letter focuses on scattering mechanism classification of polarimetric synthetic
aperture radar (PolISAR) images. Scattering mechanism classes are defined as the
different combinations of dominant and secondary scattering mechanisms. By
analysing the general characteristics of surface scattering, double-bounce scatter-
ing and volume scattering, we propose a maximum likelihood classifier to classify
PoISAR pixels into nine classes with three PolSAR metrics. The probability
density functions of various classes are obtained via extensive simulations. This
method is not only a good classification method free of polarimetric decomposi-
tion but can also serve as a pre-classification step for advanced classification
scheme as well. Furthermore, it is able to simplify incoherent polarimetric decom-
position, so that we can employ incoherent scattering models for all components.

1. Introduction

In polarimetric synthetic aperture radar (PolSAR) remote sensing, using scattering
mechanisms information for land-cover classification is a hot trend (Qi ez al. 2012).
At present, incoherent polarimetric decomposition is the main approach to obtain
scattering mechanisms information about natural targets (Freeman and Durden
1998).

Most incoherent decompositions fall into two categories: eigen-decomposition-
based decomposition (EDBD, (Cloude and Pottier 1997)) and scattering-model-
based decomposition (SMBD). Metrics from EDBD and SMBD are fully investi-
gated and utilized in PolSAR classification (Cloude and Pottier 1997, Lee et al. 2004,
Qi et al. 2012). However, both EDBD and SMBD have their limitations. Some
researchers have found that EDBD metrics only slightly improve PolSAR classifica-
tion (Freitas et al. 2008). In SMBD, the overestimation of volume scattering often
makes the decomposition result violate the non-negative eigenvalue constraint (van
Zyl et al. 2011). The number of knowns and unknowns are usually unequal, so
certain assumptions about complex scattering coefficients are required (Freeman and
Durden 1998).

However, van Zyl pointed out that different mechanisms may produce the same
Mueller matrix (van Zyl 1989). Therefore, getting a unique and precise
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decomposition from PolSAR data is difficult. But, we can group pixels into general
classes of scattering mechanisms according to the characteristics of possible mechan-
isms (van Zyl 1989). In addition, for PolSAR image classification, getting basic
scattering mechanism information (i.e., dominant and secondary mechanism) is
often enough for a simple land-cover classification and for being used as a pre-
classification step for advanced classification methods. Such information is also
beneficial for the simplification of incoherent decomposition. If we only include
dominant and secondary scattering mechanism in decomposition, we can use inco-
herent models for them so the number of knowns and unknowns can be roughly
the same, then we can get good solution while preserving most polarimetric
information.

The unsupervised method proposed by van Zyl (van Zyl 1989) can identify
dominant scattering mechanism. But in this method, sufficient processing is not
done to let Mueller matrix satisfy the assumption of azimuthal symmetry. This
method varies orientation angles of the transmitted wave and computes the corre-
sponding scattered wave, so it is time-consuming. In its experiment, certain number
of pixels could not be classified. Another unsupervised scattering mechanism classi-
fication method is H/a method, proposed by Cloude and Pottier (1997) on the basis
of EDBD.

With three metrics obtained from observed coherency matrix, this letter raises a
supervised maximum likelihood classifier to classify pixels into nine classes that are
combinations of dominant and secondary scattering mechanisms. Probability density
functions (PDF) of all classes are acquired by simulations. Experimental results show
that the proposed method is at least as good as H/a method and even better in some
cases.

2. Definition of dominant and secondary scattering mechanisms

In SMBD, every embedded scattering mechanism is called a ‘component’. Surface
scattering, double-bounce scattering, volume scattering and helix scattering are the
most widely used canonical scattering mechanisms. With them, SMBD can be
expressed as

(T) = PyTh + PTs + PyTq + P T, 1)

where T is observed coherency matrix, () stands for ensemble average processing, Ty,
T, Tq and T, are trace-normalized models of helix scattering, surface scattering,
double-bounce and volume scattering, respectively. Py, Ps, Py and P, are the
corresponding component powers. Given the fact that in real data, helix scattering
power is quite small when compared to total power (Yamaguchi ez al. 2005), only the
cases of other three mechanisms are discussed in this letter. By subtracting helix
scattering from T, the remainder matrix T, only contains surface scattering,
double-bounce and/or volume scattering. Here, if the power of one component is
larger than (Ps + P4 + Py)/2, then we define this mechanism as dominant; else, if the
power of one component is smaller than dominant mechanism but larger than other
components, then it is secondary mechanism. In the next section, Tj; denotes the
element in row i and column j of 7.
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3. Characteristics of three canonical scattering mechanisms
31 (Tn)

Assume the scattering matrix of a scatterer with orientation angle 8 = 0 is

S) 0
S:|: gH SVV:| (2)

where Syy and Syy are complex scattering coefficients, the subscript HH stands for
horizontal transmitting and horizontal receiving and the subscript VV stands for
vertical transmitting and vertical receiving. Equation (2) can well describe the
elemental scatterers of all the three mechanisms (Freeman and Durden 1998).
Following the surface scattering model in Freeman and Durden (1998) and ground
scattering model in Freeman (2007), we assume Spyy =1, Syv =b; + byi and
by and b, are real and imaginary part of Syv, respectively, then

(14 b))+
C2(1+ b2+ b))
(1 —by)* + b}
2(14+ b2+ b3)

Ty
(€)
T+ Tyn=

For double-bounce, b; < 0; for volume scattering, b = b, = 0 (if horizontal dipole is
elemental scatterer); for surface scattering, b; > 0 (Freeman and Durden 1998). As a
result, in double-bounce model, 77; < 0.5 < Ty + T33; in volume scattering model,
T11 = 0.5 = T5, + Ts3; in surface scattering model, 7, > 0.5 > Ty + T33. In view
that T is often a mixture of several mechanisms, we postulate that T, contains two
mechanisms: one is volume scattering with power P, and the other is either surface
scattering or double-bounce with power 1 — P,. Similar assumption was made in
Freeman (2007) for forest area, considering that surface scatering model and double-
bounce model are mathematically equivalent. Then in T,

by

Ty) —05=— 7l
() 1+ 57 + b3

(1—Py) 4)

From equation (4), we can know that non-zero surface scattering leads to 77; > 0.5
and non-zero double-bounce leads to 77; < 0.5. The larger the P,, the closer is
T11 — 0.5 to 0; when b; is a fixed positive number, the larger the Pg, the larger is
T11 —0.5; when b; is a fixed negative number, the larger the P4, the smaller is
T —0.5.

32 (Ts)

Incoherent scattering model is determined by both elemental scatterer and PDF of
orientation angle p(#). With unimodal circular normal von Mises distribution, a
volume scattering model Tneum (see equation (5)) was raised in Neumann et al
(2009). As a generic incoherent scattering model, Tyeum also applies to surface
scattering and double-bounce scattering.
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| L g(r)M 0
TNeum = L+—N gC(T)M* (1 +g(T))N/2 0
0 (1—g(z))N/2 Q)

with L =[Sy + Syv|> M = (Sun — Svv) (S + Svv) N = |Sun — Svv [’
v=1I(k)e ™ g(t) = L(k)/I(k) gc(x) = L(k)/I(k)
Here, * is the sign of complex conjugate operator; z, as the randomness of p(6), is in

the range of [0,1]; k is the concentration degree of p(8); I,(k) is modified Bessel
function of order n and parameter k. In equation (5), 733 is expressed as

T =51 (1 - g0) ©

where g(7) is a monotonic decreasing function in [0, 1] with g(0) =1 and g(1) = 0.
Combining equation (3) with (6), we can know that, for the same 7z, double-bounce
gives the largest 733, volume scattering gives the second largest value and surface
scattering gives the smallest value. Figure 1(a) is an illustration. As shown in
Neumann ez al. (2009), in real conditions, surface scattering usually has small z,
yielding small 733. On the contrary, in forest, 7 lies in [0.6,0.9]; consequently, in
volume scattering model, 733 varies between 0.23 and 0.25. As to double-bounce
scattering, 7 is also often low, but as depicted in figure 1(a), T53 can be over 0.23 even
when 7 is below 0.3. Hence, the 733 range of double-bounce and volume scattering
may overlap.

33 |ppl

In TNeums |12], the modulus of the correlation coefficient between 7', and 75y, is

Ipral = V22:(7) / T+ (@) )

Clearly, |p;,| depends only on 7 or corresponding k. Figure 1(b) shows that |p,| is a
monotonic decreasing function of 7 in [0, 1]. When 7 < 0.2, |p,,] is pretty close to 1.

0.5 10 |
0.8 |
Double-bounce |
scattering |
S,,=-0.5+0.5i 0.6}
lowl |
Volume scattering 0.4}
$,=0
|
£000COo0D0o 02 I
Surface scattering
S, =0.5+0.5i 0.0 |
00 02 04 06 08 1.0
T T

(@) (b)

Figure . Neumann’s model. (a) T33 vs. 7; (b) |p2] vs. 7.
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As pointed out in the previous section, volume scattering has large 7, yielding |p;,|
much smaller than that of surface scattering and double-bounce scattering.

4. Method
4.1 Metrics computation

The flow chart of proposed method is given in figure 2. T, is calculated using
(Thon) = (T) — PnTy (8)

Ty, and the method to compute P, can be found in Yamaguchi et al (2005). Txeum
explicitly assumes the symmetric centre of p(0) is 0. To let Ty, roughly satisfy this
assumption, perform orientation angle compensation (Lee and Ainsworth 2011) to
Thon and get the compensated matrix Tpon_oac. We denote the diagonal elements of
span-normalized Tpon_oac as T11, T and T33. |py,| is computed by

Ipial = [{T12)| / /(T (T) ©)

4.2  Simulation

Ti1, T33 and |p;,| form a 3D space, named 7; — T33 — |p;,|. Every T has a mapping
point in that space. For real T, we cannot easily know their real dominant and
secondary scattering mechanisms. To perform a supervised classification, extensive
simulations of T are executed to get the PDF of different classes in that space. The
simulation framework is established with the core idea presented in equation (1), but
helix scattering is not embedded. All three embedded mechanisms were modelled by
Tneum. For surface scattering, Syy = 1; for double-bounce, Syy = 1; for volume
scattering Syg = 1 and Syy = 0. The ranges of other parameters are given in table 1.
Finally, up to 300,000 random samples were generated.

4.3 Voxel and pixel classification

In this letter, scattering mechanism classes come from different combinations of
dominant and secondary scattering mechanisms. The classes of simulated T are
determined according to the definition in table 2 and simulation parameters. For

Orientation angle Distribute samples Create random
(T} compensation into voxels of  [¥] | parameters and
(T.mh,m\c T“ = T33 — P12 compute
samples from
A 4 A 4 Determine class for equation (1)
(Toon) = (T)— AT, / Ti1. Tsa. |orol ; zzzgt\:g)r(\e(ll?)\; v
Get sample
v classes from
Distribute pixels _ | Assign voxel class to ] power
into voxels =4 pixels parameters

Figure 2. Flow chart of proposed method.
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Table 1. The range of random parameters of different components in simulation.

Volume Surface scattering Double-bounce scattering
T T |SV\/| Re(SW) T |SHH| RG(SHH)
[0.6,1.0] [0.06,0.3] [0.3,1.7] [0.2,]Svv]] [0.06,0.3] [0.3,1.7] [—|Sunul,—0.2]

Re(x) is the function to the real part of a complex number x.

Table 2. Class definitions.

Class 1 2 3 4 5 6 7 8 9

Dominant mechanism  VolS SurS DbS SurS DbS VoIS VoIS SurS DbS
Secondary mechanism - - - VoIS VoIS SurS DbS DbS SurS

VolS: volume scattering; SurS: surface scattering; Dbs: double-bounce; —: unavailable.

classes 1-3, only dominant scattering mechanism is identified. Class 1,
0.49 < Ty1 <€0.51, 0.23 < T33 <0.25; class 2, Ty > 0.73; class 3, Ty; < 0.27.

The whole 711 — T35 — |p,| space is equally divided into 50 x 50 x 50 voxels. All
simulated T are distributed into corresponding voxels. Postulate in a nonempty

voxel, the number of pixels from class i is N;, i € {1,2,---,9}, if
. N; .
pn:maX(Plap2a"'aP9) with Pi= 9 ) 1< {1727"'79}a (10)
>N
Jj=1

then class n is assigned to that voxel. Evidently, this is a maximum likelihood
classifier. However, if p, is not much larger than the second largest one of
{p1,-++,p9}, say, pm, then there are great uncertainties concerning which class this
voxel belongs to. As a result, such voxels are unclassified. Our criterion of unclassi-
fied pixel is p, — pm < 0.4. Finally, pixels are assigned the class of voxels where they
locate.

Although above method is supervised, we can roughly estimate class boundaries.
The boundaries for classes 1-3 are clearly provided. Next, we will analyse other
classes. Observations from real data reveal that when 733 is lower than a small value,
like 0.1, volume scattering is not dominant or secondary. Instead, surface scattering
is dominant and double-bounce is secondary if 7;; > 0.50 and vice versa. Section 3.1
shows that if 7y, is close to 0.50, i.e., |T1; — 0.50| < 0.05 and T3 > 0.20, this pixel is
still dominated by volume scattering. In case 71; > 0.50, surface scattering is second-
ary; otherwise, double-bounce is secondary. For other unclassified pixels, we adopt
the postulate of pixels containing volume scattering and one ground scattering, as in
section 3.1. As cited in section 3.2, 7 of forest is mainly in [0.60,0.90] with corre-
sponding |p;,| in [0.08,0.40]. Hence, if |p;,| < 0.40, the dominant mechanism is
volume scattering, the secondary mechanism is surface scattering if 7;; > 0.50 and
double-bounce if T1; < 0.50; otherwise, the secondary mechanism is volume scatter-
ing, the dominant mechanism is surface scattering if 7;; > 0.50 and double-bounce if
T11 < 0.50.
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5. Experiment
5.1 Verification using simulated data

To quantitatively assess the performance of our method, 3000 random samples were
generated using the framework in section 4.2. Among all samples, 1466 were classi-
fied with confusion matrix given in table 3. For the remaining unclassified samples,
dominant scattering mechanisms were successfully identified for 95.99% of them.

5.2 Verification using UAVSAR data

Uninhabited aerial vehicle synthetic aperture radar (UAVSAR) is an L-band air-
borne SAR sensor (Jet Propulsion Laboratory 2007). Our method was tested on
UAVSAR data collected near Howland forest, Maine, USA, on 5 August 2009. The
site consists of forests, bare land, rivers, wetlands, roads, buildings, etc. The
resolution of ground range image is 5 m, and ensemble averaging is implemented in
7 pixel x 7 pixel window.

In classification result, unclassified pixels account for 8.1% of the whole pixels. By
dilating the classified image with an empirical 5 pixel x 5 pixel window so that
unclassified pixels can be assigned the classes of their surroundings, the proportion of
unclassified pixels significantly dropped to 0.4%.

The results of proposed method and H/a method for one part of the study site are
given in figure 3. Visually, in spite of large number of land-cover types, the majority
of large terrain features are successfully identified by our method and H/a method.
Most of the dense natural forests located in the left and upper part of images were
assigned class 1 by H/a method, which only means highly random volume scattering.
But our results further indicate that double-bounce is the secondary mechanism,
which is consistent with the observation in Freeman (2007). In contrast, the sparse
forests that are situated in the upper right corner are mostly class 6, which means
surface scattering is secondary. It is in agreement with van Zyl’s point of view (van
Zyl 1989). However, H/o method still classified them as class 5 that only identifies
vegetation scattering with moderate correlation of scatterer orientations. For the

Table 3. Confusion matrix of classification result. The overall accuracy is 96% and kappa
coefficient is 0.947.

Classified class

Producer’s
Reference class 1 2 3 4 5 6 7 8 9 Total accuracy (%)
1 144 0 0 0 0 0 0 0 0 144 100
2 0 373 0 0 0 0 0 0 0 373 100
3 0 0 406 0 O 0 0 0 0 406 100
4 0 0 0 28 0 0 0 5 0 33 85
5 0 0 0 0 31 0 0 0 6 37 84
6 0 0 0 2 0 201 0 1 0 204 99
7 0 0 0o 0 7 3 109 0 2 121 90
8 0 0 0 7 0 0 0 67 6 80 84
9 0 0 0 0 19 0 2 4 43 68 63
Total 144 373 406 37 57 204 111 77 57 1466
User’s accuracy (%) 100 100 100 76 54 99 98 87 75
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nclassfied

(0)

Figure 3. (a) Natural colour orthophoto; (b) Result by H/a method; (¢) Result by proposed
method (see table 2 for class definitions). The coordinate of upper left corner is 44.961°
N, 68.683° W.

land-cover types characterized by surface scattering, like the airport and river
surfaces, more pixels are identified by our method as surface-scattering dominant.
In the south grassland surrounding the airport runway and the river surface near
upper island, H/a method gives more class 5 pixels. As for the two large urban areas,
most buildings are oriented parallel to SAR azimuth direction; so, they mainly
exhibit classes 8 and 9 in our results. A few pixels near building walls exhibit class
3. At the same time, in the result by H/a method, certain number of urban pixels is
considered to be dominated by volume scattering. In the southeast river surface, both
methods cannot identify all pixels as surface-scattering dominant. Lastly, it seems
that the result by our method shows less noise than that by H/a method, especially in
forested areas.

6. Conclusion

The experiment reveals that the overall performance of our method is at least
comparable to H/a method. Although the proposed method belongs to supervised
classification, once the PDF of various classes and voxel classification map are
obtained via extensive simulations, they can be used to many general conditions.
From this perspective, it is much faster than van Zyl’s method.

In some areas where surface scattering is dominant and volume scattering is
secondary, the proposed method may identify double-bounce scattering as secondary
(see table 3). Such areas typically have low backscatter, but areas with surface
scattering as dominant mechanism and double-bounce as secondary mechanism,
like urban areas, generally show strong backscatter, so the span of T may be used
to differentiate these two cases. Another deficiency of this method is that during
simulation, the priori probabilities of various classes, which are circumstance speci-
fic, are not fully taken into consideration. In future, we may develop empirical
methods to determine such priori probabilities. Lastly, the effectiveness of this
method for areas without dominant scattering mechanism needs further
investigation.
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