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Abstract

Synthetic aperture radar (SAR) is a remote sensing
technology that can truly operate 24/7. It’s an all-weather
system that can operate at any time except in the most
extreme conditions. Coherent change detection (CCD) in
SAR can identify minute changes such as vehicle tracks that
occur between images taken at different times. From
polarimetric SAR capadbilities, researchers have developed
decompositions that allow one to automatically classify the
scattering type in a single polarimetric SAR (PolSAR)
image set. We extend that work to CCD in PolSAR images
to identify the type change. Such as change caused by no
return regions, trees, or ground. We show how this work
can then be used as a preprocessor for algorithms to
automatically detect tracks.

1. Introduction

1.1. Synthetic aperture radar and change detection

Synthetic aperture radar (SAR) [4] is a remote sensing
technology that provides its own illumination. Thus SAR is
an all-weather system that can image at any time except in
the most extreme conditions. It can operate either day or
night and has a long standoff. SAR combines multiple
results from different viewing angles to create a high-
resolution image of an area. For example, Figure 1a shows
a SAR image of a golf course containing roads, trees, sand
traps, grass, and buildings.

For the area it is illuminating, SAR is a coherent imager
that measures both phase and magnitude of the return.
Using two registered images taken at different times, one
can use coherent change detection (CCD) [4] to detect
minute changes from one collection to the next, such as
tracks left by a vehicle driving through the scene. Figure 1b
shows a CCD image with vehicle tracks identified.
Detection of these tracks is useful for surveillance and
search and rescue applications. However, automatic
detection of vehicle tracks in SAR CCD is difficult due to
various sources of low coherence other than the vehicle
track change we wish to detect, such as ground surface
change due to weather effects and vegetation, registration

errors, and radar shadows. Figure 1b shows not only low
coherence for the vehicle tracks but also for trees and
shadows.

Figure 1: Example SAR and corrésponding CCD image. (a)
SAR image of golf course. (b) CCD with vehicle tracks
identified.

1.2. Polarimetric SAR (PolSAR)

The radar cross section (RCS) of the scattering
mechanisms in a scene for a selected polarization state, can
be conveyed by a calibrated single-polarization SAR image
Examples of polarization states include: VV, HH, HV, and
VH. Here, XY indicates that a Y oriented EM field was
transmitted and an X oriented EM field was received.
Figure 2 shows four polarimetric images taken at different
transmit and receive orientations.

Using second order statistical characterization of the
polarmetric return, multiple decompositions [23] have been
developed to extract the responsible scattering mechanism.
Because of it’s information-theoretic properites, we use the
H/A/a polarimetric decomposition [1]. Here H represents
the entropy or randomness of the scatter, A the anisotropy
or the direction of scatter, and « the scattering mechanism.
Figure 3 shows the H/a classification plane. For this
classification plane, Cloude and Pottier have identified
eight zones that correspond to different SAR scattering
mechinisms and one zone (Z3) that corresponds to an
infeasible region indicated by gray area. For example, a low
H and middle value of « would be in zone Zs and indicates
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a single dipole scatterer. As H increases to moderate values
such as in zone Zs, this would indicate scattering
mechanisms from vegatation, and then even higher values
such as in zone Z, would indicate scatters from tree
canopies. See [1] for a complete description. These zones
are not as crisp as indicated by the Figure. Different classes
can straddle the boundaries and the boundaries can change
with collection geometry and system noise [14].

Figure 2. Tllustration of (a) an HH polarization image, (b) an
HYV polarization image, (c) a VH polarization image, and (d) a
VV polarization image.

Figure 4 shows the H/A/a decomposition of two passes
of a scene. The colorspace of the image is defined in HSV
space where the scattering mechanism parameter controls
the hue in the image, a mixture of entropy and anisotropy
control the saturation, and the quarter-power span image
controls the value. The span is the total magnitude of the
pixel across the four images with polarimeteric image set.
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Figure 3. H/o classification plane
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2. Track detection using Polarimetric Data 250

Automatic track segmentation can be view as a two step 251
process. The first step is to identify CCD pixels that could 252
be on a track called tracklets. Whereas the second step
involves linking these tracklets together to create longer 254
tracks and remove false tracks. In single pol imagery, tracks 255
have been identified using thresholding [16], a radon 256
transform [11], ridge features [18], and MRS filters [19]. 257
Currently, the most successful tracklet linking method is 258
based on a 6-layer convolutional neural network (CNN) 259
trained to find natural tracks where each succeeding layer 260
has a larger receptive field to link tracks over a larger area 261
[17]. 262

In this paper we concentrate on finding tracklets and g3
then show how that can be followed by the CNN approach »g4
to link the tracklets together. Past work, on using 265
polarimetric data, has concentrated on discriminating
different terrain types in SAR imagery, but here we extend 7
this work and use polarimetric data to discriminate and 268
classify different types of change and thereby identify 269
tracklets. From Figure 1b, one can see that automatically
detecting vehicle tracks is hampered by the fact that low 270
coherence appears also in shadow and tree areas. 211

In the next section we will discuss the processing of the 272
polarimetric imagery and the extraction of the tracklet 273
feature vector. In Section 4, we discuss the classifier and in 274
the last sections we discuss the data we use for training and 279
testing and the performance of the system. 276

Figure 4. H/A/o. images from (a) pass 1 and (b) pass 2. The
images are defined in the HSV colorspace where a controls the
hue, a mixture of H and A control the saturation, and the 287

quarter-power span image controls the value. 288
289

3. Polarimetric SAR 290
Measured PolSAR data at each pixel can be written as a 291
scattering matrix: 292
3 3 293

S=- FHH ‘EHV} (1) 294

Sw Sw 295

where §XY is a complex-valued measurement. Since the 2%
observations were performed in a monostatic manner we ;g;

assume that §HV ~§VH .

The total power of scattering observations from all of the
polarization channels can also be combined into a span
magnitude image:
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3.1. Pauli feature vector

The objective of a polarimetric decomposition is to map
raw observations into different types of scattering
mechanisms. One mapping is called the Pauli feature
vector, which is constructed by projecting the 2x2
scattering matrix onto the Pauli-spin matrix bases [1]. The
3x1 Pauli feature vector has the following form:

1 ~ ~ o~ o~ o~
k:ﬁ[SHH'FSW:SHH_SW:SCX]T' (3)
where §CX = (§Hv + §VH )2.

For the first entry of the Pauli feature vector, the physical
phenomenon is an odd-bounce scattering mechanisms such
as trihedral corner reflectors or spheres. The second entry
represents even-bounce scattering mechanisms such as
horizontally or vertically or rotated diplanes, while the third

entry represents even-bounces from dihedrals rotated 45°.

3.2. The H/A/a polarimetric decomposition

The polarimetric coherency matrix can be formed by
computing the spatial average of the outer-product of the
Pauli feature vectors:

T =<kk” >,, 4)
where <-> denotes a spatial ensemble average over a
neighborhood of subscript N pixels.

The H/A/a decomposition utilizes the
eigendecomposition of the polarimetric coherency matrix,

3
T=UAU"=>Zuu/, (5)
i=1
where U is the matrix of eigenvectors and A is a diagonal
matrix of the corresponding eigenvalues. The H/A/a
decomposition computes the following quantities from the
set of eigenvectors and ordered eigenvalues

(A2 20,20)
H:—i‘ﬂlog}& 0<HE<I, (6)
A=(4, —[1)/(,12”3) 0<A<l, (7)

a= ip,. cos (w1} 0°<a<90°, ®)

3
where P =4/>A, 0<P<l. The description of
i=1

parameters is as follows:
1. «a is the scattering mechanism parameter and
indicates the average scattering mechanism
2. H 1is the entropy parameter and indicates the
purity of the scattering mechanism

#****

3. A4 is the anisotropy parameter and gives the 350
relative significance of the second and third 3571

eigenstates. 352

353

354

3.3. Polarimetric coherence 355

Two complex-valued SAR images with similar 356
observation geometries can be co-registered at the sub-pixel 357
level, and then interfered to produce a corresponding 358
complex-valued coherence map. For observations 399
seperated in time, the magnitude of the resulting coherence 360
estimate conveys the degree to which scattering 361
observations in the scene have maintained coherence. 362

Over the past couple of decades, researchers have 363
developed various methodologies for producing coherence 364
estimates from PolSAR image sets [1][24][27]. One 365
method is called optimum coherence (OC). Here, the 366
resulting  coherence estimation is maximized by 357
determining the appropriate weighting vectors informed by 30
underlying scattering processes, and provides improved
quality interferograms over what can be produced with just 370
a single-polarization observation [2][9].

The fully-polarimetric coherence estimation can be g;;
computed from the equation:
" 373
5 W, Q,w, 374
Y opt — - > 9)
VW T,w (W Tw,) 375

T, =<kk!/ >, 376
., 11 ™1 N 377
T,, =<k,k; >, , and the w, vectors are complex-valued 37g

where Q, =<kkl >,

weighting vectors. The weighting vectors create the 379
maximum indicated coherence that the observations can 380
support. These weighting vectors utilize the same bases as 381
the input Pauli feature vectors, and hence corresponding to 382
equivalent scattering mechanism definitions. 383

To estimate the w, vectors, equation (9) is recast as the 384

following unconstrained Lagrangian maximization 385

problem: 386
L(wl,w2)=leﬂlzw2+,ul(leT”wl—Cl)+ 387
(w? ) (10) 388
+ 1 \Wy Tyw, =G, 389
where the objective is to maximize the first term, subject to 90

the constraints given in the next two terms. 3
Computing gradients, with respect to the weighting 391
vectors, gives the following coupled eigenvalue problem: 392
= uu 393

V=M, (11)

» o 394
T, Q,T,Q,w, =vw, (12) 395
T, Q0T 'Q,w, =vw,, (13) 39
where the vectors w, and w, are the eigenvectors of 397
T,'Q,T,)Q and T,Q[T,'Q,,, respectively. Since the ggg

matrices have dimension 3x3, there are a total of three
ordered eigenvalues (0<|v, [<|v, |<lv,[€1), and two
corresponding sets of 3x1 eigenvector triplets:
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({wuwuwm} and {wuwzwzwu}). Through algebraic

operations, it can be shown that the maximum supported
observation coherence estimation magnitude can be

calculated via | 7, [= /| | -

These weighting vectors not only get us the OC maps,
but in fact they contain information that enables
categorization of underlying mechanisms for observed
variations in temporal coherence.

3.4. Change detection feature vector

The change discrimination feature vector uses the
H/A/a decomposition parameters, as well as the optimum
coherence values and the steering vectors from the OC
algorithm [25]. Here, H, A, « values can be produced for
each of the six weighting vectors and the two original image
sets. The H/A/a parameters can be stacked into a three-
element vector as follows,

A’ =[H 4 «] (14)
where X represents the data processed through the H/A/«
decomposition ( ie. k;, w , etc.). A 29-dimensional

feature vector can be formed by vertically concatenating the
H/A/a vectors computed from the original image sets and
the weighting vectors from the OC algorithm, along with
the optimum coherence values and the two square-root span
values computed from the two image sets. To be explicit,
the feature vector has the form,

T _ T T T T T T T T T

d = |-dk1 dkz d“’1,1 d“’l,z d“’1,3 d“’z,l d“’z,z d“’2,3 e“‘l (15)

where

ey = Fon] [Foa [Foma 1% LN, 1) (16)

Figure 5 illustrates the processing steps to form the 29-
dimensional feature vectors.

H/A/o
Image Set 1 H/A/ Parameters
[51] Decomp (i
Co-Register S1
Image Sets TAs
Image Sct 2 l H/A/ Parameters
[5 2] Decomp a
Spany S2
Span, H/A/o
H/A/a B Parefnclcri
Optimum Coherence [ Decomp % dl . dl 2 dl 3
Steering Vectors a ! a ’ d g
W11, W12, Wy 3 2,10 02,2, 02,3

W21, W22, Wz 3 —’l [Yope.i]: [Yope.2)s [Yopes] |

Figure 5. Illustration of the processing steps required to form
the 29-dimensional feature vectors used for change
discrimination

4. Hyperparameter-free open-set classifier

There are two main components to the change
discrimination framework: 1) determining a prototype
feature vector for a given type of change, and 2) a distance
metric that can discriminate between the prototype and

#****

feature vectors. We use a data driven approach and derive 450
the prototype feature vectors from hand annotated training 451
data derived from observations of change types of interest. 452

The behavior of the discriminating function can be 453

stated as: 454
y, if||ld=d,|<e 455

= f(d,d,)= 1
}/Chanch f( 0) {1, othe ise, ( 7) 456

where y is a selected coherence map and d, is a feature 497

vector prototype that defines a particular type of change and 459
|| -]|< & is some measure of “closeness” to the feature vector 460
d. This is known as a goodness-of-fit classifier or an open- 461
set classifer (for more details see next section). We also use 462
a hyperparameter free classifier. This prevents overtraining, 443
because the designer has no parameters to “tweak” in order 454

to improve the classifier performance. 465
. 466
4.1. Open-set classifier 467

One can view a feature vector as a point in R” where D is 468
the dimension of the signature in the feature space. Figure 469
6 shows an example of a 2D features space (x;, x,). The red 470
circles represent signatures from class 1 and the green 471
triangles represent signatures from class 2. The blue squares 472
are the unknown class. Figure 6a shows a linear decision 473
boundary for the discriminator, but similar problems occur 474
with nonlinear ones. This linear decision boundary 475
separates the two classes and performs great if we are in a 476
constrained environment with a closed set of classes [21]. 477
But if there is an unknown class like the blue squares then 47g
the classifier will make errors and assign it to class 1 or 2.

The solution is to use what was called one-class [7] [12][13] 4
or goodness-of-fit [5] classifiers before around 2010, but
now are referred to as open set classifiers [21]. These 482
classifiers have closed decision boundary and allow the 483
classifier to reject the unknown class as shown in Figure 6b. y
To handle multiple classes an open set classifier is designed 32 5

for each class.
o m 486

e [ 487

A 488
489
490
491
492
493
494
495
496

4.2. Feature quantization 497
498

In this paper, we use feature quantization for creating a
compressed feature vector and giving a hyperparameter-
free classifier. Here, we create a feature vector that captures
the essential information and clusters similar classes with

(a) (b)
Figure 6. Classifier examples. (a) Closed set. (b) Open set.
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high probability, but still discriminates between the various
classes. Let d; and d; represent components of the feature
vector d in equation (15). Let y represent the compressed
feature vector with components y,. Then

2 ifd >d, fori> i 18
= , fori>j.
i 1 otherwise o= (18)

Even though y has 406 components the components are
binary so that 32 components can be packed into a small
number of 32 bit words. Figure 7 shows an example of a
quantized feature vector where yellow represents a 2 and
blue represents a 1. Only the upper half of the comparison
matrix is shown, since both halves are redundant.

5 10 15 20 25

Figure 7. Quantized feature vector where yellow represents a 2
and blue represents a 1.

We use t-distributed stochastic neighbor embedding (t-
SNE) [10] to visualize the raw and quantized feature space.
The t-SNE approach is an unsupervised algorithm for
dimensionality reduction and for visualizing high-
dimensional data on a 2 or 3-dimensional manifold. It
works by embedding the high-dimensional points in a low
dimension such that the similarities between points are
respected. Here, nearby points in the high-dimensional
space correspond to nearby embedded low-dimensional
points and distant points in high-dimensional space
correspond to distant embedded low-dimensional points.
Figure 8a shows the t-SNE results for the raw feature vector
with the points color coded by class. Figure 8b shows the t-
SNE plot for the quantized feature space. Both plots show
similar separation and groupings of the classes, so we
conclude that we do not lose very much information in
going to the quantized representation.

4.3. Multinomial pattern matching

An ideal open-set classifier for a quantized feature
vector is multinomial pattern matching (MPM) [22][6]. The
MPM test statistic uses a multinomial indexing transform
I''R-1, 1={12,...,0}, that maps the feature vector into
a discrete index representing group membership. In our
case O=2 and uses (18) for the mapping I', but the

following mathematics applies for any Q > 2.

#****
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Figure 8. The t-SNE visualization of the feature space. (a) Raw 558
feature vector. (b) Quantized feature vector. 559
Using the training data from each class, we estimate a 560
class prototype (d,in equation (17)) of the quantile 562

probabilities Isbq. Here, the probabilities Isbq represent the 563

observed proportion of changed detection training 564
signatures for which quantized feature component b in the 565
class signature maps to quantile g. Thus, the template M, 566

is a BxQ matrix of quantile probabilities Isbq. Equation 367

568

(19) gives the MPM test statistic for quantized feature ggq
vector component y, : 570
Bi(1-P . ) - 571

Zpu = 32 : (19) 572

= o, 573

Here, the quantities Ek and V represent the estimated 574
575

expected value and variance of the quadratic penalty
(l—é{’r( m)z ,and C accounts for the correlations between 577

feature vector components. Low Z,,, scores are 578

consistent with a good match to the class. Using the central 579
limit theorem [15], as the number of components in the 580
quantized feature vector y increases, we can show that 581
Z,py approximates a normal distribution with zero mean 582
and unit variance ( N(0,1) ) conditioned on the target data. 583

The estimates of the mean and variance of the quadratic

. 585

penalty (1 —qu)z are: 586

P = A g 587

Eg=2 B, (1-B) (20) 588

=0 589

and 590
0-1

v =SB (1-B, ) - £ 591

k & ( kq) k (21) 592

Here, INJ,,q estimates the quadratic penalty probabilities for 232

component b and quantile ¢g. To compute IN’,,q, we use a 595

Bayes estimator of the form [20]: 53(73
D D 5
qu = apl(y)q +(l_a)qu (22) 598

where 0<a <1 represents a weight, Iqu represents the 599

maximum likelihood estimation of the probability p,, , and
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0 ... . .
Py, tepresents a-priori information about p,, and satisfies

the properties of a probability. The Bayes estimator
prevents the case of estimating a zero probability for a
specific feature component b and quantile ¢ . For the

multinomial distribution, the Dirichlet distribution is the
conjugate prior [26]. Using a symmetric Dirichlet prior
gives p, =1/0, and a=Quv/(n+Quv) [20], where n
represents the number of training signatures and v is a
single user specified parameter for the Dirichlet

distribution. Thus, the Bayes estimation equation (22) for
the quantile probabilities becomes [20][22][6]:

B, =(+nb,)/(n+0v). (23)
As n—> o, the Bayes estimate INJ,,q approaches the

maximum likelihood estimate Iqu . We estimate 13,,q and v

using the training data and a leave-one-out (LOO)
estimation technique. The v parameter is selected to give

the LOO Z,,,, scores a zero mean. With an automated

approach for selecting v we have a hyperparameter free
classifier.

5. Data selection

In this paper, a data driven approach is taken to estimate
the change-discrimination functions for three different
types of change by selecting training feature vectors, for
each change type, from homogeneous regions within a
variety of image sets.

Both training and test feature vectors were collected for
different change-types from a variety of coherent, fully-
polarimetric image sets; the training data were collected
from nine different image sets and the test data were
collected from six different image sets, separate from the
training image sets. Within each image set, training and test
feature vectors were collected for three different change
types: tree (Tree), low-return (Low), and ground (Grnd).

6. Results

In this section, we show performance results of the training
and testing data using receiver operating characteristic
(ROC) curves, confusion matrices and then a CCD image
color coded by the detected classes. We also show how
creating an enhanced image improves track segmentation.

6.1. ROC curves and confusion matrices

Figure 9 shows the receiver operating characteristic (ROC)
curves for the training and testing data. Here we plot the
probability of false alarm (PFA) vs. probability of detection
(PD). Each point on the ROC is determined by a threshold
T on the score Zypy. If Zypy < T then we decide that the
pixel belongs to the class of the associated MPM classifier.

#****

If Zypy > T then we decide the pixel does not belong to 650

that class. 651
1 = T ] 652
F( ool | o fel | 653
654

oe 08 655
£ 656
0.4 . 657
0.2 {02 658
659

% 02 o4 oA 06 08 1 % 02 04 PFA05 08 1660
(a) (b) 661

Figure 9. ROCs. (a) Training data. (b) Test data. ggg

Table 1 and Table 2 show the confusion matrices for all 664
MPM classifiers working together for the training and test 665
data, respectively. The thresholds were selected to give 666
90% PD for the classifiers working independently. If 667
multiple MPM classifiers have a score less than t then we 668
assign the pixel to the class with the lowest MPM score. If 69
all MPM classifiers have a score greater than T then we g7()
assign the pixel to an unknown change class. The rows of ¢74
the confusion give actual change types and the columns 79
give the change types declared by MPM. Again, if none of 74
the classifier outputs surpass the threshold then the 674
unknown class is decided (last column). From the confusion

results one can see that Grnd classifier has difficulty 676
distinguishing ground from trees. This is illustrated more in

the test confusion matrix. Since the classifier is 6%
hyperparameter free we know that this is an inherent 6

anomaly in the data and not in the parameter selection for 679

the classifier. 80

681

Table 1. Confusion matrix for training data 682

Grnd | Low | Tree | UNK 222

Grnd | 93% | 0% | 6% 1% 635

Low 0% | 97% | 0% 3% 686

Tree 2% 0% | 96% | 3% 687

688

Table 2. Confusion matrix for test data 689

Grnd | Low | Tree | UNK 690

Grnd | 74% | 0% | 17% | 9% gg;

Low 0% | 96% | 0% 4% 693

Tree 0% 0% | 99% 1% 694

o 695

6.2. Confusion image 696

Figure 10 shows the CCD image created from two 697
polarmetric images taken at different times. The values in 698
the CCD image range from 0 to 1 where 0 indicates low 699
coherence and 1 indicates high coherence. One can see a lot
of false change due to the trees and shadow. From the OC
and H/A/o decomposition of it’s parent images we can
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create at feature vector (15). This vector is then quantized
(18) and then processed by the three MPM classifiers, one
classifer for each class of interest. The output of the three
MPM classifiers can be compared across classes to make
decisions about what type of change is contained within a
pixel. Furthermore, only the pixels that have a low-
coherence value are evaluated. We consider a low-
coherence value to be |y| <0.7. For a given pixel with low-
coherence, the change type is declared by the minimum of
the classifiers except when all the outputs are greater than
the decision threshold, then the unknown class is declared.
Figure 11 illustrates the confusion image. The gray/white
regions in the Figure are the no change CCD values for
ly| =0.7, the red, green, and blue regions represent the
classes: Grnd, Tree, and Low classes respectively. The
unknown class is given by the cyan color.

Figure 10. CCD image. Darker values ind
return.

W85

te chaﬁg rno

Note the transition regions between the trees and the
radar shadows they cast. The MPM model declares much of
these transition regions as unknown.

6.3. Enhanced Image

Figure 12a shows an CCD image from two polarimetric
pairs. Figure 12b shows an enhanced CCD image where the
non-ground class is replaced by the value of one indicating
no ground change. Figure 13a shows the result of running
the CNN automatic track segmentation algorithm [17] on
the raw CCD image. One can see that the tracks are
automatically detected, but a couple of doppler smears are
label as track. Figure 13b shows the result of running the
CNN on the enhanced imager where only the track is now
detected.
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Figure 11. CCD image in Figure 10 color coded by change type
detected by MPM. The classes are Tree (green), Low (blue) and
Grnd (red). If the largest selected value is greater than the
associated change-type threshold, then it is labeled as unknown

(UNK) and is colored cyan. No change is shown as grayscale.
!
.%;; 4 {
;,»’»'!; E : o
o | el
7, F
I { LR } £
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Figure 12. Changes images (a) CCD image from two
polarimetric pairs. (b) Enhanced image where the non-ground
change classes are set to a value of one.

Figure 14 shows a more difficult example where the
CNN track segmentation algorithm processes the CCD
image in Figure 10. The algorithm gets parts of the track
in the lower right, but misses a lot of the track due to
foliage and shadows. Also there are false positives due
to separations between the fields.

Figure 15 shows an enhanced changed detection
image. The enhanced image clearly highlights the track in
the lower right, but also enhances the field of over turned

algorithm gives the result in Figure 16. The segmentor gets
the entire track in lower right, but finds false positives in
the field of over turned earth. Clearly, we can reduce the
false positives by eliminating short tracks or using the
initial segmented track image (Figure 15) as a seed for

788
789
790
791
earth. Running this through the CNN track segmentor 792

793
794
795
796
797

reducing tracks in Figure 16. Another option is to retrain the 798

CNN to work with enhanced images and not raw change
detection images.

799
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