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Segmentation by Classification for Through-the-Wall
Radar Imaging Using Polarization Signatures
Ahmed A. Mostafa, Student Member, IEEE, Christian Debes, Member, IEEE, and Abdelhak M. Zoubir, Fellow, IEEE

Abstract—A scheme for target detection using segmentation by classification is proposed. The scheme is applied to
through-the-wall microwave images obtained using frequencydomain back-projection in a wideband radar. We consider stationary targets where Doppler and change-detection-based techniques
are inapplicable. The proposed scheme uses features from polarimetric images to segment and classify the image observations into
target, clutter, and noise segments. We map target polarization
signatures from copolarized and cross-polarized target returns
to a pixel-by-pixel feature space, then oversegment the image to
homogeneous regions called superpixels depending on this feature
space. The features of each superpixel are used subsequently to
group homogeneous superpixels into clusters. The clusters are
then classified using decision trees. Real data collected using an indoor radar imaging scanner are used for performance validation.
Index Terms—Classification, decision trees, polarimetric, radar
imaging, segmentation, superpixels, through-the-wall.

I. I NTRODUCTION

T

HROUGH-the-wall radar imaging (TWRI) is an evolving
technology that gained much attention in the last decade
[1]–[4]. It allows to sense through visually opaque building
material and man-made structures using electromagnetic wave
propagation which has numerous applications in civil engineering, search and rescue operations, cultural heritage diagnostics,
law enforcement, and military applications [1], [2], [5], [6].
TWRI is faced with many challenges, including detection and
classification of a large variety of possible indoor targets in
the presence of multipath and unwanted wall signal attenuation
and dispersive effects [6]–[9]. In addition, when considering
stationary targets, Doppler signatures and change detection
techniques become ineffective, and one has to perform detection and classification in the image domain, as a postprocessing
step to beamforming.
The radar images of stationary targets obtained through a
wall are subject to strong artifacts, which could visually appear
as targets in intensity and spatial concentration. Human interac-
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tive systems do not work in such environments. To avoid false
alarms, robust computer-based systems are sought for.
Modeling and imaging of fixed targets behind walls and
inside enclosed structures have been an active area of research
[10]–[14]. Research on TWRI target detection has been developed in two domains, the data domain and the image domain. Data-domain target detection involves waveform design
to improve target detection using matched illumination with
partial or full prior knowledge of the target radar cross section
(RCS) over angle and frequency [15]–[18], which works well
under specific assumptions about the targets and propagation
environments. With multiple targets and unknown target orientation, it becomes less effective. Image-domain-based target
detection [5], [19]–[22] handles multiple targets with no prior
assumptions on the target RCS, but it faces the challenge of
operating with limited bandwidth and insufficient physical or
synthesized array aperture, thus disallowing high-resolutionbased target analysis and classification. Detection in the image
domain has been proposed using centralized [5] as well as
decentralized [23] approaches. The common aim within both
approaches is to deduce a single binary 3-D reference image
from a set of 3-D TWRI images, to decide the presence or
absence of targets. However, all these approaches make use
of single polarization data, while multipolarization data can
capture different aspects of a target and are thus promising to
improve the overall detection result [24], [25].
Existing work in polarimetric imaging for TWRI applications includes [26]–[29]. In [26], polarization signatures were
used to detect a rifle in TWRI images using the cross- to
copolarization return ratio. In [27], the authors consider polarization difference imaging that shows improved enhancement
in terms of image quality. In [28], a multiplicative combination
technique of co- and cross-polarized time-difference images
is considered to reduce the effect of ghost targets that appear
in TWRI images due to multipath propagation. As such, the
image quality is strongly improved which facilitates target
detection. In [29], the authors utilize multipolarization images
for TWRI to improve the performance of the adaptive target detection techniques proposed in [5], [19], and [30]. The
technique improves detection by utilizing polarization diversity
and accounting for changing image intensity distributions as a
function of transmitter-receiver co- and cross-polarizations.
The contribution in this paper is a framework for target
detection using segmentation by classification, including exploitation of target polarization signatures. Each B-Scan of the
3-D TWRI image is oversegmented to homogeneous regions
without restriction on the shape of the region or the number
of regions. These regions are then clustered together using
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Fig. 1. General steps of segmentation by classification.

agglomerative clustering to form three clusters. The resulting
clustered or superpixels data set is divided into a training set and
a testing set. The training set is used to build a classifier using
a random forests algorithm [31], which is then tested using the
testing data set. A diagram summarizing the general steps of the
proposed algorithm is shown in Fig. 1.
In Section II, the wideband delay-and-sum beamforming
(DSBF) used to generate radar images through walls is reviewed. Section III discusses the use of polarization signatures
in TWRI in the image domain. Section IV details the use
of polarization signatures to oversegment B-Scan images into
homogeneous regions. Section V presents the use of clustering
to group similar segments in clusters, whereas Section VI
discusses the use of decision trees for classification of these
clusters into target, clutter, and noise clusters. Section VII
presents experimental results, and we draw conclusions in
Section VIII. All real data examples included in this paper
are obtained from TWRI measurements collected at the Radar
Imaging Lab at Villanova University, Villanova, PA, USA.
II. I MAGE F ORMATION
In this section, the DSBF [11], [13] used to generate radar
images through walls is reviewed. We note that, for TWRI
applications and data examples treated in this paper, we assume
perfect knowledge or correctly estimated values of the wall
parameters. Estimation techniques of the wall thickness and dielectric constant can be found in [3], [4] and references therein.
A. Wideband Delay and Sum Beamformer
We hereby follow the same scheme as in [11]. In the sequel,
we consider a uniform 1-D array of N transceivers using
a wideband pulse. A wideband pulse is approximated using
a stepped frequency approach. The advantages of the stepfrequency-based imaging are multifold [11]. Stepped frequency
implies the use of M monochromatic signals with regularly
spaced frequencies that cover the desired bandwidth. Assuming
that the scene of interest can be described by P discrete targets
with reflectivities σp , p = 0, . . . , P − 1, the received signal,
which is a function of sensor element n, n = 0, . . . , N − 1 and
frequency m, m = 0, . . . , M − 1, can be written as
y[m, n] =

P
−1
!

σp wm e−j2πfm τpn

(1)

p=0

where fm denotes the mth step frequency, τpn is the round trip
delay between the pth target and the nth receiver and wm are
weighting factors. A derivation can be found in [11]. Assuming
the region of interest to be identified by Q = Nx · Ny grid

Fig. 2. Sample beamformed images using DSBF beamforming. (a) One
target. (b) Two targets.

points, where Nx is the number of points in crossrange and Ny
is the number of points in downrange, one can steer the beam
at every pixel q with q = 0, . . . , Q − 1 and the complex valued
image (B-Scan) can be obtained by [11]
I(q) =

N −1 M −1
1 ! !
y[m, n]ej2πfm τqn
M N n=0 m=0

(2)

where τqn is the delay compensation for the nth receiver,
steering the beam at position q. The resulting B-Scan images
(2-D cuts through the 3-D volume) at the height of the target
center are shown in Fig. 2.
III. P OLARIZATION S IGNATURES S ETS
Polarimetric SAR images carry more information about the
imaged scene than the usual single polarized channel images
[32]–[34]. Many attempts to find or use optimal combination
of the information available from the different polarimetric
channels have been made, including [35]–[41].
Let Xs denote the polarimetric vector of the complex measurements at pixel site s. The full polarimetric vector of the
complex measurements for a reciprocal medium has three
unique elements and is usually defined as [40]
Xs = [SHH SHV SVV ]T

(3)

where SHV is the complex amplitude of the H-(horizontal) polarized return given that the transmitted signal is V -(vertically)
polarized. For a homogeneous region, the fully polarimetric
target properties for uniform distributed scatterers can be described by the polarimetric covariance matrix [41]
#
"
Xs
Cl = X ∗T
s


∗
∗
∗
E (SHH SHH
) E (SHH SHV
) E (SHH SVV
)
∗
∗
∗
= E (SHV SHH
) E (SHV SHV
) E (SHV SVV
)  (4)
∗
∗
∗
E (SHH SVV ) E (SVV SHV ) E (SVV SVV )

where E(·) is the expected value and ∗ defines the complex
conjugate operation. Hence, a possible mode of unsupervised
selection of the classes of polarimetric backscatter is to perform
clustering on a feature vector that comprises the parameters,
composing the matrix Cl [42] or derived from them. For
practical implementation, the expected value E(·) is replaced
by the sample mean. In this section, we will discuss some of
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the polarization signatures or features used in the literature and
considered in our algorithms.
(a) Thresholded intensity features: The absolute value of
each complex component is thresholded using the automatic level thresholding algorithm [43] so that we have
three features in the thresholded intensity feature vector
T = [THH THV TVV ]T .

(5)

(b) Normalized phase difference: It is the phase difference
between any two complex polarized components [33]
(
)
Ψ = arg Si Sj∗ .
(6)

Usually, the components considered are the two copolarized components HH and VV.
(c) Normalized intensity ratio: It is the intensity ratio between any two complex polarized components [33]. We
define the vector
*
+T
|SHH |2 |SHH |2 |SHV |2
IR =
.
(7)
|SVV |2 |SHV |2 |SVV |2

We will refer to these features as IRHHV V , IRHHHV ,
and IRV V HV , respectively.
(d) Odd and even bounce: In [44], the authors used different
features to discriminate targets from clutter in SAR
images. One of the features the authors used are the odd
and even energy return features
|SHH + SVV |2
2
|SHH − SVV |2
+ 2|SHV |2 .
=
2

Eodd =
Eeven

(8)
(9)

The odd-bounce channel corresponds to the radar return
from a flat plate or a trihedral; the even-bounce channel
corresponds to the radar return from a dihedral. The usefulness of these polarimetric features resides in the fact
that a few dihedral structures exist in natural clutter, but
these structures are sufficient to describe most man-made
targets. Natural clutter tends to exhibit more odd bounce
reflected energy than even-bounce reflected energy [44].
(e) Real part and imaginary part of normalized product:
in [41], many representations for the covariance matrix
that characterize fully polarimetric data are introduced.
These include features that mainly consist of intensities,
phase differences, normalized or averaged products, and
the real and imaginary parts of the averaged product of
different polarizations


∗
Re [#SHH SVV
$]
∗
$] 
 Im [#SHH SVV


∗
 Re [#SHH SHV $] 
(10)
APRI = 

∗
$] 
 Im [#SHH SHV


∗
$]
Re [#SHV SVV
∗
$]
Im [#SHV SVV
where the #·$ denotes the average over a local set of target
samples. We will refer to these features as ReHHV V ∗ ,
ImHHV V ∗ , ReHHHV ∗ , ImHHHV ∗ , ReHV V V ∗ and
ImHV V V ∗ , respectively.
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(f) Logarithmic features: in [42], the logarithm of the intensities, product magnitude, and phase difference of different polarizations is suggested as characterizing features
("
#) 

10 log10 ("|SHH |2#)

 10 log10 |SVV |2


 10 log ("|SHV |2 #) 
10
(11)
IPlog = 
.
 10 log (|#SHH S ∗ $|) 
10
VV


arg (SHH S ∗ )
10 log(10)VV

The first three coefficients represent the backscatter cross
sections of the surface element in dB at three different
linear polarizations. The fourth component measures the
magnitude of the HH-VV correlation function, and the
fifth one is proportional to the HH-VV phase difference.
We will refer to these features as logHH , logHV , logV V ,
logHHV V ∗ , and logP HHV V ∗ , respectively. The advantages of operating in the log domain instead of the linear
domain are twofold. First, in the log domain, image
speckle has the statistical characteristics of additive noise
with a power level not varying much across the image,
therefore rendering clustering robust to the presence of
image speckle. Second, the cross-polarized terms (i.e.,
HV) are often several orders of magnitude smaller than
the copolarized terms (i.e., HH or VV), which requires
arbitrary weighting of the different channels. In the log
domain, the difference between the copolarized and the
cross-polarized terms is measured in dB and hence, is
independent of the difference in absolute magnitude between each channel. Weighting of the different channels
is thus not necessary [42].
The proposed feature vector at each pixel q will contain the
thresholded intensity features, logarithmic features, intensity
ratio, real and imaginary parts of the averaged products, and
the odd and even bounce returns as follows:
Fq = [T IPlog IR APRI Eodd Eeven ]T

(12)

which contains 19 features in total. Table I lists the features
in brief.
IV. S EGMENTATION AND S UPERPIXELS
All existing image-domain target detection algorithms in
TWRI use pixel-grid as the underlying representation, cf. [5],
[19]–[22]. However, the pixel-grid is not a natural representation of visual scenes. It is rather an “artifact” of a digital
imaging process. It would be more natural, and more efficient,
to work with perceptually meaningful entities, obtained from
a low-level grouping process [45], [46]. For that, we apply
over-segmentation to segment the image into regions with
homogeneous characteristics.
In this section, we present a preprocessing stage to group pixels into homogeneous regions called “superpixels.” To create
the superpixels for our TWRI B-Scans, we used the quick shift
algorithm [47] for segmentation. Unlike other superpixelization
schemes, such as the ones based on normalized cuts [45], quick
shift produces superpixels that are not fixed in approximate
size or number. A complex image with many fine scale image
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TABLE I
F EATURES , T HEIR C ORRESPONDING N UMBER , AND THE A BBREVIATIONS TO BE U SED IN THE R EMAINDER OF THE PAPER

Fig. 4. Typical results for quick shift segmentation of the images from Fig. 2.
(a) One target. (b) Two targets.
Fig. 3. Tree forming illustration using quick shift. The black dots represent
(some of) the data points, and the intensity of the image is proportional to the
Parzen density estimate E(q) from (13). Redrawn from [47].

structures may have many more superpixels than a simple one,
and there is no parameter which puts a penalty on the boundary, leading to superpixels which are quite varied in size and
shape [48].
From (2) of Section II, we can get the complex B-Scan
image I for each height. Combining the different B-Scans for
all heights will give a 3-D image for the whole scene. Each pixel
has an associated vector of features as described in Section III,
then the feature vector associated with each pixel as in (12) can
be identified as Fq (d) where d = 0, . . . , D − 1 and D is the
number of features.
Quick shift is a mode seeking algorithm which links each
pixel to its nearest neighbor which has an increase in the
estimate of the density. These links form a tree where the
root of the tree is the pixel, which corresponds to the highest
mode in the image [47]. Fig. 3 shows a simple illustration of
how quick shift forms the tree. Quick shift regards each pixel
q, q = 0, . . . , Q − 1, as a sample from a D + 2 dimensional
vector space. It then calculates the Parzen density estimate
(with a Gaussian kernel of standard deviation σ) [49]
E(q) = P (xq , yq , Fq )
J−1
!
1
=
D+2
(2πσ)
j=0



T 

xq − xj
xq − xj

 1
× exp − 2  yq − yj   yq − yj 
2σ
Fq − Fj
Fq − Fj

(13)

where j = 0, 1, . . . , J − 1 denotes the neighboring pixel j, J
is the number of neighboring pixels, x and y are the physical

coordinates of the pixel. Then, quick shift constructs a tree
of pixels, connecting each image pixel to its nearest neighbor
which has a greater density value. Formally, E(j) > E(q) if,
and only if [49]
P (xj , yj , Fj ) > P (xq , yq , Fq ).

(14)

Each pixel (xq , yq ) is connected to the closest higher density
pixel parent(x&q , yq& ) that achieves the minimum distance in
2
3
dist(q) = min (xq −xj )2 +(yq −yj )2 +'Fq −Fj '22 . (15)
P (j)>P (q)

The algorithm connects all the points into a single tree. Modes
are then recovered by breaking the branches of the tree that
are longer than a threshold τ . We used the quick shift implementation in the library VLFeat [49]. A typical segmentation
result using quick shift applied to B-Scans of one and two target
scenes using the feature set described on Section III is shown
in Fig. 4.
V. C LUSTERING
The aim is to cluster the superpixels resulting from the
previous stage to a maximum of three clusters for each BScan, corresponding to targets, clutter, and noise. We note that
clustering is an optional step and may not be used if the number
of superpixels is low. In this case, the superpixels can be used
directly for training and testing of the classifier presented in
the next section. To achieve this, we first calculate a single
feature vector for each superpixel based on the features of
all underlying pixels contained in a superpixel. We take the
median for each feature throughout all pixels that belong to this
superpixel to be the new value of this feature for this superpixel.
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Fig. 5. Typical dendrogram to visualize clustering for a two target B-Scan.
Different colors represent different clusters. The horizontal dashed line illustrates where to cut to get three clusters.

If ξs is the set of pixels belonging to super pixel s, then the new
value for the feature d in the superpixel feature vector F Ss
FSs (d) = F̃q∈ξs (d)

(16)

where s is the superpixel index, s = 0, . . . , S − 1, S is the
number of superpixels, q ∈ ξs denotes the group of pixels that
belong to superpixel s, and d = 0, 1, . . . , D − 1 is the feature
index.
We use hierarchical agglomerative clustering [50], [51] to
group the superpixels into clusters, using the Euclidean distance to calculate the distances between the superpixels, i.e.,
the distance between two feature vectors FS1 and FS2 is
given by
4!
(FS1 (d) − FS2 (d))2 .
(17)
'FS1 − FS2 '2 =
d

Subsequently, a linkage function is used to group the superpixels hierarchically into clusters, a single linkage [50], [51] (also
known as nearest neighbor or shortest distance) method is used
to calculate the distance matrix between elements according to
the minimum distance. The result of linkage can be represented
visually as a dendrogram, the numbers along the horizontal
axis represent the indices of the superpixels. The links between
superpixels are represented as upside-down U-shaped lines. The
height of U indicates the distance between the superpixels. A
typical dendrogram result from clustering the two target image
from Fig. 4 is shown in Fig. 5.
VI. C LASSIFICATION W ITH R ANDOM F ORESTS
In this section, we propose a sequential classification scheme
using random forests ensemble trees classifier [31]. Previous work regarding stationary target classification for TWRI
includes [52], [53] where a minimum Mahalanobis distance
classifier is used to classify targets using 3-D statistical models.
Further, in [20], iterative conditional modes (ICM) segmentation was considered to divide the TWRI image into target and
noise, then nearest-neighbor classifier and support vector machines were used for further classification using superquadrics
features.
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Decision trees are one of the most popular classification
algorithms used in data mining and machine learning to create knowledge structures that guide the decision-making process [54]–[56]. Thus, they have the ability to handle highdimensional data well and to ignore irrelevant features [57].
These are desirable properties for the problem at hand.
In our classification problem, we are given data on a set of
N superpixels for training, χ = (FS1 , O1 ), . . . , (FSN , ON ),
where FSn is a vector of descriptors and On is the corresponding n class label. Our goal is to find a model for predicting the
values of O from new FS values. Classification tree methods
yield rectangular sets Aj such that the predicted value of O
is j if FS belongs to Aj for j = 1, 2, . . . , J where J is the
number of disjoint sets. By recursively partitioning the data set
one FS variable at a time, the splits resulting from using each
of the predictors are examined. The best split that maximizes
homogeneity for both its parts is chosen. Then, this procedure
is repeated until there are no more possible splits or a stopping
criterion is met. Deciding which is the “best” split is still an
active research area, the most used method is the classification
and regression trees [54] which measures the impurities at each
split using the Gini [58] impurity algorithm. Let tp be a parent
node, tl , tr the left and right child nodes, respectively, χ a data
set with D descriptors, N the number of observations, and K
the number of classes. At each split, we have FSR
d which is
the best threshold for the descriptor FSd that gives maximum
homogeneity for each part. At the parent node tp , the impurity
is constant for all possible splits, so the change of impurity for
the left and right nodes is calculated as follows [59]:
(18)

∆i(t) = i(tp ) − Pl (tl ) − Pr (tr )

where Pl and Pr are the probabilities of the left and the right
nodes. The objective is to solve for
arg max ∆ [i(t)] = arg max [i(tp )−Pl (tl )−Pr (tr )] .

FSd !FSR
d

FSd !FSR
d

(19)

This means that all possible values of the descriptors will be
searched for the best split FSd ! FSR
d that will maximize the
change of impurity ∆i(t). As mentioned before, the Gini function will be used as impurity function here, which states that
I(t) = 1 −

K
!

p2 (k|t)

(20)

k=1

where k = 1, 2, . . . , K is the class index and p(k|t) is the probabilty of class k given node t. Substituting (20) in (19) gives
5 K
!
arg max ∆ [i(t)] = arg max −
p2 (k|tp )

FSd !FSR
d

FSd !FSR
d

+Pl

K
!

k=1

2

k=1

p (k|tl ) + Pr

K
!

k=1

2

p (k|tr )

6

(21)

which is the problem to be solved at each split throughout
all possible values of tested descriptors. A block diagram
illustrating the process is shown in Fig. 6. A typical decision
tree built on a database of around 200 B-Scans for scenes
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Fig. 6. Decision tree growing process.

Fig. 7. Typical decision tree for one-target scene. Yellow dots are for the noise class. Red is for the clutter class, and green is for the target class.

that contain one target (different types of targets) is shown in
Fig. 7. The major drawback, however, is that decision trees
usually have relatively low prediction accuracy [57]. One of the
best ways to improve the performance of decision tree-based
algorithms is to use ensembles of trees [60] and random forests
are one of the methods to enhance performance [31], [57].
A random forest is an ensemble of trees T0 (FS), . . . ,
TB−1 (FS), where FS is the D-dimensional vector of features
or descriptors associated with a superpixel (or with a cluster if
clustering is used) and B is the number of trees in the ensemble.
The ensemble produces B outputs Ô0 , Ô1 , . . . , ÔB − 1 where
Ôb is the prediction by the bth tree and b = 0, 1, . . . , B − 1.
Outputs of all trees are aggregated to produce one final prediction, Ô which is the class predicted by the majority of
trees. Given data on a set of N superpixels for training, χ =
(FS0 , O0 ), . . . , (FSN −1 , ON −1 ), where FSn is a vector of

descriptors and On is the corresponding class label. Then, the
following steps are implemented for training.
1) From N superpixels as training data, randomly sample,
with replacement (bootstrap [61]), to create B bootstrap
samples (same number of trees).
2) For each bootstrap sample, grow a decision tree using
only α randomly selected features to test for best splitting
at each node (rather than all features). The tree is grown
to the maximum size (until no further splits are possible)
and not pruned back.
A typical block diagram illustrating the training and testing
process using random forest is shown in Fig. 8. Random forests
performs a type of cross-validation in parallel with the training
step by using out-of-bag (OOB) samples [62]. Specifically, in
the process of training, each tree is grown using a bootstrap
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Fig. 8. Random forests training and testing process. (a) Training process. (b) Testing process.

Fig. 9. Block diagram for the multilevel classifier.

sample. Since bootstrapping is sampling with replacement from
the training data, some of the superpixels will not be included,
while others will be repeated on each sample. The superpixel
samples that were not included are called “OOB” samples.
Usually, each tree is grown using two-thirds of the training
data, and one-third is the OOB samples. These OOB samples
can be used to estimate the ensemble prediction performance
and calculating the
by testing the bth tree Tb against χOOB
b
classification error as follows:
2
3
l
7
I ÔOOB (FSi ) *= Oi
(22)
ER ≈ EROOB = i=1
l
where I(·) is an indicator function and l is the number of
samples used [57]. A measure of how each feature contributes
to the prediction accuracy can be calculated in the training
process too. When a feature is “noised up” (e.g., replaced with
random noise), the accuracy of prediction should noticeably
degrade if the feature contributes to the prediction accuracy. On
the other hand, it should have little effect on the performance
if it is irrelevant. In classification, the change in prediction
accuracy is usually a less sensitive measure than the change in

the margin. The margin is the difference between the proportion
of votes for the correct class and the maximum of the proportion
of votes for the incorrect classes. The tendency of the margin to
become smaller (more negative or less positive) when a feature
is “noised up” is what is used to assess the feature importance
in classification [57].
The feature importance is calculated as follows: use the
to make predictions of the bth tree when this tree is
χOOB
b
grown. At the same time, each feature in the χOOB
data is
b
randomly permuted, one at a time, and predicted by the tree. At
the end of the training process, the margins for each class are
calculated based on both the original OOB and the OOB data
with each feature permuted. Then, the measure of importance
for the dth feature is simply β − βd , where β is the average margin based on the OOB prediction and βd is the average margin
based on the OOB prediction with the dth feature permuted.
After calculating the features importance, a new ensemble of
trees is built upon the most contributing features only. This can
be used to build different ensembles according to the classes
needed, for example, an ensemble can be built to discriminate
between target and nontarget superpixels. Another one can be
built to discriminate between metal and nonmetal targets, or
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Fig. 10. Experiment diagram for one-target and two-target scenes. (a) One target, d1 = 21.81 in and d2 = 11.26 in at height = 47.5 in. (b) Two targets,
d2 = 42.26 in, d3 = 4.74 in, h2 = 39 in, and h3 = 47.5 in.
TABLE II
S EGMENTATION BY C LASSIFICATION A LGORITHM S TEPS

between “dihedral, sphere, and trihedral” classes. This may
require additional types of features like shape features for
example, but in this paper, we restrict ourselves to polarimetric
features only. These ensembles could be used sequentially or
in parallel or have mixed architectures. A proposed scheme for
the sequential classifier is shown in Fig. 9. The decisions for
each classifier could be semantically grouped to provide better
understanding about the target. Furthermore, a third level could
be added on the scheme provided on Fig. 9 to deal with the 3-D
image directly, which could make use of geometrical and shape
features to add more information about the targets detected.

VII. E XPERIMENTAL R ESULTS
The imaging system used throughout this paper is a synthetic
aperture radar system [63], where a single horn antenna, in
motion, synthesizes a 57 × 57 element planar array. The
interelement spacing is 0.875 in. The array standoff distance
from the wall is 41.5 in. As described above, a continuous-wave
stepped-frequency signal is used to approximate a wideband
pulse. The experimental setup is shown in Fig. 10, which
involves two experiments. The first experiment involves one
target from the following: metal dihedral, metal sphere, metal
trihedral, and a salt water jug placed at height of 47.5 in. The
second experiment involves two targets in two arrangements,
the first includes two dihedrals, and the second includes a metal
sphere and a salt water jug at two different heights 39 in and
47.5 in. The targets are placed on a high foam column behind a
concrete wall of thickness 5.622 in.

We consider the scenario presented in Section II for evaluation of the proposed techniques. As mentioned, we have four
“one-target” 3-D images and 2 “two-target” 3-D images, each
3-D image is constructed from a set of 57 2-D B-scans. Each of
these images has three different polarization data images, “HH,
HV, and VV,” resulting in 18 different sets. Our experiments are
arranged as follows (a summary is given in Table II).
(a) Prepare the polarimetric data of the images.
(b) Get the polarimetric features or signatures for the images. Each pixel will have a vector of 19 features as
mentioned in Section III.
(c) The feature matrix should be checked for outliers and
scaled so as to avoid unexpected behavior.
(d) Use Quickshift to segment the images based on the
polarimetric features. Each image will be segmented to
regions called superpixels as shown in Fig. 4.
(e) Clean the resulting superpixels by removing superpixels
that contain only one pixel.
(f) For each superpixel, get the median of the feature vectors
of all the superpixels contained on this superpixel. This
will be the new feature vector for this superpixel as
mentioned in Section IV.
(g) Optionally use clustering if the number of the superpixels is large or the number of superpixels that contain
noise and clutter classes is much larger than superpixels
that contain target class as mentioned in Section V. If
clustering is used, then again a median feature vector
should be generated for each cluster based on the superpixels contained on this cluster.
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Fig. 11. Test for the suitable number of random features to be tested at each split. Left is the OOB classification error, and the right is the OOB classification
margin, both versus the number of grown trees. Ensembles are trained on mixed data.

Fig. 12. Test for feature importance for classifying “target,”“clutter,” and “noise” classes, the green and red line are just guide lines for the features with feature
importance more than 0.4 and 0.6, respectively. (a) is for ensemble trained on “one target” data, (b) is for ensemble trained on “two target” data, and (c) is for
ensemble trained on mixed data.

(h) Separate the data to training and testing sets. The training
set is two-thirds, and the testing set is one-third of the data.
(i) Prepare three training data groups. The first uses the “one
target data,” the second the “two target” data, and the
third is a mixed group between one and two target data
and two testing data groups based on “one-target” and
“two-target” data.
(j) Use the training data to train the first ensemble of trees
to classify between noise, clutter, and target classes. Subsequently rebuild the ensemble using the most affecting
features only.
(k) The previous step should be repeated for the three groups
of training data to create three different ensembles.
(l) The last steps are repeated to build two other groups of
ensembles. The first classifies between generic “metal”
and “nonmetal” classes, and the second classifies between the target types “dihedral,” “sphere,” “trihedral,”
and “salt-water jug.”
The first ensemble of 100 trees is trained to classify between
three classes (“noise,” “clutter,” and “target”), with all the
features used. As mentioned before, three different ensembles
depending on the training data (“one target,” “two target,” and
“mixed”) are grown. We first need to choose the number of
features that will be randomly tested for best split at each tree
node. The usual number is the round up of the square root of the
number of features (which in our case is 5). We conducted dif-

Fig. 13. OOB classification error for reduced feature set compared to using
all features.

ferent experiments to choose the optimum number of features
tested for split using the numbers = [1, 3, 5, 7, 9, 11, 13] as candidates. Both the classification error and the mean classification
margin against the number of grown trees have been checked.
The number of features that gave the lowest OOB classification
error and best mean classification margin is used. Fig. 11 shows
the OOB classification error and the mean classification margin
for the three ensembles. The lowest classification error is gained
when using 3, 5, 7, and 13 random features at each split on the
different ensembles, and among these numbers, the number of
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Fig. 14. ROC curve and classification accuracy for a reduced feature set. (a) Standard ROC. (b) Classification accuracy versus “target” return threshold.
TABLE III
P ERFORMANCE M EASURES FOR THE F IRST E NSEMBLE U SING OOB
S AMPLES , C LASSIFYING “TARGET,” “N OISE ,” AND “C LUTTER ” C LASSES

features that resulted in the highest mean classification margin
is chosen for each case. Thus, seven features for the case of
“one target” data and five features for the other two cases
are chosen for testing for best split. To estimate the feature
importance, features are permuted and tested as mentioned
in Section VI. The results are shown in Fig. 12. As can be
seen, the six most important features for the ensemble trained
with “one target” data are [1, 3, 4, 6, 10, 15], which are: the
thresholded intensity for HH (THH ), the thresholded intensity
for VV (TV V ), the logarithmic intensity for HH (logHH ), the
logarithmic intensity for VV (logV V ), and the imaginary part of
the product of HH and HV∗ (ImHHHV ∗ ). The features with an
importance above 0.6 are [1, 4, 6]. A comparison between the
OOB classification error for both the reduced feature sets and
the set with all features is shown in Fig. 13, which shows no
significant degradation in performance for both of the reduced
feature sets. Thus, a feature set of the six most important
features will be used. Table IX lists the most important features
for each case.
Performance curves for the reduced feature set for the ensemble trained on “one-target” data are shown in Fig. 14. The left
curve depicts the false positive rate against the true positive rate.
The curve has 0.9887 as the area under the curve (AUC) and
an optimal operating point at (0.0486,0.9753). The right curve
is the ensemble accuracy versus threshold on the score for the
“target” class. The curve shows a flat region indicating that any
threshold from 0.3 to 0.6 is a reasonable choice. Calculating
the maximum accuracy shows that it is achieved at a threshold
around 0.45. Table III lists the AUC, the optimal operating
point, and the optimal threshold for all cases.
Testing the different ensembles of trees, which was trained
using samples from the “one-target”, “two-target,” and “mixed”
data with both the “one target” data and the “two target” data

TABLE IV
C LASSIFICATION E RRORS FOR THE F IRST E NSEMBLE , C LASSIFYING
“TARGET,” “N OISE ,” AND “C LUTTER ” C LASSES . S EGMENTATION BY
C LASSIFICATION , AND M AHALANOBIS D ISTANCE C LASSIFIER (U SING
ICM AND LSM S EGMENTATION M ETHODS ) A RE C OMPARED

Fig. 15. Parralel co-ordinates plot for the distance between the different
classes using mixed training data.

gives a classification error between 0.04–0.072 for matched
cases, around 0.1 for the mismatched case, and between
0.03–0.043 for the mixed training case. The classification error
for all cases is listed in Table IV in comparison to Mahalanobis
distance classifier (using ICM and levelset (LSM) segmentation
methods) [30].
Fig. 15 demonstrates the distance between the “target,”
“noise,” and “clutter” classes using the most affecting features
for the ensemble trained with mixed data. The three lines for
each class represent the median and quantiles at 0.1 and 0.9 of
the observations. It is clear that the first three features discriminate well between the different classes and the other features
could help tuning after the different tree splits. Repeating
the previous experiments changing the classification objective
as mentioned before, i.e., we first discriminate between the
classes “metal” and “nonmetal” and then between the classes
“dihedral,” “sphere,” “trihedral,” and “salt water jug” shows
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Fig. 16. Test for feature importance for classifying metal targets, the green and red lines are just guide lines for the features with feature importance more than 0.4
and 0.6, respectively. (a) is for ensemble trained on “one-target” data, (b) is for ensemble trained on “two-target” data, and (c) is for ensemble trained on mixed data.
TABLE V
P ERFORMANCE M EASURES FOR THE S ECOND E NSEMBLE U SING
OOB S AMPLES , C LASSIFYING M ETAL TARGET C LASS

TABLE VI
C LASSIFICATION E RROR FOR THE S ECOND E NSEMBLE , C LASSIFYING A
M ETAL TARGET C LASS . S EGMENTATION BY C LASSIFICATION , AND
M AHALANOBIS D ISTANCE C LASSIFIER (U SING ICM AND LSM
S EGMENTATION M ETHODS ) A RE C OMPARED

that the proposed scheme can be used for such a classification
task. Fig. 16 shows the feature importance when classifying for
metal targets. Table V lists the AUC, the optimal operating point
and the optimal threshold for this case. Testing the different
ensembles of trees which was trained using samples from the
“one-target,” “two-target,” and “mixed” data with both the
“one-target” data and the “two-target” data gives a classification
error between 0–0.037 for matched cases, around 0.2 for the
mismatched case, and between 0–0.0556 for the mixed training
case. The classification error for all cases is listed in Table VI in
comparison to Mahalanobis distance classifier (using ICM and
LSM segmentation methods).
It is worth noting that the classification error is much higher
in mismatched cases (where training is based on one-target data
and testing is used with two-target data and vise-versa), which
implies a significant change in the features when other targets
are present.
Fig. 17 shows the feature importance when classifying target
types. Table VII lists the AUC, the optimal operating point, and
the optimal threshold for this case. Testing this case gives a
classification error between 0 and 0.1429 for matched cases,
between 0.3 and 0.94 for mismatched cases, and between 0 and
0.14 for the mixed training case. The classification error for all
cases is listed in Table VIII in comparison to Mahalanobis distance classifier (using ICM and LSM segmentation methods).

Table IX lists the important features regarding each built
ensemble, the most important feature has the symbol “"” and
the features belonging to the six most important features are
marked with “#”.
The features that were generally significant are [1, 4, 6,
8, 9, 12, 13, 19], which represent features from all the main
feature types mentioned in Section III. It is also worth noting
that all of them are derived from HH and VV polarizations
except for feature 19, the even bounce energy. Also, feature
8 (logP HHV V ) which is the logarithmic phase between HH
and VV polarizations is an important feature in mostly all the
trained ensembles. Most important features that affected classifying between “target,” “clutter,” and “noise” classes are [1, 4,
8, 19] and the most important one in this case, which is feature
4, are derived from the HH polarization, like feature 1. For the
metal target classification, the most important features are [6,
8, 12, 13, 15, 17], we see that features 15 (ImHHHV ∗ ) and
17 (ImHV V V ∗ ) are excellent features in this case. They both
involve the HV polarization, and they were not so important
for “target,” “clutter,” and “noise” classification. For the target
types classification, we can see that feature 12 (ReHHV V ∗ ) is
the most important feature for all the trained ensembles on this
case. Fig. 18 shows the final segmentation and classification
result for the first ensemble group that classified between
“target,” “clutter,” and “noise” classes using segmentation by
classification compared to segmentation using ICM and LSM.
The segmented scene contained two metal dihedrals at the same
distance from the platform and at different heights. It can be
seen from the figure that using simple segmentation methods
depending only on pixel intensity was able to get the real
positions of the targets, but it suffered from ghost targets as
in the case of ICM or from large false positive detections as in
the case of LSM. Taking into account that the three algorithms
have the same initial pixel intensity threshold to begin with,
segmentation by classification has better segmentation results
than the other algorithms.
VIII. C ONCLUSION
The problem of target segmentation and classification in the
image domain with application to TWRI has been addressed.
We have overcome the limitations of algorithms based on
a pixel-grid, which is not a natural representation of visual

3436

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 50, NO. 9, SEPTEMBER 2012

Fig. 17. Test for feature importance for classifying target types, the green and red lines are just guide lines for the features with feature importance more than 0.4
and 0.6, respectively. (a) is for ensemble trained on “one target” data, (b) is for ensemble trained on “two target” data, and (c) is for ensemble trained on mixed data.
TABLE VII
P ERFORMANCE M EASURES FOR THE T HIRD E NSEMBLE U SING OOB S AMPLES , C LASSIFYING TARGET T YPES C LASSES

TABLE VIII
C LASSIFICATION E RROR FOR THE T HIRD E NSEMBLE , S EGMENTATION BY C LASSIFICATION , AND M AHALANOBIS
D ISTANCE C LASSIFIER (U SING ICM AND LSM S EGMENTATION M ETHODS ) A RE C OMPARED

TABLE IX
F EATURE I MPORTANCE FOR E ACH B UILT E NSEMBLE
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Fig. 18. Front and top views of final 3-D segmentation of a two target scene containing two dihedrals. (a) Original scene. (b) Segmentation by classification.
(c) ICM. (d) LSM.

scenes. Perceptually meaningful entities, obtained from a lowlevel grouping process, the so-called superpixels are considered in this paper. Further, simple geometrical and statistical
descriptors that have been used as features in the past are
extended to polarimetric descriptors, which make use of the
whole polarimetric information in radar images. A framework
of polarimetric feature extraction, oversegmentation (superpixels), clustering, and classification has been presented. An

expandable sequential classifier based on random forests has
been proposed to discriminate targets from clutter returns and to
provide further information about the discriminated targets. The
experimental results demonstrate the usefulness of the proposed
methods as desired target returns are discriminable from clutter
returns and a further classification about target type and its
nature is provided. The proposed technique proved better performance than techniques that depends only on pixel intensity.
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