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ABSTRACT

Change Detection is the process of detecting changes from pairs of multi-temporal sonar images that are surveyed
approximately from the same location. The problem of change detection and subsequent anomaly feature extrac-
tion is complicated due to several factors such as the presence of random speckle pattern in the images, variability
in the seafloor environmental conditions, and platform instabilities. These complications make the detection and
classification of targets difficult. In this paper, we propose a change detection technique for multi-temporal syn-
thetic aperture sonar (SAS) images, based on independent component analysis (ICA). ICA is a well-established
statistical signal processing technique that aims at decomposing a set of multivariate signals (in our case SAS
images) into a base of statistically independent data-vectors with minimal loss of information content. The goal
of ICA is to linearly transform the data such that the transformed variables are as statistically independent from
each other as possible. The changes in the imaging scene are detected in reduced second or higher order depen-
dencies by ICA and the correlation among the multi-temporal images is removed. Thus removing dependencies
will leave with the change features that will be further analyzed for detection and classification. Test results of
the proposed method on SAS images (snippets) of declared changes from automated change detection (ACD)
process will be presented. These results will illustrate the effectiveness of ICA for reduction of false alarms in
the ACD process.
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1. INTRODUCTION

Change detection using SAS systems is the process of identifying new objects introduced into a scene by observing
a repeat pass survey. It is a valuable method for port and harbor site monitoring, as one is able to observe the
ongoing changes in the environment. Timely and accurate automated change detection of seafloor features in the
ports or harbors provides a better surveillance for security and protection. Image-based end-to-end automated
change detection techniques recently developed by the Naval Surface Warfare Center Panama City Division
(NSWC PCD) discern and present to an operator changes in the seabed from multi-pass SAS imagery. The
ACD process sometimes incorrectly declares anomaly contacts/changes as objects of interest when they are not.
The false detection can be attributed to the relative similarity in appearance between targets of interest and
benign clutter objects in SAS imagery [1] or multiplicative noise such as speckle [2]. Improved image formation
techniques are suggested by [3, 4] to overcome this problem.

This paper presents background and preliminary results of false alarm reduction studies based on component
analysis. In the field of underwater SAS applications, there has been little work done toward separation of image
information from anomalies [2, 5]. Hence, in this paper, we look at the application of the technique developed
in [6, 7] to ACD false alarm reduction. In Section 2, we provide an overview of the automated change detection
process. Then, in Section 3, we detail the process used for data reduction via component analysis. Results of
this process are shown in Section 4. Finally, Section 5 provides conclusions, discussion, and direction for future
research.

Further author information: (Send correspondence to Tesfaye G-Michael)
T. G-Michael: E-mail: tesfaye.g-michael@navy.mil, Telephone: 1 850 235 5295

Detection and Sensing of Mines, Explosive Objects, and Obscured Targets XXII, 
edited by Steven S. Bishop, Jason C. Isaacs, Proc. of SPIE Vol. 10182, 101820K

© 2017 SPIE · CCC code: 0277-786X/17/$18 · doi: 10.1117/12.2262953

Proc. of SPIE Vol. 10182  101820K-1

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 05/09/2017 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx



/Co-
registration

/ Input

Reference 1

Ill Repeat-pass'

(New Data)

Change -map
Detection

FA Reduction
(PCA/ICA)

2. AN OVERVIEW OF AUTOMATED CHANGE DETECTION

Image-based change detection is carried out through the comparison of reference and repeat-pass images that
correspond to the same geographical location, but are collected at different times. The automation of this
task involves four major phases: reference and repeat-pass co-registration, change-map generation, detection of
changes, and false alarm reduction. A block diagram of an end-to-end ACD processing is illustrated in Fig. 1.

The process developed for automated change detection is detailed in [6, 7]. A historical database comprised
of SAS images with their associated geographical locations provides the reference image. Given a specific repeat-
pass image, images from this database that roughly correspond to the same geographical location are retrieved
for use in the subsequent co-registration, change-map generation, detection, and false alarm reduction steps
shown in Fig. 1. The co-registration process is comprised of three stages: navigation coarse alignment, fine-scale,
and sub-pixel co-registration. This is a key step that provides a high precision alignment of images for the ACD
process.

Following the three-stage co-registration step, a change-map generation step follows where tools such as
canonical correlation analysis, coherence estimate for coherent change detection (CCD), and log ratio difference
for incoherent change detection (ICD) are utilized [6]. Next, the output of the change-map generation is passed to
a detector where the changes from the ACD process are displayed to the user. Finally, target feature extraction
and false alarm reduction techniques using component analysis such as PCA/ICA are applied.

3. SAS DATA REDUCTION VIA COMPONENT ANALYSIS

Data reduction in SAS imagery is used as a preprocessing technique to reduce anomalies and perform detection
more effectively. The component analysis (CA) data transform uses statistics as a criterion to decorrelate
and convert data into a set of uncorrelated data components for analysis. Transforms of this type include
two commonly used second-order statistic component transforms: (1) data variance-based principal component
analysis (PCA), a high-order statistics-based CA transforms that involves criteria such as third-order statistics-
based skewness and the fourth-order statistics-based kurtosis, and (2) statistical independence-based independent
component analysis (ICA) that requires an infinite order of statistics. PCA makes use of eigenvalues to determine
the significance of the principal components (PCs) generated by PCA. That is data reduction is accomplished
by selecting PCs in accordance with the magnitudes of their associated eigenvalues. The drawback of PCA is
the use of second-order statistics, which might not capture small changes. However, higher-order statistics-based
component transforms that include third-order statistics-based skewness, fourth-order statistics-based kurtosis,
and statistical independence-based ICA, could be relied upon for data reduction. Recently, works such as [8–11]
show how data reduction or dimensional reduction can be greatly benefited by statistics of higher orders. The

Figure 1: Processing stream of an end-to-end automated change detection process. The process starts with a
reference, comprised of a historical database of previous surveys, and a repeat-pass survey or new data coming
in as input. Next, is the three-stage co-registration process. Following the three-stage co-registration process is
the change map-generation, where either coherent or incoherent change detection tools are used. The final step
is change-map detection, where a detector is used to display the detected changes (contacts) to the user and a
performance assessment of the mission (test) is outputted.
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components are prioritized and ranked by their associated priority score, which is used as a criterion. In the
case of PCA, data variance and the PCs’ score is calculated according to the magnitude of its corresponding
eigenvalues. When we use ICA, the use of component prioritization is not possible. Without any specific criteria
to measure the significance of each of the independent components (ICs), ICA cannot prioritize its generated ICs.
For instance, FastICA, a commonly used implementation of ICA, uses randomly generated projection vectors to
initialize ICA algorithms [12].

As a result, ICs generated earlier are not necessarily more significant than those generated later. Therefore,
in order for ICA to be used for data reduction, a criterion must be included in ICA algorithms to prioritize ICs
in a similar way as PCA. We use the statistics-prioritized ICA. This was first introduced by [8].

3.1 Higher-Order Statistics

Let us assume that X = [r1r2 · · · rN ] is a data matrix that represents a SAS image as an L × N data matrix
formed by {ri}Ni=1 with N = nrnc. Let w be a L-dimensional column vector and assume that it is a desired
projection vector. Then z = wTX = (z1, z2, · · · , zN )T is an N × 1 column vector that represents the projection
of the entire SAS image pixel vectors {ri}Ni=1 being mapped along the direction of w. Assume that the F (·)
is a function to be explored and is defined on the projection space z = wTX. The selection of the function
F depends on various seafloor sediment data types. For example, in order to detect small targets in a large
unknown background, skewness and kurtosis are generally used as criteria to measure asymmetry and flatness
of a distribution, respectively. In this case, F (·) can be defined by as

F (zi) = k3(zi)

=

(
E[(zi − µ)3]

)
σ3

=

(
E[(wT ri − µ)3]

)
σ3

, (1)

where skewness (k3) is the normalized third central moment, or by

F (zi) = k4(zi)

=

(
E[(zi − µ)4]

)
σ4

=

(
E[(wT ri − µ)4]

)
σ4

, (2)

where kurtosis (k4) is the normalized fourth central moment. Here, µ and σ are the mean and standard deviation
of random variable zi, respectively. Since objects can be characterized by those pixels that cause maximal
magnitude of asymmetry and ripples of a distribution, finding a projection vector w that maximizes equations
(1) and (2) is equivalent to finding a direction with which these pixels are most likely aligned. By projecting all
data samples {ri}Ni=1 on the projection vector w, the desired targets can be detected by those pixels that yield the
largest projection along the direction of w. If we assume that most of the image background can be described by
second-order statistics and that the statistical behaviors of targets of interest go beyond second-order statistics, a
logical preprocessing step for detecting such targets will remove the image background prior to target detection.
In doing so, we first remove the sample mean and de-correlate the data matrix X by the sphering method.

3.2 Data Sphering

The idea of sphering is to centralize the mean of the data samples {ri}Ni=1 at the origin while normalizing the data
variances to one. This completely removes the first-order statistics and the second-order statistics to focus on
statistics with orders higher than 2. Some communities, such as signal processing, equate sphering to whitening.
Technically speaking, they are not equivalent. A whitening process, or filter, operates on an input process,
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which can be any random process, and outputs a white process that is a zero-mean random process where all
the samples are uncorrelated [13, 14]. In other words, a whitening process is a random process whose mean is
zero and whose power spectral density function (power density spectrum) is constant, implying that all samples
resulting from a whitening process are completely uncorrelated. With this interpretation, we consider sphering
to be different from whitening in the sense that the former ignores second-order statistics by normalizing the
variances to one and the latter de-correlates the data by nullifying co-variances while still retaining variances.
Consequently, the covariance matrix of the sphered data is an identity matrix compared to a whitened data whose
covariance matrix is a diagonal matrix, but not necessarily an identity matrix. In order to perform sphering, we
first remove the sample mean of the data set by

X̃ = X− µ.1T (3)

= [r1 − µ, r2 − µ, · · · , rN − µ], (4)

where µ = ( 1
N )
∑N
i=1 ri is the sample mean vector and 1 is column vector with ones in the components. Next,

the zero-mean data sample matrix X̃ is decorrelated. Assume that {λl}Ll=1 are the eigenvalues of the sample

covariance matrix Kx̃ = ( 1
N )X̃X̃

T
formed by X̃ with {vl}Ll=1 their corresponding eigenvectors such that ‖vl‖ = 1.

Suppose that Λ = [v1v2 · · ·vL] is the eigenvector matrix formed by {vl}Ll=1. Then the covariance matrix can be
decomposed into

ΛTKx̃Λ = Dλ. (5)

Let

Dλ =

 λ21 0 0

0
. . . 0

0 0 λ2L

 . (6)

Multiplying equation (5) by Dλ, results in

(Dλ)
1
2 ΛTKx̃Λ(Dλ)−

1
2 = I. (7)

Then the sphering matrix is

A = Λ(Dλ)−
1
2 . (8)

The process of using equations (3.2) and (8) is sphering. The skewness and kurtosis equations (1) and (2) are
reduced to

k3(zi) = E[(wT r̃i)
3], (9)

and
k4(zi) = E[(wT r̃i)

4]. (10)

3.3 Independent Component Analysis

Independent component analysis (ICA) has received considerable interest in recent years because of its versatility
in blind source separation and channel equalization for applications ranging from speech recognition to functional
magnetic resonance imaging (MRI) [15]. The key idea of ICA assumes that the data is linearly mixed by a set of
separate independent signal sources.Therefore, they can be demixed using their statistical independency measured
by mutual information. In order to validate its approach, it is assumed that at most one source in the mixture
model can be allowed to be Gaussian. This is due to the fact that a linear mixture of Gaussian sources is still a
Gaussian source. More precisely, let x be an L-dimensional mixed signal source vector expressed by

x = As, (11)
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where A is a mixing matrix and s is a source vector. The purpose of ICA is to find a demixing matrix w that
separates the signal source vector s into a set of sources that are statistically independent. Several different
criteria have been proposed to measure source independency [15]. Suppose that both x and y are zero-mean
p-dimensional column random signal source vectors with covariance matrices Σx = ( 1

p )[xxT ] and Σy = ( 1
p )[yyT ],

respectively. To decorrelate x, a whitening matrix Σ
− 1

2
x defined by the inverse of the square root of the covariance

matrix, Σx can be used to whiten the signal source vector x. As a result,

Σy =
(

Σ−1/2
x

)
Σx

(
Σ−1/2
x

)T
= I. (12)

The resulting source vector y becomes an uncorrelated signal source vector along with the signal source vector s
in (11) to become a statistical independent source vector resulting from a demixing matrix w found via equation
(11). As a result (11) is reduced to

x =
(

Σ−1/2
x

)
y

y =
(

Σ−1/2
x

)
X, (13)

where the mixing matrix A and source s are replaced with the square-root of the covariance matrix and an
uncorrelated random source vector y, respectively. By virtue of equation (13), the statistical independency,
measured by ICA, is reduced to the second-order statistics decorrelation of PCA. Accordingly, ICA actually

performs PCA on the p-dimensional correlated signal source vector x via a whitening matrix Σ
−1/2
x . In turn,

this produces p uncorrelated PCs, which are represented by the x uncorrelated signal source vector y in terms
of second-order statistics (whitening). The main difference between (11) and (13) is that the mixing matrix A

in (11) is unknown whereas the covariance matrix, Σ
−1/2
x in (13), can be calculated directly from the observed

signal source vector x.

In data reduction applications, unlike PCA which prioritizes its generated principal components according
to the magnitude of eigenvalues, there is no specific criterion to rank ICs produced by ICA.

In order to implement ICA, the algorithm of FastICA, developed by [15], is used to find ICs where the deflation
approach is applied and the negentropy measured by kurtosis is maximized to generate the ICs sequentially.
Typically, non-Gaussianity can be measured by the absolute value of kurtosis. However, kurtosis also has some
drawbacks. Where a single sample can make the kurtosis very large [15], it is very sensitive to outliers. To
alleviate this problem, some other criteria such as negentropy are introduced as a measure for non-Gaussianity.

Each snippet image was converted into a vector such that the snippet matrix had size of (M ×N), where N
is the number of snippets and M is the size of each snippet image. All the SAS snippets can then be represented
by the snippet matrix X, where each row in the snippet matrix X is specified by a particular snippet image.
As a result, a total of N ICs were generated by FastICA. The drawback of implementing FastICA is that the
generated ICs were not necessarily in order of information significance. Where PCs are generated by PCA in
accordance with decreasing magnitude of eigenvalues, the ICs generated by FastICA in different runs do not
always appear in the same order. This is due to the randomly generated initial projection unit vectors used to
produce ICs via FastICA.

In order to resolve the issue, a statistics-prioritized ICA is used in this paper. This technique, first introduced
by [8], considers each generated IC as a random variable. In this way, FastICA generated ICs can be ranked or
prioritized by statistics-based criteria.

3.4 High-Order Statistics-Based Prioritized ICA

In order to address the issue resulting from the use of random initial projection unit vectors of FastICA, a
prioritized ICA was introduced in hyperspectral [8] and in multispectral processing of magnetic resonance im-
ages(MRI) [16]. The idea is first to determine the number of ICs generated by ICA. The significance of he ICs
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is then measured by high-order statistics. The significant ICs are retained accordingly. Assume that the data
dimensionality is L and there are L ICs generated by ICA, {ICi}Li=1 and the ithIC can be described by a random
variable ξi. An outline of the algorithm steps is shown in Algorithm 1

Algorithm 1 Prioritized ICA

Step 1. Use the FastICA to generate the initial projection unit vector to produce each of the ICs.
Step 2. Calculate the sample means of the third and fourth orders of statistics in the ICi.

k3i = [ξi3] = (
1

MN
)

MN∑
n=1

(zin)
3

and

k4i = [ξi4] = (
1

MN
)

MN∑
n=1

(zin)
4.

Step 3. Calculate the following criterion with the third and fourth-order statistics for each random variables, ξi

J(ICi) =

(
1

12

)
[k3i ]

2 +

(
1

48

)
[k4i − 3]2 (14)

Step 4. Prioritize the {ICi}Li=1 in accordance with the magnitude of J(ICi).

4. EXPERIMENTAL RESULTS

To demonstrate the feasibility of ICA reducing the false alarms on the detected changes, we present an example of
output datasets from the ACD process, Fig. 2. The reference and repeat-pass image pairs are processed through
the multi-stage co-registration algorithm outlined in Fig. 1.

The change-map result shown in Fig. 2c is generated through the ICD tool. These results were fed to the
detector, that eventually displayed detected changes Fig. 2d. The detector sometimes declared artifacts in the
imaged scene that were results of shadows, a school of fish, or other changes occurring between surveys. These
false alarms or false detections declared as targets are shown in Fig. 2d. In this example there is only one true
target, designated by a blue box (ground-truth), and the other seven declared targets, designated by green boxes,
in Fig. 3 are false alarms. All the eight snippets of the detector results of Fig. 3 are processed with statistically
prioritized high-order statistics based ICA. The ICs in Fig. 4 are prioritized according to a high-order statistics-
based criterion, taking into account the third order statistics, skewness, and the fourth order statistics, kurtosis.
With this method, targets of interest can be prioritized, and the ICs from false alarms will have a low significance
score.

5. CONCLUSIONS AND DISCUSSION

In this paper, we introduced and demonstrated an ICA method based on statistical-prioritization. We can
generate ICs from the declared changes and examine which components belong to true targets in order to
retain them. This method will reduce dependence on the second order statistics that most communities use for
data/dimensional reduction. This approach is different from the commonly used PCA, where eigenvalues are
used as a criterion to determine how many PCs should be retained. Although eigenvalues are used to prioritize
their PCs, there is no similar guide available for ICA to prioritize ICA-generated ICs. In this paper, the statistical
prioritized ICA is introduced to change detection in SAS imagery and performed very well in prioritizing the
ICs. Once we have the ICs prioritize, we can apply a signal to noise filter or the zero-detection threshold method
which is described in [17], to separate true target signals from noise.
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Figure 2: Result of an end-to-end automated change detection process: Co-registration of reference and repeat-
pass images (a) and (b) respectively. Output of incoherent change detection (c), and the change-map detector
output showing declared changes from the ACD process. (The blue box is the ground-truth and the green boxes
are declared detections/contacts by the detector) (d).

Proc. of SPIE Vol. 10182  101820K-7

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 05/09/2017 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx



f
+.

Figure 3: Declared targets from Fig. 2d. We have only one true target and seven false detections. These targets
are not ranked.

Figure 4: Results after applying the high-order statistics-based prioritized ICA. The ICA prioritized ICs according
to a high-order statistics-based criterion. As a result the out of the declared snippet ICs, the true target has a
higher priority.
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