Self-Training Algorithmsfor Ultra-wideband Radar Target Detection

AtindraK. Mitra, Ph.D.*3 Thomas L. Lewis?, Anindya S. Paul®, Arnab K. Shaw, Ph.D**°
3Air Force Research Laboratory; "Wright State University

ABSTRACT

An ultra-wideband (UWB) synthetic aperture radar (SAR) simulation technique that employs physical and statistical models
is developed and presented. This joint physics/statistics based technique generates images that have many of the “blob-like”
and “spiky” clutter characteristics of UWB radar data in forested regions while avoiding the intensive computations required
for the implementation of low-frequency numerical electromagnetic simulation techniques.

Approaches towards developing “self-training” algorithms for UWB radar target detection are investigated using the results
of thissimulation process. These adaptive approaches employ some form of modified singular value decomposition (SV D)
algorithm where small blocks of data in the neighborhood of a dliding test window are processing in real-time in an effort to
estimate localized clutter characteristics. These real-time local clutter models are then used to cancel clutter in the diding test
window.

Comparative results from three SV D-based approaches to adaptive and “self-trained” target detection algorithms are reported.
These approaches are denoted as “Energy-Normalized SVD”, “Condition-Statistic SVD”, and “Terrain-Filtered SVD”. The
results indicate that the “ Terrain-Filtered SVD” approach, where a pre-filter is applied in an effort to eliminate severe clutter
discretes that adversely effect performance, looks promising for purposes of developing “self-training” agorithms for
applications that may require localized “on-the-fly” training due to alack of accurate off-line training data.
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1. INTRODUCTION

To date, the authors have engaged in research and published results on a number of approaches to target detection in the
ultra-wideband (UWB) SAR (synthetic aperture radar) area. These approaches include the investigation of algorithms that
implement elaborate off-line training as well as the development of rank-order filtering algorithms that are designed for basic
UWB SAR sensor phenomenology and at the same time do not require an extensive off-line training step. Both of these
approaches have been shown to generate an acceptable level of performance under certain conditions that are of interest for
UWB SAR applications.

This paper presents a set of results from an investigation of an approach denoted as “self-training algorithms for ultra-
wideband SAR target detection.” Under this approach, a number of categories of agorithms are investigated that implement
“self-training” procedures. These procedures are developed such that a set of localized regions within a given SAR image are
sampled in real-time for purposes of obtaining low-order and robust real-time clutter models. These real-time models are
applied in a dliding-window type target detection paradigm for clutter cancellation and target detection. Results are presented
from the analysis of three new categories of algorithms that were developed specifically for this investigation. These three
categories of algorithms are denoted as “Energy-Normalized SVD” (singular value decomposition), “Condition-Statistic
SVD”, and “Terrain-Filtered SVYD” and are generating good simulation results for severe UWB SAR impulsive-type clutter.

Simulated SAR impulse clutter is generated by modulating a “top hat” model for the SAR video phase history with a K-
distributed amplitude. Targets are synthesized within the SAR image via the application of a dihedral model. This approach
isdiscussed in detail in section 2. The “Energy-Normalized SVD”, “ Condition-Statistic SVD”, and “Terrain-Filtered SVD”
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algorithms are discussed in section 3 and comparative detection results are presented in section 4 aong an analysis and
discussion.

2. ULTRA-WIDEBAND RADAR SIMULATION

Figure 1 shows a block of the UWB SAR simulation developed for this investigation. The central scatterering structure for
UWB forest clutter elements are modeled by applying a radar scattering center model [1] that is based on the geometrical
theory of diffraction. Eqn. 1 describes this model. A detailed discussion of the parameters for this model is provided in [1].
For this application, targets are modeled as long dihedrals and clutter scatterering centers are modeled as short tophats. For a

single-dihedral target model with HH polarization, A" and A}V arezero, anda; isequal toone.
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In order to model the basic canonical clutter structure as tophats, the £ - dependence in the argument of the sinc termin egn.

1 isdeleted and the sinc is varied as a function of the dihedral length, L, only. The total number of synthetic scatterersin the
VPH (SAR video phase history) computation is denoted by n. In the VPH block of figure 1, the VPH is synthesized by
breaking the summation in egn. 1 into two parts and then selecting the parameters for n total scatterers: long dihedrals for
targets and tophats for clutter centers.

Also, the distributions for the x, y locations of the clutter scatterer centers are assumed to be uniform. In addition, for this
simulation approach, we make the heuristic argument that the number of “scatterers’ in the neighborhood of a tophat
scattering center (due to canopy scattering, etc.) is random. This allows us to generalize statistical arguments from the
statistical signal processing literature [2] that indicate that, if the number of scatterers in an “elementary cell” is finite and
random, the number scatterers is roughly Poisson distributed, the expected value of this Possion distribution is typicaly also
assumed random with a gamma distribution, and the resulting intensity distribution is typically assumed K-distributed. For
this simulation, we generalize the concept of a“elementary cell” to include the region in the immediate local neighborhood of
a tophat scattering center including statistical angle-dependent scattering due to the neighboring canopy region. We
arbitrarily adjust the parameters of the K-distribution of generate a severe clutter environment that has many instances of
impulsive “spikes’ and “blobs’. To this end, we have generated a challenging simulation environment by implementing a
joint physics-based (egn. 1) and statistical (K-distributed tophat scattering centers) approach that avoids intensive numerical
el ectromagnetic computations.

The X, y coordinates of the VPH model in egn. 1 are further synthesized and transformed into airborne SAR range
coordinates and then processing by a wideband wide-angle SAR image formation algorithm known as “wavefront
processing” [3]. After SAR image formation with wavefront processing, the resulting SAR image is post-processing for
additive noise and for local variations in the residual clutter level (on a per tophat basis) in accordance with the following
two-attenuation model [4].
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Two - Way Attenuation (dB) = 6
wheref isfrequency in Megahertz, isgrazing angle, and, for HH polarization, the median attenuationisfor =0.79and =
0.044 and the 90™ percentile attenuation isfor =0.79and = 0.077.

Two samples of UWB SAR imagery generated with this smulation process are illustrated in section 4 for purposes of testing
and training the UWB “self-learning” target detection algorithms that are presented in the next section..



Figure 1: Block Diagram for UWB SAR Simulation



3. SELF-TRAINING ALGORITHMS
Three SVD-based algorithms that were considered for purposes of investigating “self-training” algorithms for UWB radar
target detection are described in this section. Given an N x N SAR image data window, X, basic singular value
decomposition (SVD) can be mathematically formulated as follows [5]:

SvD

X uLv’ ©)
where

uo lX XT]=[ul u, uy] 4

vV ° lXT X ]=[v1 Vo vy] ©)

Le  [inln /1wl (6)

The EV[] operator represents “the eigenvectors of” the matrix inside the brackets. Sections 3.1 — 3.3 discuss three SVD-
based algorithms that are developed to adaptively cancel UWB radar impulse clutter. In section 4, target detection
performance results are reported for sample simulation data that is generated using the approach in section 2.

3.1 Energy-Normalized SVD

This algorithm tabulates histograms of the sum of eigenvalue ratios from pairs of neighboring image windows. Statistics
from this “training” histogram are used to determine a threshold. During the “testing” phase, sums of eigenvalue ratios are
computed for each localized test window with respect to the localized test window with the minimum energy (i.e. mimimum
sum of eigenvalues.) If the test “sum of eigenvalue ratio” metric is below the train threshold, the value in the given test
window are “zeroed out”.  If this test metric exceeds the train threshold, the data in the test window is reconstructed from
the pre-dominant SVD eigenvalues and eigenvectors.

The steps for the training phase are outlined as follows:

Thetrain datais processed as segmented 45x45 regions that are each divided into 9 15x15 windows

The 5 highest eigenvalues are calculated for each 15x15 window within a given 45x45 region

Arbitrarily denote one of the 9 windows as the “first” window and calculate the sum of the ratio of corresponding
eigenval ues from the “first” window to each of the other 8 windows. This yields 8 “sum of eigenvalue ratio” metric
values

Next, denote another window as the “second” window and repeat the operation in the previous step for the remaining
7 windows. Thisyields 7 additional “sum of eigenvalue ratio” metric values.

Similarly, perform the “sum of eigenvalue ratio” operation for all remaining windows. This yields
8+7+6+5+4+3+2+1=36 “sum of eigenvalue ratio” metric values for a given 45x45 training region.

Repeated the previous steps for each selected 45x45 training region to generate “train” histogram for “sum of
eigenvalueratio” metric. For example, if 10 training regions are selected, a 36* 10=360 element histogram is formed.
Select mean+1*sigma of the resulting histogrammed metric data as the threshold

The steps for the testing phase are outlined as follows:

Segment the test image into 45x45 test regions

Divide each 45x45 test region into 9 15x15 test windows and calculate the 5 largest eigenvalues of each test window
For a given 45x45 test region, select the window with the lowest energy in the “sum of eigenvalue” sense

For a given 45x45 test region, calculate the “sum of eigenvalueratio” metric for all 8 windows with respect to the

the lowest energy window. Thisyields 8 metric values for a given 45x45 region

Compare each of the 8 metric values to the threshold obtained from the training phase. For a given 45x45 test region,
all of the data within windows that have metric values below the threshold are set to zero. If the metric value for a
window exceeds the threshold, the data with that window is replaced with a limited-order eigenvalue-eigenvector
expansion.

The previous 4 steps are repeated for all 45x45 test image segments



This algorithm is considered the baseline algorithm for this investigation in the sense that all of the algorithm steps are based
on processing SVD parameters. The next two sections describe algorithms that that are developed to investigate performance
improvements over this baseline by adding a non-SVD-based pre-filtering step in an attempt to eliminate severe impulsive
“clutter discretes’ from either the training process, the testing process, or from both train and test processes.

3.2 Condition-Statistic SVD

In this approach, the training data is statistically pre-filtered before running the “Energy-Normalized SVD” from section 3.1.
Although many possibilities for a statistical filter can be investigated, for this particular investigation a simple mean filter is
applied. Specificaly, the mean is computed over all 45x45 training regions of interest. Then, the mean of the resulting
mean-filter output over all training regions is used as a “blob” threshold for the training. In other words, all 45x45 training
regions that exceed the mean threshold are denoted as severe “blob-type” impulse clutter and are eliminated from the training
set of the “Energy-Normalized SVD” of the previous section. As shown in the next section, this approach can alow the
“Energy-Normalized SVD” to more effectively cancel the “typical clutter” while preserving more targets and can yield
enhanced target detection performance.

3.3 Terrain-Filtered SVD

In this approach, a convolutional spatial filter kernel is designed that computes an intensity-weighted distance metric from the
kernel center in an effort to pre-filter severe “blob-like” and “sparsely-impulsive” clutter discretes. The particular filter
kernel designed for this investigation is illustrated in figure 2. This is a convolutiona pre-filter that is implemented as a
diding window over atest image. This kernel function is calculated by setting all pixels within an 11-pixel radius of the
kernel center equal to zero and by equating the remainder of the pixels equal to the Euclidian distance between the kernel
center and the pixel. The filter is implemented as a pixel-by-pixel diding window where all the output values are stored in
histogram form.

Figure2: Filter kernel for “Terrain-Filtered SVD”

The resulting histogram filter data from the test image is processed in accordance with the following procedure:

The maximum value of the filter output histogram distribution is denoted as the “ Center”
Sigma-1 is denoted as the standard deviation of al the filtered values to the left of the histogram “ Center”
Sigma-2 is denoted as the standard deviation of al the filtered values to the right of the histogram “ Center”



A given test image pixel is set equal to zero if the corresponding filter output is beyond Sigma-1 to the left of the
histogram “Center” or is beyond “ Sigma-2” to the right of the “ Center”

This filter has the effect of filtering-out a significant number of severe “blob-like” and “sparsely-impulsive’ clutter
discretes

The overall “Terrain-Filtered SVD” agorithm isimplemented as the following three steps:

Apply diding-window terrain filter kernel to test image and store histogram of filter output

Set test image pixels equal to zero in accordance with histogram Sigma-1 and Sigma-2 criteria as described in the
previous paragraph

Apply the “Energy-Normalized SVD” algorithm to test image by dividing the test image into 45x45 segments and by
using each particular 45x45 segment as localized training for the given 45x45 test image segment. (Each 45x45 test
image segment is used to jointly “self-train”, or “ self-retrain”, and test on a segment by segment basis.)

The“Terrain-Filtered SVD” algorithm is denoted as afully “self-training” a gorithm because no clutter training image
required. The results in the next section indicate that this approach has potential towards the further development of “self-
training” agorithmsin challenging UWB radar clutter environments.

4. COMPARITIVERESULTS

In this section, a set of comparative results are presented from running the “Energy-Normalized SVD”, the “Condition-
Statistic SVD”, and “Terrain-Filtered SVD” algorithms on the sample simulation image of figure 3. This sample image
shows many instances of “spiky” and “blob-like” UWB radar clutter. The targets, modeled as dihedrals, are shown along
three rows on the top, middle, and bottom of the simulation. Five targets are on each row. The bottom row has relatively
long targets, the middle row has targets of relatively medium length, and the top row has short targets. The target backscatter
level varies from left to right.

The first two target detection simulations are conducted by training the “Energy-Normalized SVD” and the “Condition-
Statistic SVD” algorithms on the clutter simulation sample of figure 4 and then testing on the simulation sample of figure 3.
Comparative target detection scores are evaluated in figure 5 tabulated the detection ratios as a function of varying the false
alarm threshold. (Thisis an estimate of the receiver operating characteristic (ROC) for this simulation.) The results indicate
that the “Condition-Statistic SVD” outperforms the baseline “Energy-Normalized SVD” in terms of target detection
performance.

Two more target detection simulations are conducted by running the “Energy-Normalized SVD” and the “Terrain-Filtered
SVD” as “sdf-training” algorithms on the simulation data in figure 3 without using the clutter simulation of figure 4 for off-
line training. Figure 6 shows the histogram of the data at the output of the terrain prefilter, along with the “center”, Sigma-1,
and Sigma-2 values for this simulation. Figure 7 shows the resulting pre-filtered image after running the “terrain-filter”
through the simulation data in figure 3. Visual comparison of figure 7 with figure 3 indicates that significant amounts of
“blob-like” and “sparsely-impulsive” clutter can be filtered-out with this approach. The detection ratio curve (ROC
estimate) in figure 8 aso indicates performance gains for the “Terrain-Filtered SVD” algorithm.

In summary, this initial research in the area of “salf-training” algorithms for UWB SAR target detection in a severe clutter
simulation environment indicates that there is potential for modifying existing approaches to radar real-time adaptive
processing by designing pre-filtering stages that eliminate significant portions of hard clutter discretes associated with many
severe UWB radar environments. Possible scope for further research includes developing approaches that, for example,
combine time-frequency-based pre-filtering techniques with (in addition to these SV T-based techniques) other existing
adaptive processing techniques such as eigenvector-based matched filtering, autoregressive techniques, as well as non-linear
techniques.



Figure3: Sample UWB SAR Simulation I mage

Figure4: Sample UWB SAR Simulation Clutter Image



Figure5: Sample Target Detection Performance Curvesfor “Energy-Normalized SVD” and “ Condition-Statistic
SVD” with Off-line Clutter Training
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Figure6: SampleFilter Histogram for “ Terrain-Filtered SVD”



Figure7: Sample Filtered Simulation Imagefor “ Terrain-Filtered SVD”

Figure8: Sample Target Detection Performance Curvesfor “Energy-Normalized SVD” and “ Terrain-Filtered SVD”
with “ Self-Training”
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