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ABSTRACT
Explosive hazard detection and remediation is a pertinent area of interest for the U.S. Army. There are many types of
detection methods that the Army has or is currently investigating, including ground-penetrating radar, thermal and visible
spectrum cameras, acoustic arrays, laser vibrometers, etc. Since standoff range is an important characteristic for sensor
performance, forward-looking ground-penetrating radar has been investigated for some time. Recently, the Army has
begun testing a forward-looking system that combines L-band and X-band radar arrays. Our work focuses on developing
imaging and detection methods for this sensor-fused system. In this paper, we investigate approaches that fuse L-band
radar and X-band radar for explosive hazard detection and false alarm rejection. We use multiple kernel learning with
support vector machines as the classification method and histogram of gradients (HOG) and local statistics as the main
feature descriptors. We also perform preliminary testing on a context aware approach for detection. Results on government
furnished data show that our false alarm rejection method improves area-under-ROC by up to 158%.

Keywords: buried explosive hazards, forward-looking ground-penetrating radar, multiple kernel learning, machine learn-
ing, context recognition, target detection, false alarm reduction

1. INTRODUCTION
An important goal for the U.S. Army is remediating the threats of explosive hazards as these devices cause uncountable
deaths and injuries to both civilians and soldiers throughout the world. Since 2008, explosive hazard attacks in Afghanistan
have wounded or killed nearly 10,000 U.S. Soldiers; worldwide, explosive devices on average cause 310 deaths and 833
wounded per month.1 Systems that detect these threats have included ground-penetrating-radar (GPR), infrared (IR)
and visible-spectrum cameras, and acoustic technologies.2–4 Recent research has examined both handheld and vehicle-
mounted GPR-based systems and much progress has been made in increasing detection capabilities.5, 6 Forward-looking
synthetic aperture GPR (FLGPR) is an especially attractive technology because of its ability to detect hazards before they
are encountered; standoff distances can range from a few to tens of meters. FLGPR has been applied to the detection of
side-attack, surface, and buried devices.7–9 A drawback of FLGPR systems is that they are not only sensitive to explosive
devices, UXO, and landmines, but also to other objects, both above and below the ground. Because FLGPR is a standoff
sensor, the area being examined for targets is much larger than with downward-looking systems. Thus, clutter is a serious
concern. Furthermore, the explosive hazard threat is very diverse—they are made from many different materials, including
wood, plastic, and metal, and come in many different shapes and sizes. And this threat continues to evolve. Thus, it is
nearly impossible to detect explosive hazards solely by a modeling-based approach. We have shown in previous work that
if forward-looking infrared (FLIR) or visible-spectrum imagery is combined with L-band FLGPR, false alarm rates can be
reduced significantly.10–14 We also demonstrated that fusing multiple sub-bands and spectral features in L-band FLGPR
improves detection performance.15–17

Since 2005, the U.S. Army Night Vision and Electronic Sensors Directorate (NVESD) has been integrating sensing
technologies to aid the soldier in detecting explosive hazards while maintaining Situational Awareness (SA) in route clear-
ance and convoy escort vehicles.18 The U.S. Army NVESD fielded a system called ALARIC. This system combined an
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Table 1. FLGPR Parameters
L-band X-band

Waveform Stepped frequency Stepped frequency
Transmitters 8 32

Receivers 8 4
Bandwidth 0.5–3.4 GHz 8.4–10.4 GHz

# Frequencies 2702 1024
Pulse rate 12 Hz 50 Hz

Polarizations* HH, VV, HV, VH VV
*Note that we only have HH and VV polarizations for the L-band data sets used in this paper.

Table 2. Symbols Used in This Paper

Symbol Description
x(tGPS) Position of vehicle in UTM at time tGPS
v(tGPS) Velocity (m/s) of vehicle at time tGPS
xj(tGPS) Position of jth antenna element at time tGPS

wjk(f, tGPS) I/Q signal of jkth T/R pair at time tGPS and frequency f
aw(f) frequency-domain window (Hamming)
ar(j, k) aperture window

c speed of light, 2.998× 108 (m/s)

L-band FLGPR array with a high resolution visible-spectrum camera. Most recently, the U.S. Army has contracted to de-
velop an integrated L-band and X-band FLGPR system. This paper will focus on developing computer-aided classification
for this dual-band system.

Past work on detecting explosive hazards with FLGPR focused on intensity-based features in L-band images, but these
features are mostly ineffective in discriminating clutter from targets. We have shown in our previous research that fusing
other sensors with FLGPR can significantly reduce the false alarm (FA) rate due to clutter, while maintaining a 90-100%
probability of detection (pd).10–17, 19 However, data and sensor fusion methods are only as good as the data and sensors to
which they are applied. We aim to build upon our previous fusion work by proposing a method which uses both L-band
and X-band FLGPR to improve detection statistics for standoff-detection of explosive hazards. The method we describe
here uses multiple kernel learning (MKL) to fuse multiple types of features measured in both the radar bands. Furthermore,
we present results for a method that uses context, i.e., the properties of the media surrounding each detection, to inform
context-aware classifier design.

2. RADAR IMAGING
The X- and L-band FLGPRs operate as stepped-frequency arrays—each transmitter individually illuminates the scene and
all receivers then measure the complex return at each frequency and polarization, repeating for each transmitter. The
parameters of the radars are shown in Table 1. The government-furnished data (GFD) are represented as I/Q values at each
frequency for each transmit/receive (T/R) pair, GPS location, and pitch, roll, and yaw of the array. From these data we are
able to localize each T/R pair in 3D UTM coordinates, allowing for fully motion-compensated imaging (within the error
of the platform motion estimation).

The radar images, denoted as Ip(u, v), where p is the polarization and (u, v) are the horizontal and vertical UTM
coordinates of the image are formed by a backpropagation procedure as illustrated in Fig. 1. The steps of this process are
as follows:

1. Remove self-interference by subtracting a windowed time-average of wjk(f, tGPS) over the variable tGPS at each
frequency f and for each T/R pair.

2. For each frame (as indicated by tGPS) and polarization:

(a) Inverse Fourier transform the zero-padded (up-sampled), windowed signals aw(f)wjk(f, tGPS), where a(f)
is a Hamming window, producing the range/time signals rjk(t, tGPS).
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Figure 1. Block diagram of FLGPR backpropagation-based imaging algorithm.

(b) Interpolate and coherently integrate the windowed range signals ar(j, k)rjk(t, tGPS) onto the predetermined
grid (u, v), and apply the amplitude and phase correction r2 exp {−i4πf1t}, where f1 is the lowest frequency
in the stepped frequency transmission. Note that the windowed range signals are only interpolated and inte-
grated onto grid points that are between rmin and rmax range in front of the array (we use 5 and 25 meters,
respectively).

We used a grid spacing of 2.5cm in both cross-range and down-range and upsample w by a factor of 16 (to the nearest power
of 2). Figure 2 shows examples of images produced in two different lanes in both the X- and L-band systems. This form
of backpropagation is the most basic synthetic aperture radar imaging method. There are other imaging techniques, e.g.,
recursive sidelobe minimization20 and deblurring,21, 22 that we plan to investigate in the future to improve overall image
results. However, the main focus of this paper is to examine how context-aware multiple kernel learning can improve
detection results.

3. CFAR PRESCREENER
The result of the radar imaging procedure above is a coherently integrated image I at pre-determined UTM coordinates
(u, v), one for each polarization of the L-band FLGPR and one image (the VV polarization) of the X-band FLGPR. It is
well known that penetration depth increases with wavelength; hence, the L-band will have a deeper penetration than the
X-band radar. Thus, we use the L-band radar as the detection radar for the method proposed here (although we will show
results for X-band detection too).

The prescreening detector is the first algorithm that indicates candidate detection locations—a block diagram is shown
in Fig. 3. We employed two methods to indicate the presence of a target, both of which could be considered to be constant
false alarm rate (CFAR) detectors. Consider an FLGPR image I(u, v), where u is the cross-range coordinate, and v the
down-range. We then calculate four images from I(u, v), denoted as Iµc

(u, v), Iµh
(u, v), Iσ2

c
(u, v), Iσ2

h
(u, v), calculated

as

Iµc
(u, v) =

{I ∗Hc}(u, v)∑
Hc

; (1a)

Iµh
(u, v) =

{I ∗Hh}(u, v)∑
Hh

; (1b)

Iσ2
c
(u, v) ={I2 ∗Hc}(u, v)− {I ∗Hc}2(u, v); (1c)

Iσ2
h
(u, v) ={I2 ∗Hh}(u, v)− {I ∗Hh}2(u, v); (1d)

where I2 indicates the image with each element squared, ∗ indicates convolution, and Hc and Hh are elliptical convolution
kernels as shown in Fig. 4. In essence, Iµc

and Iµh
are the mean values of the pixels in the center and halo surrounding
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(b) L-band VV
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(c) X-band VV
Figure 2. Example FLGPR images for X- and L-band radars—blue markers indicate ground-truth locations.

each pixel and Iσ2
c

and Iσ2
h

are the corresponding variances. Detections can now be indicated by either of the difference in
the means (or a size-contrast filter) or the modified Bhattacharya distance:

Isc(u, v) =Iµc
(u, v)− Iµh

(u, v); (2a)

IB(u, v) = sgn{Isc(u, v)} ·

[
log

(
1

4

[
Iσ2

c
(u, v)

Iσ2
h
(u, v)

+
Iσ2

h
(u, v)

Iσ2
c
(u, v)

+ 2

])
+

(Iµc(u, v)− Iµh
(u, v))

2

Iσ2
c
(u, v) + Iσ2

h
(u, v)

]
; (2b)

where the Bhattacharya distance is modified so that it is signed such that positive distance indicates that the mean of the
center is greater than the mean of the outer. In our experiments, we have determined the following prescreened parameters
to be good choices: down-range radius = 0.25m; cross-range radius = 0.5m; and halo width = 0.75m.

One could simply threshold Isc or IB to indicate a detection; however, this can result in many detections in one local
region. We wish to have one prototype detection location for each candidate target; hence, we first calculate a maximum
order-filtered image, denoted Io(u, v), with a 3m (cross-range) by 1m (down-range) rectangular kernel. Detection locations
are indicated by

A = arg(u,v){I∗(u, v) = Io(u, v)}, (3)

where I∗ is either Isc or IB and A is the set of cross-range and down-range locations of detections. At each detection
location, we also extract a set of shape- or texture-based features, which we now describe.
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(a) Sub-image at hit location (b) Gradient calculation and 3× 3
cell arrangement with 50% overlap

(c) Cell-based 9-bin histogram of gradients
feature

Figure 5. Example of histogram of ordered gradients (HOG) with 3 × 3 cell arrangement, 50% overlap of cells, 8 × 8 pixels per cell.
Feature is a 3× 3× 9 = 81-length vector of histogram components.

4. FEATURE EXTRACTION
At each detection location, we calculate an image-based texture feature called the histogram of ordered gradients (HOG).23

This feature represents the texture by calculating local gradients and then compiling these gradients into a histogram
descriptor. A histogram is computed for each cell of pixels surrounding the detection location. Each cell is composed of
8 × 8 pixels, and there are 3 × 3 cells. The center cell is centered on the detection location. The surrounding cells are
organized such that there is 50% overlap between neighboring cells. The histogram in each cell has 9 bin centers. Thus,
there are a total of 9 feature values per cell, for a total of 81 feature values that describe each detection. Figure 5 illustrates
the HOG calculation for an example detection.

The second feature we calculate is a cell-based local statistics (LSTAT) vector. In each cell, as shown in Figure5(b), we
compute the mean, median, and standard deviation of the pixels. These values are normalized over all hits by subtracting
the mean and dividing by the standard deviation of the feature values.

5. MULTIPLE KERNEL LEARNING (MKL) CLASSIFIER
For this problem, a classifier is searching for a separating decision boundary in some hyperspace such that explosive
hazards are on one side of the boundary and false alarms on the other. We denote the hazard class as y = +1 and the
FA class as y = −1, where y is the class label. There are many methods that produce classifiers of this nature, including
neural networks, k-nearest neighbor, and Bayesian classifiers.24

Most classifiers delineate the classes by finding some “best” decision boundary in the feature space. Neural networks
and linear support vector machines (SVMs) find hyperplanes. These classifiers are easy to train, often can be effective, and
are computationally very efficient (the operational decision is just a single dot-product in the feature space). However, they
are ineffective against classes that are not linearly separable, i.e., by a hyperplane. Hence, we will use kernel classifiers to
non-linearly project the features into a high-dimensional space, where hyperplanes may be more easily found that serve as
good decision boundaries.

To do this projection, consider some nonlinear mapping φ : x → φ(x) ∈ RdK , where dK is the dimensionality of the
transformed feature vector φ(x). φ(x), being a high-dimensional version of x, can have many dimensions; some kernel
spaces have infinite dimensions. Thus it is inappropriate to explicitly operate in this new space. Hence, the classifiers only
operate on the dot-product space of the higher-dimensional space, by using a kernel function κ(xi,xj) = φ(xi) · φ(xj).
This kernel function κ can take many forms, including the popularly used radial basis function (RBF) κRBF (xi,xj) =
exp

(
γ‖xi − xj‖2

)
. Most kernel algorithms work on what is called the kernel matrix, which is formed by storing all the

pair-wise kernel functions, K = [Kij = κ(xi,xj)] ∈ Rn×n. This kernel matrix completely describes the transformed
space, and this matrix (or collections of them) is how we will represent the features for this problem. We now describe the
classifiers we will use in this paper.
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5.1 Single Kernel SVM Classifier
The SVM algorithm is generally defined as the optimization problem

min
w,b

‖w‖2

2
, (4)

subject to
yi(w

Txi − b) ≥ 1, i = 1, . . . , n, (5)

where yi ∈ {−1,+1} are the class labels and (wTxi − b) is the equation of the class-separating hyperplane. This form of
the SVM, however, does not support overlapping classes,viz., errors in the training data. Hence, the soft-margin SVM was
introduced as

min
w,ξ,b

{
‖w‖2

2
+ C

n∑
i=1

ξi

}
, (6a)

subject to
yi(w

Txi − b) ≥ 1− ξi, ξi > 0, i = 1, . . . , n, (6b)

where C determines how many errors are allowed in the training.25 Notice that this is the linear soft-margin SVM. The
kernel soft-margin SVM is easily defined in the dual form of the SVM, where the optimization problem is solved using
Lagrange multipliers. The single-kernel SVM (SKSVM) is defined as

max
α

{
1Tα− 1

2
(α ◦ y)TK(α ◦ y)

}
, (7a)

subject to
0 ≥ αi ≥ C, i = 1, . . . , n, αTy = 0, (7b)

where 1 is the n-length vectors of 1s, K = [κ(xi,xj)] ∈ Rn×n is the kernel matrix, and ◦ indicates the Hadamard
product.26 Note that SKSVM reduces to the linear SVM for the kernel κ(xi,xj) = xTi xj (which is simply the Euclidean
dot product).

One of the drawbacks of using the above SVM formulation is that it treats each datum equally; hence, when there is
an imbalance between the number of datum in each class, then the SVM decision boundary is driven primarily by the data
from the class with more data points. This is a problem in explosive hazards detection as there are typically many more
false alarm detections than there are true targets—the true targets only comprise a small overall area of the lane. To attack
this issue, we use a formulation of the SVM for imbalanced data which uses a different error cost for positive (C+) and
negative (C−) classes. Specifically, we change the constraints of the kernel SVM formulation at (7) to

0 ≥ αi ≥ C+,∀i|yi = +1; 0 ≥ αi ≥ C−,∀i|yi = −1; αTy = 0; (8)

where C+ is the error constant applied to the positive class and C− is the error constant applied to the negative class.
In our application, the positive class is true positives and the negative class is false alarms. We set C+ = n−/n+ and
C− = 1, where n− is the number of objects in the negative class and n+ is the number of objects in the positive class.
This essentially allows for fewer errors in the true positives class.

We use LIBSVM to efficiently solve the SKSVM problem.27 The output of LIBSVM is a classifier model that contains
the vector α and the bias b. A measured feature vector x can be classified by computing

y = sgn

[
n∑
i=1

αiyiκ(xi,x)− b

]
, (9)

where sgn is the signum function.
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5.2 Multiple Kernel Learning Group Lasso Classifier
MKL extends the idea of kernel classification by allowing the use of combinations of multiple kernels. The kernel combi-
nation can be computed in many ways, as long as the combination results in a Mercer kernel.28 In this paper we assume
that the kernel K is composed of a weighted combination of pre-computed kernel matrices, i.e.,

K =

m∑
k=1

σkKk, (10)

where there are m kernels and σk is the weight applied to the kth kernel. The composite kernel can then be used in the
chosen classifier model. For this paper, we will use the SVM. Thus, MKL SVM extends the SKSVM optimization at (7)
by also optimizing over the weights σk,

min
σ∈∆

max
α

{
1Tα− 1

2
(α ◦ y)T

(
m∑
k=1

σkKk

)
α ◦ y)

}
, (11a)

subject to (typically)
0 ≤ αi ≤ C, i = 1, . . . , n, αTy = 0, (11b)

where ∆ is the domain of σ. Note that this is the same problem as SKSVM if the kernel weights are assumed constant.29

This property has been used by many researchers to propose alternating optimization (AO) procedures for solving the
min-max optimization problem. That is, solve the inner maximization for a constant kernelK, and then update the weights
σk to solve the outer minimization, and repeat until convergence.

The domain of σ is very important and many MKL implementations only work for a single domain. For example,
∆ = {σ ∈ Rm : ‖σ‖2 < 1, σk > 0} is the `2-norm MKL.30, 31 We use a generalized MKL instantiation that allows for an
`p-norm domain ∆ = {σ ∈ Rm : ‖σ‖p < 1, σk > 0}.32 We use the optimization procedure proposed by Xu et al. called
MKL group lasso (MKLGL).32 This method is efficient as it uses a closed form solution for solving the outer minimization
in (11), i.e.,

σk =
f

2/(1+p)
k(∑m

k=1 f
2p/(1+p)
k

)1/p
, k = 1, . . . ,m; (12a)

fk = σ2
k(α · y)TKk(α · y). (12b)

We use a modified MKLGL algorithm which uses the SKSVM for unbalanced classes—i.e., we apply the constraints
with C+ and C− as shown at (8). The MKLGL training algorithm is outlined in Alg. 1. The MKLGL is simple to
implement and is efficient as the update equations for σk is closed-form. MKL can be thought of as a classifier fusion
algorithm. It can find the optimal kernel among a set of candidates by tuning the weights on each kernel. The individual
kernels can be computed in many ways—see our previous paper on this topic for more discussion on the formation of the
kernel matrices.19

Algorithm 1: MKLGL Classifier Training32

Data: (xi, yi) - feature vector and label pairs; Kk - kernel matrices
Result: α, σk - MKLGL classifier solution
Initialize σk = 1/m, k = 1, . . . ,m (equal kernel weights)
while not converged do

Solve unbalanced SKSVM for kernel matrix K =
∑m
k=1 σkKk

Update kernel weights by eqs. (12)
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5.3 FA Rejection
Figure 6 illustrates the FA rejection process. The FA rejection is accomplished by computing the HOG and LSTAT features
in the two L-band and one X-band images for each detection location (where one of the sensors is chosen as the cueing
sensor). We will use the L-band VV channel as the cueing sensor for the results in this paper. After the feature vectors are
computed, we then train a FA rejecting classifier on the vector. The performance of the classifier is measured by applying
the classifier to a testing lane that is geographically separated from the training lane. In this paper, we have two lanes: Lane
A and Lane B. Results presented for Lane A are trained on Lane B and then tested on Lane A (and vice-versa for Lane B).

For the SKSVM classifier, the feature vector is created by appending all the features into one (long) vector and comput-
ing one kernel matrix. For the MKLGL classifier, the features can be combined in many different ways. One can take the
one SKSVM feature vector and compute several kernel matrices as input, compute kernel matrices for each set of feature
vectors (from each sensor or polarization, etc.), or some combination thereof.

5.3.1 Context aware FA rejection

Context-dependent classifier training has been proposed for many applications, including FA rejection in GPR.33 The main
idea is that contexts are regions or subspaces in the feature space that contain densely clustered feature vectors which are
separated from other groups of feature vectors. We accomplish context aware FA rejection by the process illustrated in
Fig. 7. First, features from the training lane are clustered into c contexts using the k-means clustering algorithm. A separate
classifier is then trained on the features in each cluster, resulting in c classifiers, one for each context. The testing data are
then classified by a weighted vote of the classifiers. First, the Euclidean distances to the c cluster centers are calculated for
each feature vector. For the hard context classifier, the classifier is applied to the testing data that corresponds to the closest
cluster center. For the soft context classifier, each testing feature vector is passed through all c classifiers and a weighted
vote is applied, where the weights are the normalized distances to the cluster centers. In essence, a testing feature vector
could be a mix of trained contexts; hence, the weighted vote allows the classifier from each context to be applied according
to how well each feature matches with the contexts. We now turn to results of the described methods on two testing lanes.

6. RESULTS
The area under ROC (AUR) is used to show the relative performance of the different detection methods and classifiers we
employ. This metric is calculated by normalizing the area under the receiver operating characteristic (ROC) curve for a
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Figure 8. Illustration of AUR calculation

given method. Figure 8 illustrates the calculation of this metric for an example ROC curve. We chose a maximum FA per
squared-meter rate (FAR) of 0.1 at which to limit the AUR calculation (this value was chosen because a FAR > 0.1 results
in digging about every 1 meter down a 10 meter wide lane). The AUR equation is

AUR =
1

0.1

∫ 0.1

0

pd(FAR)d(FAR), (13)

where pd(FAR) is the probability of detection at a given FAR. The minimum AUR is 0, which indicates that no targets
were detected, and the maximum AUR is 1, which indicates that all targets were detected with 0 FAR. For each ROC, we
will also show the ROC curve and corresponding AUR of a uniform random detector, which is a detector such that one
indicates hits at a predetermined uniform random spatial rate—the uniform random detector will be shown by a red dotted
line.

The miss-distance halo size used for these results is a 0.5 meter radius circle. In other words, if an indicated hit is
within 0.5 meters of a ground-truth target location, then it is indicated as a hit. While this halo is larger than that used
for downward-looking GPR systems—which tend to use < 0.25 meter halos—we believe that forward-looking systems
and their inherent challenges because of the sensing geometry, ground-plane interaction, and lower SNR, require a larger
halo. In essence, we are proposing a trade-off of lower accuracy of the hit location and a higher standoff distance to the
detection.

6.1 Prescreener Results
Figures 9 and 10 show the ROC curves for the prescreener algorithms on each lane for each polarization, and Table 3
provides the AUR results. View 9(a) shows the difference-of-means detector, while (b) shows the Bhattacharya detector.
On Lane A, the best detector in terms of AUR was the difference-of-means detector using the L-band VV sensor. On
Lane B, the best detector was the difference-in-means detector using the X-band VV sensor. This is actually a surprising
result, as the X-band radar has a theoretically shallower penetration depth as compared to the L-band sensor. We believe
it is possible that the X-band sensor on Lane B is detecting some other feature that indicates the presence of the target,
perhaps a disturbed earth feature. Even so, we chose to the L-band VV sensor with the difference-in-means detector as the
cueing sensor for the remaining results in this paper. Hence, the L-band VV difference-in-means ROC curve is the baseline
performance to which the FA rejecting classifiers are compared.

6.2 Classifier Results
Table 4 provides the results of the FA rejection classifiers. The cueing detector used in these experiments was the L-band
VV difference-in-means detector. For the Lane A results, the classifier was trained on Lane B, and vice-versa for Lane B
results. The classifiers used here were SKSVM and MKLGL classifiers, modified for unbalanced training data as outlined
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Figure 9. ROC curves of prescreener algorithms on Lane A
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Figure 10. ROC curves of prescreener algorithms on Lane B

Table 3. AUR values for prescreener algorithms

Lane A Difference-in-means AUR Bhattacharya AUR
L-band HH 0.22 0.23
L-band VV 0.27 0.26
X-band VV 0.12 0.10

Random 0.04 0.04
Lane B

L-band HH 0.14 0.14
L-band VV 0.14 0.11
X-band VV 0.19 0.18

Random 0.04 0.04
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Table 4. Percent AUR improvement for FA rejection classifiers.

AUR improvement
Classifier Kernel(s) Features Sensor Lane A Lane B

SKSVM linear HOG L 27% 110%
HOG LX 31% 114%

HOG, LSTAT L 3% 129%
HOG, LSTAT LX 24% 128%

SKSVM RBF(1) HOG L 30% 137%
HOG X 0% 125%
HOG LX 64% 143%

HOG, LSTAT LX -69% -100%
SKSVM poly(2) HOG LX 42% 116%

poly(3) 46% 117%
poly(4) 50% 120%

MKLGL K1 HOG LX 67% 140%
K1 HOG, LSTAT -45% -12%
K2 HOG 57% 129%

K1 ∪ K2 HOG 57% 129%
K1∪ linear HOG 34% 150%
K1∪ linear HOG, LSTAT 29% 148%

MKLGL* HOG: K1∪ linear HOG, LSTAT LX 44% 157%
LSTAT: K1∪ linear

MKLGL* HOG: K1∪ linear HOG, LSTAT LX 44% 158%
LSTAT: linear

MKLGL* HOG: K1∪ linear HOG, LSTAT LX -73% -12%
LSTAT: K2∪ linear

*HOG and LSTAT kernels are separate.

previously. The kernels used were a linear kernel, Kij = xTi xj , an RBF(γ) kernel, Kij = exp{−γ‖xi − xj‖2}, and a
polynomial(d) (poly) kernel, Kij = (xTi xj + 1)d. The kernel sets used for MKLGL were

K1 = {RBF(0.001), RBF(0.01), RBF(0.1), RBF(1), RBF(10)};
K2 = {poly(2), poly(3), poly(4)}.

The results shown are in terms of AUR improvement over the prescreening detector, which is calculated as:

AUR improvement = 100% ·
(

AURclassifier
AURprescreener

− 1

)
, (14)

where an AUR improvement of 0% indicates no change in detection statistics.

The best overall classifiers for each lane are bolded in Table 4, which for Lane A was the MKLGL classifier that uses
the K1 set of kernels with the HOG feature, and for Lane B was the MKLGL that uses separate kernels for the HOG and
LSTAT features. Interestingly, the MKLGL classifier using the separate kernels for HOG and LSTAT provides a 158%
AUR improvement for Lane B; however, this classifier only provides a 44% improvement for Lane A. The overall best
classifiers seem to be the MKLGL using the HOG:K1 set of kernels and the SKSVM RBF(1) HOG. These classifiers are
the overall best on Lane A and still provide very good AUR improvement on Lane B. The MKLGL using separate RBF
kernels for the HOG and LSTAT features also provides very good results.

When examining the features, the LSTAT feature is clearly inferior to the HOG feature for the higher-dimensional
kernel classifiers. However, the addition of the LSTAT feature to the SKSVM linear kernel classifier gives a better AUR
improvement for Lane B. However, this is the only case where AUR improvement is better than just using the HOG feature.
Another thing to notice is that the MKLGL is able to handle the addition of the LSTAT feature and still produce some decent
results, as long as the linear kernel is selected as a member of the kernel set. This is a strength of the MKLGL is that it is
able to lessen the impact of the less effective features, in essence, performing in situ feature selection.
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Table 5. Percent AUR improvement for FA rejection classifiers. Context is detected from feature vectors.

AUR improvement
Lane A Lane B

Classifier Kernel(s) Features Contexts Hard Soft Hard Soft
SKSVM linear HOG 3 29% 19% 83% 103%
SKSVM RBF(1) HOG 2 39% 68% 139% 123%

3 52% 26% 125% 152%
4 -100% -46% -99% 11%
5 -99% -48% -86% 66%

MKLGL HOG: linear HOG, LSTAT 3* 15% 29% 66% 83%
LSTAT: linear

MKLGL HOG: linear HOG, LSTAT 3** -10% 12% 59% 124%
LSTAT: linear

MKLGL HOG: K1 HOG, LSTAT 3* 39% 11% 79% 70%
LSTAT: linear

MKLGL HOG: K1 HOG, LSTAT 3** -21% 7.5% 57% 126%
LSTAT: linear

*Indicates that context was detected on HOG feature. **Indicates that context was detected on combination of HOG and LSTAT.

One of the challenges in training a classifier for these data is that nearly all the classifiers listed in Table 4 produced
training AURs of 1, meaning that the classifier had perfect FA rejection on the training lane. This can result in an unin-
formative training data set which can lead to overtraining and a poor testing performance. This is especially seen in the
classifiers that produced negative AUR improvements. These classifiers simply did not generalize well to the test data set.

6.3 Context Aware Classifier Results
Table 5 contains the resulting AUR improvement values for the context aware classifiers on testing Lanes A and B (Lane
B is trained with Lane A and vice-versa). Again, the cueing detector is the L-band VV image. The number of contexts
(clusters) used were 2-5, with 3 showing the overall best performance. Overall, the context aware approach does not give a
drastic improvement. It is able to produce the best AUR improvement in the Lane A test, but only by a slight margin. The
results on Lane B for the RBF(1) kernel, 3 contexts, and soft vote at 152% is near to the best seen in the MKLGL classifier
in Table 4, but the improvement seen in the corresponding Lane A data is far from the mark.

We believe that more data are needed to properly train the context-aware classifier. One problem we encountered is
that each of the clusters in the training data may not contain data with both class labels, which eliminates the chance to
train an effective SKSVM or MKLGL classifier. Furthermore, the trained classifiers were over specified by the context
aware clustering process. Because there were so few data in each cluster, the SVM classifiers were too easily able to find
a separating hyperplane. However, this does not generalize well to the training data, which results in the negative AUR
improvement scores seen in the table. While the results in this table do not support the idea of using the context aware
classifier, we believe that this conclusion is premature and more data need to be considered before a proper justification for
the idea can be made.

7. CONCLUSION AND FUTURE WORK
In this paper, we showed how L-band and X-band FLGPR can be fused to improve the detection statistics of individual
detectors. We tested several types of classifier designs and showed that that both SKSVM and MKLGL in concert with
the HOG feature have promise for significantly reducing FAs. The weakest element of our detection process thus far is the
FLGPR images themselves. The prescreener is only able to achieve very modest performance, which is clearly lower than
acceptable for operational capability. To combat this weakness, we are investigating methods for improving the standard
backpropagation code and coherent integration process. We aim to improve by operating directly on the FLGPR frames,
before coherent integration occurs. In essence, the “stack” of data frames at each location can be considered a feature
vector itself and this idea will be considered in the next installment of this work.
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7.1 Future Work
It is our conjecture that there is information that is not currently being used by standard magnitude-based feature descrip-
tors. We believe that there is information contained in the coherence over multiple scans of the FLGPR array. Hence, we
are going to investigate how feature representation can be learned for the step before coherent integration in the FLGPR
imaging process. While this will negate the improvement of SNR and resolution gained by coherently integrating multiple
scans over the forward motion of the vehicle, we believe that there may be target characteristics contained in the spatial
coherence of multiple scans that will enable a better detection rate than standard magnitude-only detection. Furthermore,
the scan-based detection could be fused with the magnitude-based detection to find those targets that are better found by
coherent integration of multiple scans.

Second, we will continue to investigate better methods for producing the radar images, examining multiple methods
for combining multiple scans from the forward motion of the vehicle, such as recursive sidelobe minimization (RSM) and
other statistical methods (other than the coherent average that we are currently using).20 Another avenue for improved
localization of the scatterers is the `1-minimization idea popular in compressive sensing.34 The idea here is that one
assumes that the signal producing the radar return is a sparse signal, i.e., the scene contains a small number of scatterers.
Hence, we are investigating `1 methods which are both effective and computationally efficient.

Third, we plan to examine other methods for multiple kernel learning, including our recent algorithm which uses a
non-linear aggregation to produce the overall kernel.35 It was shown in our work on this topic that our Choquet integral
approach to MKL was more effective than MKLGL on several publicly-available benchmark data sets. Hence, we believe
that we can achieve even better performance with our non-linear aggregation method. We will also investigate the addition
of other shape and texture features, such as ensembles of HOGs, local-binary-patterns, and shearlets.19, 36

Last, we will extend the analyses presented in this paper, integrate our future work ideas, and process more passes of
the FLGPR arrays to get a more comprehensive understanding of the overall performance in different scenarios and against
different types of targets. We also anticipate that using more training data will improve overall detection statistics.
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