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ABSTRACT

Distortion-tolerant correlation filter methods have been applied to many video-based automatic target recognition (ATR)
applications, but in a single-frame architecture. In this paper we introduce an efficient framework for combining infor-
mation from multiple correlation outputs in a probabilistic way. Our framework is capable of handling scenes with an
unknown number of targets at unknown positions. The main algorithm in our framework uses a probabilistic mapping of
the correlation outputs and takes advantage of a position-independent target motion model in order to efficiently compute
posterior target location probabilities. An important feature of the framework is the ability to incorporate any existing
correlation filter design, thus facilitating the construction of a distortion-tolerant multi-frame ATR. In our simulations,
we incorporate the minimum average correlation energy Méllin radial harmonic (MACE-MRH) corrélation filter design,
which allows the user to specify the desired scale response of the filter. We test our algorithm on real and synthesized
infrared (IR) video seguences that exhibit various degrees of target scale distortion. Our simulation results show that the
multi-frame algorithm significantly improves the recognition performance of a MACE-MRH filter while requiring only a
marginal increase in computation. We also show that, for an equivalent amount of added computation, using larger filter
banksinstead of multi-frame information is unable to provide a comparabl e performanceincrease.

1. INTRODUCTION

Distortion-tolerant correlation filters (CFs) have proven to be successful for the task of target detection and recognition
on single-frame images' due to their attractive properties such as shift-invariance and graceful degradation. Because of
these properties, they are well-suited for processing scenes with an unknown number of targets and large amounts of noise
and/or clutter. For applications in which a time sequence of images of the scene is available, one approach is to apply
a single-frame recognition algorithm to each frame separately and to declare the presence of a target if a majority of the
frames detect the target of interest. While the implementation of such a system is a straightforward extension of asingle-
frame classifier, it does not make use of the positional continuity of a moving target across frames. A better strategy might
recognize that the target is not likely to move randomly from one region of the image to another region far from it, and
hence the target location extracted from frame n might make a good first estimate of the target location in framen + 1.
Such astrategy could be used to improve target recognition by augmenting the result in a particular frame with information
gathered from previous frames and by imposing a stochastic model for how the target might move from one frame to
another.

Target recognition across multiple frames in this manner is sometimes referred to as tracking. Severa solutions have
been proposed in the literature. The most obvious solutions combine correlation filtering methods with some variety of
Kaman-Bucy filters (KBfs).?2 The typical approach of such solutions is to apply the Kalman filter to initial estimates
of the target locations generated by the correlation filters. Such methods have the disadvantage of tracking only a single
potential target, since they assume unimodal Gaussian posteriors. Kaman filters are al so known to suffer from the problem
of break-off; that is, if the tracker locks onto the wrong target, it has very little chance of recovery. This suboptimal
coupling of KBf trackers and CFs has exhibited poor performancein scenes with large amounts of clutter. *

Bruno has proposed Bayesian methods for target tracking based on hidden Markov models (HMMs) which overcome
several of the limitations of KBf/correlation filter coupling.® While this solution derives an optimal estimate for the
position of atarget based on past and future frames, it nonethel ess suffers from several drawbacks, including high compu-
tational load, which increases with the size and number of models of the target, and the inability to track multiple targets
simultaneously. The use of particle filters was proposed by the same author as a way to decrease computation and move
to a continuous-valued target motion model. Particle filters, unlike Kalman filters, are not limited to unimodal posteri-
ors; however, such techniques have not been applied to correlation filter-based ATR. Furthermore, this departure from the
optimal HMM solution resultsin aloss of performance.



Several other solutions to the tracking problem have also been proposed in the literature. In Arnold et al., 8 dynamic
programming is employed to find the most likely path of a target across a sequence of frames. For scenes with a large
number of potential target locations (possibly every pixel of the scene), this procedure can become computationally chal-
lenging. In Lipton et al.,” detection is applied only to the most recently observed target location and any image regions
that change from one frame to the next. This approach enables more efficient tracking, but may not be effective in scenes
containing extensive non-target motion.

While distortion-tolerant CFs have proven useful as single-frame classifiers, they present no obvious strategy for track-
ing across multiple frames apart from introducing an intermediate detection step, which results in a loss of information.
However, if the resulting correlation output values are placed in a probabilistic framework, information from multiple
frames can be combined in a Bayesian manner. In this paper, we present a strategy somewhat related to the solution pro-
posed in® that offers certain computational advantages over a traditional HMM-based approach. We begin by imposing
a probabilistic interpretation of the CF outputs. We then process these outputs in a way analogous to the HMM forward
agorithm?® to generate an enhanced correlation output based on the outputs from previous frames. We show how certain
reasonabl e assumptions on the motion model can be used to structure the forward algorithm as a convol ution, thus making
our agorithm require only two additional fast Fourier transforms (FFTs) per frame. We use a variant of the recently-
introduced Minimum Average Correlation Energy Mellin Radial Harmonic (MACE-MRH) filters to achieve scale-tolerant
target recognition. Our simulation results show that while the single frame performance of these filtersis often poor in our
test scenarios, coupling the filters with the multi-frame a gorithm enables high accuracy target recognition while retaining
scale-tolerance.

Therest of this paper isorganized asfollows. Section 2 providesa brief background on MACE-MRH correlationfilters.
Section 3 explains the theory behind the multi-frame algorithm and the assumptions made on the target motion model.
Section 4 describes our implementation and shows several experimental results, and we provide concluding remarks in
Section 5.

2. SCALE-TOLERANT CORRELATION FILTERS

Correlation filtering refers to the process of locating a specific pattern in an image by computing its cross-correl ation with
afilter template. Theresulting output, called the “ correlation plane,” isinspected for peaks, and the locations of sufficiently
sharp peaks indicate the positions of the pattern in the input. Thus, CFs can handle the presence of multiple targets in the
scene. Peak sharpnessis typically measured by the peak-to-sideloberatio (PSR) defined? as follows:

|peak — mean|

PSR =
std

D
where the mean and standard deviation are computed from a small region of the plane surrounding but not including the
peak.

The simplest CF is the matched filter in which the template is matched to a single training image; however, the use of
matched filtersis typically not attractive for ATR since the number of matched filters needed may be very large because
of target variability. Such variability is often due to distortions such as scale, rotation, configuration, and thermal state. In
contrast, more advanced composite CF designs allow the use of multiple training images and can produce a template that
tolerates one or more types of distortion. Many designs a so optimize certain performance criteria such as peak sharpness,
output similarity, and low output noise variance.'© Thus, we will need fewer composite CFs than matched filters. The
design stage of a CF can be computationally intensive; however, the filter need only be designed once, and applying the
filter thereafter can be performed efficiently using FFTs.

MACE-MRH correlation filters'! are specifically formulated to tolerate target scale distortion. These filters are based
onthe Méellin radial harmonic (MRH) transform, an orthogonal basis set with the property that scaling a signal with respect
to the spatial axes only affects its MRH coefficients by a phase factor. This scaling property is exploited in the MACE-
MRH filter design theory to yield a filter with a user-controlled scale response; that is, the user can specify the desired
correlation peak response curve of the filter over al input scale factors. A typical family of scale response curvesis the
set of rectangular functions, which alow a given filter to recognize the input pattern within some limited range of scale
factors. A rectangular scale response curve is useful in designing banks of scale-tolerant filters, where each filter in the
bank is responsible for recognizing targets in some small partition of the total range of scale distortion. MACE-MRH



filters have higher discrimination capability than earlier scale-invariant filter designs'? because they retain much more of
the available pattern information.

It has been demonstrated'® that applying fractional-power nonlinearities in the frequency domain can improve the
recognition performance of a MACE-MRH filter. One reason for this improvement is that raising the magnitude of the
frequency spectrum to a power between zero and one typically has the effect of boosting the higher, more discriminating
frequencies (since these most often have lower magnitude), resulting in a sharper and more detectabl e correl ation peak. We
use fractional-power enhancementsin our experiments, and thuswe refer to our overall filtering scheme as fractional -power
Méllin radial harmonic (FPMRH) correlation filtering.

In an application where the scale of the observed target is highly uncertain, we might choose to train a single FPMRH
filter with a very wide rectangular response curve on some reference image of the target. Although this approach saves
computation, one disadvantage is that enforcing tolerance over a wider range of variations typically leads to decreased
peak sharpness and thus lower discrimination capability. In order to achieve a compromise between discrimination and
distortion tolerance, multiple filters trained on smaller partitions of the distortion range are often applied in parallel at the
cost of increased computation. Thus for each input frame, a group of correlation planes is obtained at the output. In this
paper, several of our simulations use only a single filter for each recognition task, and we show that this can be sufficient
for accurate target recognition when used in conjunction with the multi-frame a gorithm.

3. EFFICIENT MULTI-FRAME CORRELATION FILTERING

Our goa in multi-frame correlation filtering at each time step is to combine the information contained in the correlation
planes generated from the current and past framesin order to produce a single, high-accuracy plane that contains areduced
number of false peaks. This can be chalenging in ATR applications where correlation filters need to be trained to handle
a wide range of target scales and orientations. As a consequence of achieving such distortion tolerance, the filters tend
to produce weak correlation peaks that are easily corrupted by noise. By incorporating information from previous planes,
however, we may be able to lock onto consistent peaks while rejecting more of the noise and short-lived spurious peaksin
the correlation planes.

The key to our multi-frame filtering strategy is a probabilistic interpretation of correlation planes. We first map each
individual correlation plane to a “probability plane”. Thisis a 2-D array in which each value represents the probability
that atarget is located at the corresponding pixel positionin the scene. (It isimportant to note here that when we say that
atarget is located at a pixel p in an image, we mean that some pre-chosen aim point on the target is located most closely
to pixel p; we do not mean simply that pixel p is somewhere on the target.) We define another array, called the “transition
plane” and denoted by frp (Ax), the values of which specify the probabilities that a target will move from its current
position by Ax to other possible positions in the scene. From this probabilistic information and a Markovian assumption
on the target path, we can compute a plane of values representing the probability of atarget appearing at each position in
framen given frames 1 through n.

To formalize this notion, we first apply a mapping function to the raw correlation plane from each frame, and we
denote the resultant value at each position by P (H. [x] | F;) — the probability of the hypothesis H, [x] that atarget is
present at position x at time ¢ given just the observation of the frame F'; at that time. It should be noted that, for a given ¢,
P( H; [x]) isnot aprobability mass function (pmf) over the variable x but rather a2-D array of binary pmfs, i.e., at each
pixel location x, there are two possible events (namely, target present or target not present), and their probabilities sum to
one. For example, given just thefirst frame of data, the probability that atarget is present at position x at time¢ is denoted
by P (H: [x] | F1), and an estimate of this function is obtained by applying the mapping function to the first correlation
plane. We assume that the probabilities of jointly observing any two frames are independent conditioned on the target
position. Also, we assume a uniform prior P( H; [x] ) = po on the target position for every ¢ (before any observations).



The probability after observing the first two framesis then given by
P(Fy, Fy | Hy [x]) P(H; [x])

P(Hy[x] | F2, F1) =
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corresponds to the second frame and is a constant with respect to x. If we assume that two targets cannot be located at the
same position, then we can rewrite Equation 2 as

P(Hy[x] [ Fp) Do P(Ha[x] | H [xT], F1) P(H) [X] | F1)

P(Hy[x] | F2, F1) = G

(4)

Thevector x’ in Equation 4 isthe summaion index, where the summation takesinto account all possiblelocationsx ’ at time
1 from which atarget could have arrived at location x at time 2. We now introduce the assumption that the probability of a
target moving from one pixel to another can be specified by afunction of asingle argument f rp (Ax), i.e., the transition
probabilities are spatially stationary, depending only on the changein target position and not on the absolute position itself.
Under this assumption and substituting x — x’ for Ax, we can rewrite Equation 4 as

P(Hy[x] | F2)- > frp(x—x') P(H [X] | F1)
Cs '

P(Hy[x] | F2, F1) =

Using these expressions, we can generalize the probability of atarget being present at position x at time ¢ in terms of
al previousframes as follows:

L
C.

where the x and - operators denote discrete 2-D convolution and pointwise multiplication, respectively. We refer to thisre-
sulting plane as the “ enhanced plane”,, because pointwise-multiplying the plane P (H ; [x] | F}) by the planeresulting from
the convolution operation in Equation 5 effectively enhances the original plane by incorporating additional information.

P(H¢[x] | Ft, Fi—1,..., F1) = - P(Hy[x] | F}) - [frp (x) * P(Hi—1 [x] | Ft—1, Fi—2, ..., F1)] (5

To generate “probability planes’ P (H; [x] | F}) from the raw correlation outputs, we use the PSR metric given in
Equation 1. This metric has been shown to be effective for locating targets in cluttered scenes. ! It is important to realize
that PSR values are not limited to the range [0, 1] (and in fact are not bounded above at all). For this reason, they cannot
properly be labeled as probability values without first applying some mapping from [0, oo] to [0,1]. Nevertheless, we
choose here to overlook this formality; one justification for thisis that when noiseis present in the application, PSR values
are essentially bounded, and thus there exists a scaling factor which will almost surely map any resultant PSR valueinto the
proper range. However, because this scaling factor will be absorbed by subsequent normalization operations, it is sufficient
to work with unscaled PSR values.

Whilethereis no reason to believe that PSR values are directly proportional to the true probability values, they should
follow the same trends. In other words, sharp peaks in the correlation plane intuitively correspond to a higher likelihood
of the presence of a target, and the PSR metric emphasizes such locations. In our PSR computations, we used a main
window size of 20x20 pixels centered around the peak and excluded a 6x6 window immediately adjacent to the peak.
For the transition function, we assume a two-dimensional circularly-symmetric Gaussian centered at the origin (where the
origin corresponds to no movement). The standard deviation or width o tp of this Gaussian is an important parameter in
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Figure 1. Frames of sequence “L1608" (ground truth drawn): (a) frame 1; (b) frame 290.

our multi-frame algorithm. If o1p is close to zero, then the multi-frame algorithm will favor only small motions between
adjacent frames. Onthe other hand, if orp isvery large, then transition probabilities are effectively uniform over theregion
of interest and no target location information will be propagated from previous framesto the current frame. We discuss the
choice of an appropriate o rp valuein more detail in Section 4.

It should be noted that Equation 5 is the convolution of the transition probability with the probability plane constructed
from the sequence of previous frames. This observation enables efficient computation in the frequency domain. We point
out that by applying 2D FFTsto frp (Ax) and P (H;_1 [x] | Ft—1, Ft—o, ..., F1), we can compute the convolution in the
frequency domain as a multiplication. We then apply an inverse FFT to convert the result back into the space domain. This
is afar less expensive operation than performing the convolution operation in the space domain directly. Because the FFT
of frp (Ax) need only be computed once, the incorporation of our multi-frame a gorithm in a correlation filtering scheme
reguires only two additional FFTs and one pointwise array multiplication per frame.

4. EVALUATION

In order to evaluate our algorithm, we carried out target recognition experiments on real and synthesized infrared (IR)
video segquences. The real sequence is taken from a database of forward-looking infrared (FLIR) imagery provided by
the U.S. Army Aviation and Missile Command (AMCOM). This sequence (labeled “L 1608") was captured from amissile
seeker camera attached to a helicopter flying an approach trgjectory toward several ground targets. Because of this motion
path, the targets in the sequence undergo large scale variations over the duration of the sequence. The AMCOM sequence
includes ground truth data for every frame, specifying the position, size, and type of all targets appearing in each frame.
Sample frames of this sequence are shown in Figure 1.

Each frame of the synthesized sequences was generated by superimposing a cropped IR target image extracted from
the AMCOM database sequence over a synthesized background composed of correlated Gaussian noise. White Gaussian
noise was then added to the overall image to yield an effective SNR of -15 dB relative to the target-and-background-only
image. In one half of the synthesized sequences, the target size was chosen randomly from the range [50%, 100%] of
original target size, while in the other half the target size was fixed to its origina size. A target path for each sequence
was computed as a 2-D random walk, with the magnitude of each successive step drawn according to either a Gaussian,
exponential, or uniform distribution and the direction of the step drawn from a uniform distribution over [0, 27). This
path model may be less predictable and hence more difficult than a real-world target path, which helps to demonstrate the
robustness of our a gorithm. Sample frames of a synthesized sequence as well as a sample target path are shown in Figure
2.
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Figure 2. Frames of a synthesized sequence with scale variation (ground truth drawn): (a) frame 38; (b) frame 39. A sample target path
from a synthesized sequence is shown in ().

We trained banks of FPMRH correlation filters to recognize one particular target in each sequence by extracting an
image of the target from the final frame of the corresponding AMCOM database sequence. This scheme mimicsarealistic
scenario in which very few images of the target are available for training during the design stage. In order to train filters
with the appropriate scal e tol erance, we partitioned the scal e range of interest into /N non-overlapping subsets, where N is
the number of filters in the filter bank, and trained each filter to recognize targets only within its corresponding subset of
the scale range. The resulting bank of filters covered the entire range of target scale in the video sequence. As mentioned
in Section 2, the advantage of increasing the number of filtersin our experimentsis that each filter is given asmaller range
of scalesto tolerate, resulting in sharper correlation peaks and hence better discrimination.

Once the filter bank was designed, we applied it to the video sequence using two different methods: the multi-frame
algorithm described in Section 3 (with each bank containing a single filter) and a standard single-frame agorithm. The
single-frame algorithm was implemented as follows: first, each of the IV correlation filters in the bank was applied to a
frameto yield IV separate correlation planes. The PSR value was computed at every point in each plane, and a universal
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Figure 3. Examples of (a) probability plane, (b) convolution result, and (c) enhanced plane, which is the pointwise product of the
two planesin (a) and (b). The planes were generated from the first 30 frames of sequence “L1608" (i.e., at the 30th iteration of the
multi-frame algorithm.)

threshold was applied to each PSR plane to yield a set of detections for that plane. The detections from all planes were
collected to yield an overall set of detections for the given frame. PSR values were computed using atotal of 4 FFTs per
plane (for efficiently computing the required first- and second-order statistics by convolving the plane and its pointwise
sguare with window functions), resulting in atotal of 5 FFTs per filter used for the single-frame a gorithm.

In the multi-frame algorithm, enhanced probability planes were computed from PSR planes as described in Section
3. In order to negate the effect of the unknown constant in Equation 5, the PSR metric was aso applied to the resultant
enhanced plane. Examples of these planes at each step are shown in Figure 3. The first PSR plane was used as the initial
probability plane. The enhanced planefor each frame was then thresholded to yield aset of detections. Our scoring scheme
in both the single-frame and the multi-frame method was as follows: first, a successful detection wastallied for each frame
in which any detection occurred at a target pixel, and a miss was tallied otherwise; second, a false dlarm was tallied for
each frame in which any detections occurred outside of the target bounding box. We emphasize the fact that in this scheme,
aparticular frame can simultaneously produce a detection/false alarm pair or a miss/false alarm pair. False alarm rate and
miss rate are denoted by Praand Py, respectively.

Our primary analysisis a performance comparison between the multi-frame a gorithm and the single-frame approach
described above. In order to put the two algorithms on equal footing with respect to computation, we trained filter banks
of various sizes for use by the single-frame algorithm. Specifically, a single-frame approach using 2 filters with the PSR
metric will require approximately the same amount of computation as the multi-frame algorithm using a single filter. In
addition to 2-filter banks, we also trained banks of between 1 and 10 filters, where the larger banks require significantly
more computation than the multi-frame agorithm. The performance of the various approaches is shown using box-and-
whisker plotsin Figure 4 for each type of synthetic sequence that was generated. Each plot represents the false alarm rate



statistics over 20 different synthesized sequences. We observe that using a Gaussian-shaped transition probability results
in good performance even when the underlying distribution is not Gaussian. Thus, the shape of the transition probability
function is not necessarily a critical design choice when using the multi-frame algorithm.

The performance of various filter banks on real datafor both the single-frame and the multi-frame a gorithms is com-
pared in Figure 5. While intuition suggests that using more filters should increase performance (at the expense of com-
putational load), and indeed this general trend is observed in our results, the multi-frame agorithm with only one filter
neverthel ess outperforms the single-frame algorithm with as many as 10 filters. Because the multi-frame architecture re-
quiresonly 2 additional FFTs per frame plus PSR computation, this set of resultsillustrates the usefulness of incorporating
multi-frame information into a correlation filtering scheme.

Our secondary analysis of the multi-frame algorithm explores the effect of the o rp parameter on recognition perfor-
mance. For this analysis, we focus on the real sequence “L1608". We first generated receiver operating characteristic
(ROC) curves over awide range of orp values and computed the false alarm rate at various fixed miss rates for each curve.
Several such ROC curves are shown in Figure 6. It should be noted that using very large o tp values (> 100) essentially
results in a single-frame algorithm; the reason for this is that the flat shape of the resulting Gaussian completely blurs out
any information from previous correlation planesin the convolution.

A plot of the false alarm rates versus orp for the real sequence is shown in Figure 7. The plot compares single-
frame and multi-frame performance as the number of filters in the single-frame filter bank is varied. We first observe
that orp valuescloseto 5 yield very low false alarm rates (close to zero) compared to the equal-computation (i.e., 2-filter)
single-frame case. We a so observe asurprising trend in the false alarm rate curve—for o tp valueslessthan 4 and between
7 and 11, the multi-frame algorithm actually degrades recognition performance. For o tp values in the former range, the
transition probability function is too narrow to capture the large motion of the target, and thus the true target peaks are
suppressed. On the other hand, we have observed that, for o tp valuesin the latter range, the multi-frame algorithm locks
onto regions of densely distributed sporadic clutter peaksin the correlation plane. When the average spacing between these
digoint peaksis consistently small relative to the width of the Gaussian transition function, they will tend to reinforce each
other in the convolution operation, and the result may outweigh the true peak. If o tp isin the appropriate range based on
the target motion in the sequence, these fal se peaks will instead will be suppressed by the more consistent true peaks.

5. CONCLUSIONS

We have presented an efficient multi-frame correlation filtering method that merges information from a time sequence
of correlation filter outputs using a simple motion model for the targets. An appropriate combination scheme is derived
by interpreting a processed version of the correlation plane for each frame as the probability of a target appearing in a
particular pixel location. Because this combination of information can be written as a convol ution operation, the algorithm
can be carried out efficiently in the frequency domain.

Evaluation against a collection of both real and synthesized infrared image sequencesindicates that this procedure can
be useful for improving target recognition accuracy in practical applications. In all of our test cases, applying the multi-
frame agorithm with an appropriate o rp value resulted in a greater performance improvement than adding an additional
filte—which represents an equivalent increase in computation in our implementation. In many of the test sequences, a
single FPMRH filter alone produced a false alarm in every frame at a 90% detection rate, while the same filter combined
with the multi-frame algorithm at the same detection rate was able to achieve false alarm rates of less than 5%. These large
performanceincreases demonstrate the fact that correlation filters which have high distortion tol erance but poor recognition
capability on their own may be useful in scenarios in which information from multiple imagesis available.

The major parameter to be chosen in the multi-frame algorithm is the width parameter o tp of a Gaussian transition
probability. In addition to demonstrating the existence of beneficial o rp values, our results suggested that choosing the
wrong value of orp can have a negative impact on recognition performance. While our analysis involved an extensive
search of orp values, it did not include a study of the actual target motion statistics in the video sequences. Any reasonable
method for choosing good o tp valueswould likely requirethistype of information, and thus future work on our algorithm
should include relating orp to these statistics. In addition, other classes of transition probability functions and probability
mapping functions should be explored, as there is no reason to believe that our preliminary choices are the optimal ones.
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Figure 4. Box-and-whisker plots of false-alarm rates at Pni = 0.1 for multi-frame (MF) and single-frame (SF) recognition on different
sets of 20 synthetic sequences. Multi-frame experiments used a single filter, while single-frame experiments used filter banks of sizes 1,
2,5, and 10. Plots (a), (c), and (e) are for sequences with variable target scale, while plots (b), (d), and (f) have afixed target size. The
title of each plot shows the distribution used to generate target paths in the sequences. Boxes show mean plus lower and upper quartiles.
Plus (+) symbols indicate outlier results. Note that the boxes in the single-frame columns are short and appear near the top of the plot.
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Figure 5. Plot of false alarm rate at a fixed Py for different filter bank sizes on real sequence “L1608”. The leftmost bar represents
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multi-frame performance with a single filter, while the others represent single-frame performance.
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Figure 6. ROC curves for single-frame and multi-frame algorithms on sequence “L1608". Thevaue orp = 5 was used to generate the
multi-frame curve.
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Figure 7. Plot of false alarm rate at Py = 0.1 for different values of orp 0on sequence “L1608". Single-frame performance does not
depend on orp because it is not a parameter in the single-frame algorithm.



