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ABSTRACT

In an optical correlator, binary phase-only filters (BPOFs) that recognize objects that vary in a nonrepeatable
way are essential for recognizing objects from actual sensors. An approach is required that is as descriptive
as a BPOF yet robust to object and background variations of an unknown or nonrepeatable type. We devel-
oped a BPOF that was more robust than a synthetic discriminant function (SDF) filter. This was done by
creating a filter that retained the invariant features of a training set. By simulation, our feature-based filter
offered a range of performance by setting a parameter to different values. As the value of the parameter was
changed, correlation peaks within the training set became more consistent and broader. In addition, the fea
ture-based filter was potentially useful for recognizing objects outside the training set. Furthermore, the fea-
ture-based filter was more easily calculated and trained than an SDF filter.

1. INTRODUCTION

The major difficulty encountered when using a binary phase-only filter (BPOF) in an optical correlator is
its sensitivity to changes in the object's appearance. In imagery from actual sensors, the same object can
vary significantly depending on aspect angle, lighting, atmospheric effects, and a host of other variables. In
addition, object boundaries may be poorly defined and buried in the background. Identifying an object that
has a nonrepeatable signature is one of the key technical challenges of automatic object re1

In reality, imagery from sensors is often nonrepeatable; the same object can vary in appearance depending
on weather conditions, lighting, and other variables. These objects, whose distortion cannot be repeated
exactly, are said to vary in an unknown manner. The creation of BPOFs to recognize objects that vary in an
unknown manner is essential for recognizing objects from actual sensors. Recently, approaches based on
SDF filters have been applied to areas such as handwriting verification, and aircraft identification.2'3 In
one study, many variations of an pattern was incorporated into the filter to obtain robustness.2 Another
approach used digital image processing techniques to confine images to vary in a limited but unknown
manner, then filters with a small number of training images were used to identify objects.3 In both cases,
an approach is required that is as descriptive as a BPOF yet robust to object or background variations of an
unknown or nonrepeatable type.
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We derived a filter that was calculated from object's' features. By attempting to recognize an object based
on its features, we made a BPOF more robust. To help evaluate the potential of our approach, we used im-
agery from actual sensors that were not from the original training set. The next section briefly discusses
thresholding and is followed by SDF filter formation in the following section. Details of a filter made from
features of a training set are in Section 4, and Section 5 presents the performance of the filter. Finally, dis-
cussion and conclusions are presented in Sections 6 and 7 respectively.

2 PREPROCESSING

Infrared (IR) imagery (8-14 pm) of ground scenes from actual sensors were used to evaluate filters. Images
were digitized with 128 x 128 pixels with 8 bits/pixel. Because the application was to binary SLMS, the
imagery ultimately had to be thresholded.

Thresholding was performed by choosing a single threshold value for the entire image. When the object
and background within an image are obvious, a threshold value can be easily chosen, and different meth-
ods usually give similar results. In the imagery we examined, the background and object were easily sepa-
rated; however, edges were not well-defined. We used digital image processing techniques to implement
an isodata thresholding method that examines peak values in the histogram of an image.4 A threshold value
was chosen between peaks that were associated with the object and the background so that the object could
be segmented from the background. If noise or atmospheric distortion is present, the peaks of the histo-
gram will change their position or shape, but the peaks are usually identified. Choosing a threshold yalue
between peaks of a histogram often results in an image that is similar to the silhouette of the object. As
variables such as lighting, noise, and atmospheric effects within an image change, the resulting thresholded
images will remain similar but will often be different in an unknown or nonrepeatable way.

3 SYNTHETIC DISCRIMINANT FUNCTION FILTERS

We compared our filter to results obtained with an fSDF filter, so we briefly describe how the fSDF filters
were made. A conventional SDF is a combination of images that can be described as

s(x,y) = at(x,y) (1)

where t are centered training images and a are weight coefficients. SDF synthesis techniques may be
used to determine the weight coefflcients.5'° The complex conjugate of the Fourier transform of s(x,y) is
the matched filter

S(u,v) =F[s(x,y)]*
(2)

where F is the Fourier transform operator.
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An improved version of an SDF, called a filter SDF (fSDF), has been introduced that includes the function
modulation characteristics of the device onto which the filter is mapped in the synthesis equations.7 For
fSDF-BPOFs, the coefficients an can be iterated based on the formula

. . [ Imi
a71 =a+ffc—co1-4

L \mo (3)

where i is the iteration number,ft is a damping constant, and m in is themodulus of the peak correlation
response of image t,(x, y) with a filter made with the coefficient vector d. In the experiments described in
this paper, the initial solution vector was taken to be the desired correlation response vector, d= c = 1.

4.0 FEATURE-BASED FILTERING

Generally, the cross-correlation between a input image and an image used to make a filter is maximized
when the mean squared error (MSE) between the two images is minimized.8 In the formulation of an SDF
filter, the MSE between each training image and the filter image are minimized subject to the constraint that
all the MSEs are equal. This is accomplished by multiplying each input image by a weight value. The idea
behind the fSDF filter is similar to that of the SDF filter, however, the weights are chosen to produce the
desired filter after the SDF has been quantized to form a BPOF.

In contrast to the SDF filter formulation, we developed a ifiter whose values were determined by features
of the training set. We attempted to find a filter that represents the critical characteristics of an object so that
objects outside the training set could be identified. Thereore, we examined features that were invariant with
respect to the training set. Because correlation filters are derived from the Fourier transform of an object,
we examined feature extraction in the Fourier domain. Optical feature extraction has been previously per-
formed in the Fourier domain by using the power spectrum of an object as features to train a neural network
for classification.9 Because BPOFs have provided suitable solutions for recognizing objects, we viewed the
BPOFs from several objects as a collection of features to create a new filter for an optical correlator. We
retained those features that were invariant among a training set by examining all filters at the same pixel on
a pixel by pixel basis. We rejected those features that were not invariant for a particular distortion. For cx-
ample, if the same value occurred in the BPOFs at a particular pixel, we used that value for that pixel in a
new BPOF. In this way we constructed a new BPOF that represented features of the objects in the training
set.

Our filters were generated from n, N x N training images as follows. The BPOF for each training image was
calculated. Then, the BPOFs of all the training images are added together pixel by pixel. The result was an
N x N array of integer values. If the value at a pixel of the array was greater than a positive-valued threshold,
then that pixel was set to +1. If the value at a pixel of the array was less than the negative of the threshold,
then the pixel was set to -1, otherwise the pixel was set to zero. The filter was described as
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hf p�>H(u,v)
G(u,v) _ if(—p) �H(u,v) (4)

0 otherwise

where H(u, v) is the BPOF of a training image t(x, y) and p is the threshold that determines the order of
the filter.

5.0 EXPERIMENT

We considered an IR photograph like that described in the previous section that contained a total of ten air-
craft. We created ten 128 x 128 images from the photograph where each aircraft could fit in a square of
about 90 x 90 pixels and labeled the images imagel - imagelO. We used five thresholded images that were
derived from Fig. 1 as training images to create different filters. We also obtained nine additional images
(imagel 1 - imagel9) from another photograph that contained the same type of aircraft. We then cross-cor-
related both filters with the training set and the remaining fourteen images. Both the fSDF and feature-
based filter with p = 1 had similar performance. For images within the training set, the average correlation
height produced by the fSDF and feature-based filter were 70.1 and 76.4% the maximum of that filter
respectively. The maximum value of the feature-based filter was 90.8% of the maximum of the fSDF filter.
The PRMSR values for images within the training set were 1 1 .6 for the feature-based filter compared to
the 15.3 for the fSDF filter. Neither filter produced very useful correlation heights for images outside the
training set. The feature-based filter produced more consistent results than the fSDF filter at the expense of
slightly decreased and broader correlation peaks.

A comparison of the normalized correlation heights between the fSDF filter and feature-based filter with p
= 3, 5 is shown in Fig. 2. The maximum value for each filter was set to 100 as in the previous experiment.
For images within the training set, the average correlation height produced by the feature-based filters forp
= 3, 5 were 78.3 and 94.5% the maximum respectively and the PRMSR values were 9.6 and 3.2 respectively.
For p = 3, the correlation peaks were slightly broader than the p = 1 case; however, the p = 5 filter had sig-
nificanfly broader peaks. The maximum values of the correlation height for p =3, 5 were 52.8 and 11.1%
of the maximum of the fSDF filter respectively.

In contrast to the fSDF filter, some correlation responses for images outside the training set were useful us-
ing a feature-based filter with p =3, 5. For the feature-based filter with p =3, some correlation heights were
above 30% the maximum. For p =5, some values were above 60%. As in the previous experiment, the fea-
ture-based filter produced more consistent results than the fSDF filter at the expense of decreased and broad-
er correlation peaks.

The correlation peak for the feature-based filter when p = 5 was broad when compared to other filters with
different values for p or the fSDF filter. In an effort to improve the PRMSR values, we considered blocking
pixels of the filter near the DC component. The blocking of the DC is consistent with our approach because

SPIE Vol. 1701 Optical Pattern Recognition III (1992)1 267

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 9/26/2017 Terms of Use: https://spiedigitallibrary.spie.org/ss/TermsOfUse.aspx



all objects will have a DC component; therefore, this feature will not be useful for discrimination and can
be eliminated. We blocked the central pixel of the filter where p =5 and compared its results to the case
where the central pixel was not blocked. The normalized correlation heights are almost the same in both
cases but the PRMSR values had increased from 3.2 to 4.2. We also blocked a 3 x 3 pixel area of the filter
around the DC component and the PRMSR further increased to 5.3 forthe training set but the average nor-
malized correlation heights generally decreased. A summary of the performance of the various filters are
shown in Table 1 . As fewer but more consistent features were retained, the conelation responses were more
consistent but the correlation response became broader. By blocking the pixels around the DC component,
the correlation height could be made sharper at the expense of less consistent correlation heights. As an cx-
ample of the correlation results obtained with the different filters, the cross-correlation responses for image4
and the feature-based filters are shown in Fig. 3 for comparison. Note that the height of each response was
set to the same value and Fig. 3(c) was for the case when the central pixel of the filter was blocked.

Table 1: Performance of Various Filters for Images in Training Set

Filter

Average
Normalized
Correlation

Height

Average
PRMSR

value

fSDF 70.8 15.3

Feature-based (p=1) 76.4 11.6

Feature-based (p=3) 78.3 9.6

Feature-based (p=5) 94.5 3.2

Feature-based (p=5)
1 pixel DC block

94.0 4.2

Feature-based (p=5)
3x3 pixel DC block

87.8 5.3

In contrast to the fSDF filter, the feature-based filters were potentially useful for images outside the training
set. We arbitrarily set a threshold in the correlation plane as a percentage of the maximum correlation height
of the training set to examine the responses of the different filters. A correlation response greater than the
threshold indicates recognition of an object. Although changing the threshold would change the results, sim-
ilar conclusions can be drawn unless the threshold value is too low or too high. We examined the case where
the threshold is 30% of the maximum and examined the data for the feature-based filters for correlation re-
suits outside the training set. The data was summarized in Table 2 and showed that the performance of the
fSDF filter and the filters withp = 1, 3, were similar. These filters were generally not useful for recognizing
images outside the training set; a total of 1 of the 14 images outside the training set was recognized for these
filters. Whenp was increased to 5, 12of the 14 images were recognized. As pixels near the DC were blocked
to improve the PRMSR value, the average correlation heights of the responses decreased. Therefore, fewer
images could be recognized. The performance of the filters with p =5 with and without the central pixel
blocked were similar.
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Table 2: Performance of Various Filters for Images outside of Training Set

Filter

Number of
images

recognized
(above 30%

ofmaximum)

Average
Normalized
Correlation
Height of

recognized
images

fSDF 0 -

Feature-based (p=l) 0 -

Feature-based (p=3) 1 34.6

Feature-based (p=5) 12 47.6

Feature-based (p=5)
1 pixelDC block

12 45.4

Feature-based (p=5)
3 x 3 pixel DC block

7 42.2

6.0 DISCUSSION

The feature-based filter recognized a set of objects based on features. This was done by creating a filter that
retained features that were invariant with respect to the training set. The feature domain contained the sign
of the phase of the Fourier transform of training images at each pixel. By using features that were invariant
to the training set, objects that were outside the training set could be recognized.

The feature-based filter was calculated in a simpler manner than the fSDF filter. Both the time and number
of operations required to calculate the feature-based filter was on the order of calculating n FFFs. In con-
trast, the fSDF approach requires a cross-correlation between every training image and the filter every iter-
ation. This requires on the order of ni FF1' calculations where i is the number of iterations and has been
generally set to ten.7 Therefore, the time and number of operations required to calculate the feature-based
filter was about an order of magnitude less than for the fSDF filter.

A feature-based filter was more easily trained than an fSDF filter. We consider the case where an fSDF filter
made from n training images is presented with a new image that belong to the same class as the training set
but does not produce a useful correlation result. In this case, the fSDF filter must be completely recalculated
in the usual way with n + 1 images in the training set. For k new images, (n+k)i FVFs are required to generate
a new filter. In contrast, the feature-based filter required k FFTs when k new images were presented.

7.0 CONCLUSION

The feature-based filter offered a range of performance. In the case where none of the pixels were set to zero
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in the filter, the fSDF and feature-based filter offered similar perfonnance. The feature-based filter was
slightly more consistent and had broader correlation peaks for objects within the training set than the fSDF
filter. Neither filter appeared to be useful for recognizing objects outside the training set.

As pixels of the filter were set to zero in the feature-based filter, the correlation peaks within the training set
became more consistent even though their average height decreased. As the number of pixels set to zero
increased, the correlation heights became more consistent but broader. When images of the same class as
the training set but not in the training set were used as inputs, the feature-based filter was potentially useful.
Our experiments involved five training images. The use of more training images suggests that more possi-
bilities are available in trading off between consistency and broadness of the correlation results. In this way,
the feature-based filter can be made robust to recognized object outside the training set.

Finally, a feature-based filter was more easily calculated and trained than an fSDF filter. The feature-based
filter required about an order of magnitude fewer calculation than the fSDF ifiter. In addition, new images
added to the training set, required the fSDF filter to be completely recalculated which was not the case in
the feature-based filter.
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Figure 1 Portion of JR image showing some of the images used in our experiment. Thresholded versions
of the five aircraft were used as training images for different filters.
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Figure 2 Comparison of correlation heights obtained with feature-based filters withp =3,5,and an fSDF
filter for various imagery. Note that only image 1 - imageS are in the training set.

(a) Feature-based filter (p = 1)
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(b) Feature-based filter (p =3)

Figure 3

(c) Feature-based filter (p =5)
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