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ABSTRACT

Infrared imagery of 512 x 512 pixels were processed with 128 x 128 arrays by computer simulation of an
optical correlator using various correlation filters. Pyramidal processing using binary phase-only filters
(BPOFs), synthetic discriminant function (SDF) filters, and feature-based filters was used to process an
entire image in parallel at different resolutions. Results showed that both SDF and feature-based filters
were more robust to the effects of thresholding input imagery than BPOFs. The feature-based filters
offered a range of perfonnance 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. The feature-
based filters were more useful than both the SDF and simple BPOFs for recognizing objects outside the
training set. Furthermore, the feature-based filter was more easily calculated and trained than an SDF filter.

1 INTRODUCTION

The bandwidth of currently available spatial light modulators (SLMs) is often not large enough for many
applications. Most SLMs have at most 128 x 128, or 256 x 256 pixels; however, many applications require
at least 512 x 512 pixels. Applications requiring many more pixels are not uncommon. Pyramidal image
processing is a form of multi-resolution processing where an image is processed at different resolutions.'3
Using this technique, an image can be processed with fewer pixels at a lower resolution. This technique is
well suited to optics because of the parallelism inherent in optical processing. Using available devices, an
optical correlator can be constructed to take advantage of pyramid processing.

In an optical correlator, a binary spatial light modulator implementing a binary phase-only filter (BPOF) is
often used.4 BPOFs have provided suitable solutions when attempting to recognize a specified object in a
database. The major difficulty encountered when using a BPOF is its sensitivity to changes in an 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. Although an optical correlator using pyramid processing has
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been previously described, the use of more robust filters could further improve its performance.5

In reality, imagery from sensors is often nonrepeatable; the same object can vary in appearance depending
on weather conditions, lighting, and other variables. These imaged 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 in developing optical techniques for recognizing objects from
actual sensors. Recently, an approach was described that used digital image processing techniques to con-
fine images to vary in a limited but unknown manner, then filters with a small number of training images
were used to identify objects.6 We used a similar approach with a pyramid structure and images that have
more pixels than the spatial light modulators to identify objects.

We used a correlation filter that was calculated from objects' features. By attempting to recognize an object
based on these features, we increased the robustness of the BPOF. To help evaluate the potential of our ap-
proach, we used imagery from actual sensors with a variety of objects. The next section briefly discusses
pyramidal processing followed by the thresholding needed for the display of imagery on binary SLMs.
Then, different filters are discussed followed by results from computer simulations. Finally, discussion and
conclusions are presented.

2 PYRAMIDAL IMAGE PROCESSING

A pyramid structure consists of an image with a series of reduced-resolution versions of itself. One of the
most common methods of pyramid representation is the Gaussian pyramid. In this configuration, an image
is usually low-pass filtered to prevent aliasing then downsampled to achieve a lower-resolution version of
the image. The process is repeated until the lowest level of the pyramid is reached.

A common way to generate an image pyramid is to filter an image with Gaussian functions of increasing
standard deviations and downsample the image by increasing amounts. First, an original 2N x 2's' image is
low-pass filtered to eliminate spatial frequencies greater in magnitude than it/2 where the spatial frequencies
of the image extend from -it to +ic. The image is then downsampled by a factor of 2 to yield a 2Ni x 2N1
image. To generate other levels of the pyramid, the 2N x 2N image is filtered to eliminate spatial frequencies
greater in magnitude than ic/L, then downsampled by a factor ofL to yield a 2L x N-L image. If the original
image f(m, n) is referred to as level 0, then fL(m, n) represents different versions of the original image at
levelL, where 0 < m, n < 2N-L , and L is thelevelofthe pyramid (L = 0, 1, 2, . . . N).

Generally, low-pass filtering produces grey-leveled values at some pixels. Since grey levels cannot be im-
plemented on binary SLMs, we considered an alternative way to generate a pyramid structure. Morpholog-
ical processing was used here instead of Gaussian low-pass filtering to create a pyramid structure.7 In a
morphological pyramid, an opening operation can be treated as a low-pass (size) filter that performs smooth-
ing of the contour of an object. In addition, the output of the opening operation is binary so that the resulting
opened and downsampled image can be displayed on an SLM. Because some SLMs can only display binary
data, the use of Gaussian pyramids is inhibited in these cases.

In morphology, an image is transformed with different patterns of predefined shapes called structuring ele-
ments. In morphological pyramids, smoothing is performed by an opening operation which can be thought
of as a low-pass size filter. An imagef is opened with a structuring element S as,
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(foS) = (fS) S
(1)

where e and are the erosion and dilation operators respectively. In short, the erosion and dilation oper-
ators are moving local minimum and maximum operators respectively.

The opened image is downsampled by a factor of 2 to produce the first level of the pyramid. Additional 1ev-
els are obtained in a similar fashion. Ideally, the downsampling or decimation process of the opened image
produces an image that can reconstruct the original image according to the sampling theorem.

3 PREPROCESSING

Infrared (IR) imagery (8-14 m) of ground scenes from actual sensors were used to evaluate our approach.
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 methods usually give
similar results.

In the imagery we examined, the background and object were easily separated; however, edges were not
well-defined. We used digital image processing techniques to choose a threshold value between peaks of a
histogram that were associated with the object and the background for segmentation. If noise or atmo-
spheric distortion is present, the peaks of the histogram will change their position or shape, but the peaks
are usually identified. Choosing a threshold value 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 way. This difference is large enough to affect the correlation response.6

4 FILTERING METHODS

4.1 Binary Phase-Only Filters Made From Single Objects

We chose a thresholding line angle of zero degrees because others have achieved satisfactory results using
this value.8 Our BPOFs were created in the following way. The Fourier transform of a desired image was
computed and its phase was set to either 0 or it at each pixel. If the calculated phase angle was between 0
and it, then the phase at that pixel was set to 0. If the calculated phase angle was between itand 2it, then the
phase at that pixel was set to it.

4.2 Synthetic Discriminant Function Filters

A conventional SDF is a combination of images that can be described as

s(x,y) = at(x,y) (2)

SPIE Vol. 1702 Hybrid Image and Signal Processing II! (1992) / 157

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



where t are centered training images and a are weight coefficients. The complex conjugate of the Fourier
transform of s(x,y) is the matched filter

S(u,v) =F[s(x,y)]*
(3)

where F is the Fourier transform operator.

A filter called an fSDF filter has been introduced that includes the function modulation characteristics of
the device onto which the filter is mapped in the synthesis equations.9 For fSDF-BPOFs, the coefficients az
are iterated based on the formula

a1 =
m (4)

where i is the iteration number, fi is a damping constant, and m is the modulus 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, a =c = 1.

In the formulation ofan SDF filter, the mean-squared error (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 multi-
plying 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.

4.3 Feature-based Filtering

In contrast to the SDF filter formulation, we used a filter whose values were determined by features of a
training set.1° We used this type of filter because it represents the critical characteristics of an object that has
undergone a change. The feature-based filter examines features that are invariant with respect to a training
set. Because correlation filters are derived from the Fourier transform of an object, we examined feature ex-
traction in the Fourier domain. 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 corr-
elator. 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 dis-
tortion. For example, 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
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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

hf p�H(u,v)
G (u, v) =

if(—p) � >H (u, v) (5)

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 RESULTS
5.1 Lowest resolution level

The original image used in our example was an 8-bit grey scale image of 512 x 512 pixels and is shown in
Fig. 1 . It was an infrared photograph containing two classes of aircraft. Both the image in Fig. 1 and the
images used to make the various filters were preprocessed so they could be correlated using 128 x 128
images. The preprocessing consisted of thresholding Fig. 1 at a constant level, performing two opening
operations and downsampling by a factor of four. Through this process, the image in Fig. 1 became a 128 x
128 image and is shown in Fig. 2. A 128 x 128 section of Fig. 1 around the plane second from the top on
the right side was used as a filter image from where a BPOF was made. The filter image was processed the
same way as the input and filled with 0's so the filter image could be processed with a 128 x 128 array.

The threshold value for the input images and the filters were not necessarily the same. Therefore, objects in
the input and filter image could be different. This difference is enough to significantly affect the correlation
response, therefore, we examined other types of filters. For the SDF and feature-based filters, five training
images were used to create a filter. Five different images of planes of the same class as that on the right
hand side of Fig. 1 were used in the training set. The three images on the right of Fig. 1 were used in the
training set in addition to two others that are not shown. The five training images were processed as the
input then combined according to Sec. 4.

Objects in Fig. 1 were similar enough so that all in-class objects were identified with all filters. We initially
used such an image so we could better compare the performance of the filters. In our simulations we prima-
rily identified two performance measures, the signal-to-clutter ratio (S/C) and the ratio of maximum and
minimum peaks of in-class objects. The S/C is the ratio of the lowest in-class peak to the highest noise
peak in our case. The results are indicated in both Tables 1 and 2. The results showed that both the SDF and
feature-based filters gave more consistent results than the simple BPOF and that the feature-based filter
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could give varying performance by adjusting the parameter p. At level 0, the BPOF had a ratio of maxi-
mum to minimum correlation heights for in-class objects of 5.4db and the fSDF filter had a value of 2.0 for
this ratio. The results of the feature-based filter ranged from 1.3 to 2.9 db. Some of the simulation results
are shown in Fig. 3.

In terms of the S/C, the SDF filter had a value of 4. 1db and the BPOF had a value of 3.9 db. As before, the
performance of the feature-based filter could be made to vary by adjusting the parameter p. Its use gave
results ranging form 1.0 to 1.3 db. At this level of the pyramid, we are looking for points of interest in an
image that warrants further investigation. Therefore, the image was separated into different images and
processed at a higher resolution.

Table 1: Ratio of maximum to minimum correlation heights for in-class objects for various filters
(db)

Filter Level 0 Level 1 Level 2

BPOF 5.4 4.0 11.9

fSDF 2.0 4.7 8.2

Feature-based (p=l) 2.9 3.1 5.7

Feature-based (p=3) 2.7 2.7 5.2

Feature-based (p=5) 1.3 2.2 3.2

Table 2: S/C of various filters (db)

Filter Level 0 Level 1 Level 2

BPOF 3.9 5.7 7.0

fSDF 4.1 4.2 5.4

Feature-based (p=l) 1.3 3.2 6.7

Feature-based (p=3) 1.1 3.5 6.4

Feature-based (p=5) 1.0 2.4 6.4

5.2 Other levels of resolution

In our example, we used three quadrants of the image in Fig. 1 at level 1 .As before, the filters were pro-
cessed the same way. The results at this and all levels are also shown in Tables 1 and 2. At the lowest level
of the pyramid, the image was correlated at full resolution without preprocessing with the exception of
thresholding. Only areas that showed a significant correlation peak in level 1 were further investigated.
The resulting areas were 128 x 128 sections of the original image centered on the four aircraft of the same
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class.

At level 1 , the ratio of maximum to minimum correlation heights for the BPOF for in-class objects
decreased slightly to 4.0 db. The ratios of the SDF filter increased significantly while the ratios for the fea-
ture-based filter increased at a slower rate than that of the fSDF filters.

6 SUMMARY AND CONCLUSIONS

Images of greater resolution that the input device of an optical correlator may be processed using a pyrami-
dal technique. The use of morphological operators to generate the pyramid allows the technique to be im-
plemented with binary devices. A BPOF made from a single object was useful but lacked robustness due to
small changes in an objects. The SDF and feature-based filters were more robust than the BPOF. The fea-
ture-based filter generally offered more consistent results than the SDF filter. Furthermore, the performance
of the feature-based filter could vary depending on a parameterp. The S/C of the SDF filter was higher than
the feature-based filter for lower levels of the pyramid. This was because the out-of-class objects used to
test discrimination ability had some features similar to the in-class objects. We expect that these features
could be rejected to yield improved S/C results.

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 FFTs. 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 FFT calculations where i is the number of iterations and has been
generally set to ten.9 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.

7 ACKNOWLEDGEMENT

This work was supported in part by the Photonics Center of Rome Laboratory, Griffiss AFB, NY

8 REFERENCES

[1] P. J. Burt, "The pyramid as a structure for efficient computation," in Multi-resolution Image Processing
and Analysis, A. Rosenfeld, ed., Chap. 2, Springer-Verlag: Berlin (1984)

[21 S. L. Tanimoto, "Template matching in pyramids," Comp. Graph. & Im. Proc. 16, 356-369 (1981)

[31 G. Eichmann, C. Lu, J. Zhu, Y. Li, "Pyramidal image processing using morphology," Proc. SPIE 974,
30-37 (1988)

[4] D. L. Flannery, J. S. Loomis, M. E. Milkovich, and P. E. Keller, "Application of binary phase-only cor-
relation to machine vision," Optical Engineering 27(4), 309-320 (1988)

[5] S. P. Kozaitis, and R. Petrilak, "Performance of pyramidal phase-only filtering of infrared imagery",
Optical Information Processing Systems and Architectures III, B. Javidi, Ed., Proc. SPIE 1564,403-413
(1991)

SPIE Vol. 1702 Hybrid Image and Signal Processing 1!! (1992) / 161

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



[6] S. P. Kozaitis, and W. E. Foor, "Performance of synthetic discriminant function filters on thresholded
imagery", Optical Engineering 3 1(4) (April 1992)

[7] F-K. Sun, and P. Maragos, "Experiments on image compression using morphological pyramids" SPIE
1199, 1303-1312 (1989)

[8] B. V. K. Vijaya Kumar and Z. Bahri, "Efficient algorithm for designing a ternary valued filter yielding
maximum signal to noise ratio," App!. Opt. 28(10) 1919-1925 (1989)

[9] D. A. Jared and D. J. Ennis, "Inclusion of filter modulation in synthetic discriminant function construc-
tion," App!. Opt. 28(2), 232-239 (1989)

[10] 5. P. Kozaitis, R. Petrilak, and W. E. Foor, "Feature-based correlation filters for distortion inva.ri-
ance," Optical Pattern Recognition IV, D. P. Casasent, and T-H. Chao, Ed., Proc. SPifi 1701-36 (1992)

162 / SPIE Vol. 1702 Hybrid Image and Signal Processing II! (1992)

Figure 1 Input image used in experiments
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Figure 2 Input image after being thresholded, opened and downsampled

Figure 3 (a) Correlation result using a BPOF from a single object
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Figure 3 (c) Correlation result using a feature-based filter (p =3)
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Figure 3 (b) Correlation result using an SDF filter
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