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ABSTRACT

A magjor problem in the present flight simulators is that simulated displays such as visual, infra -
red, synthetic aperture radar etc., do hot correlate well with each other. A common data base to drive
these displays would facilitate such correlation. A subset of this problem of creating a common data base
is the following question: given a mix of input spectra of imagery, is it possible to predict using statistical
prediction techniques an infrared image that is not part of the original spectra.This research work is
directed towards prediciing an infrared image from the best and the smallest subset of the input spectra.
Simulations were performed on seven bands of LANDSAT Thematic Mapper images. Three types of
predictions were developed -and implemented and the results analyzed. The results proved that such
predictions were indeed possible and that the statistical prediction may give as good resulis as those
obtained from more complicated neural networks based predictions.
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INTRODUCTION

One of the major problems with the
present flight simulators is that the simulated
displays do not correlate well with one anocther
when each of the displays is generated by
different image generators made by different
manufacturers and there is no built-in correlation
among the data bases used by these image
generators. The logical question is whether it
possible to build such a common correlated data
base'that could drive all of these displays? A
subset of this question is addressed in this
paper. Given a mix of input specira of imagery
{a common database}, is it possible to
economically predict a spectrum, say an infrared
image, that is not part of the original database?

INFRARED PREDICTION -

The possibility of developing a system
for simulating an infrared image by using other
spectral bands as input, and finding a grey level
mapping depends on the properties of the
function

Im(xsy)=F[I1(xv)’)slz(va’)’Iz(st’)]

where I, (x,y), I, (x,y) and I, (x,y) are the
intensity levels at each pixel of the input image,

and [,(x,y) is the desired infrared image.

This function, although nonlinear, must be
reasonably smooth and well defined by the
training data. Our problem in effect is finding F
with the minimum number of I's.
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The work described in this report was
performed to dstermine the feasibilily of
predicting an image in an IR band by using
images in other bands as inputs. Such a
prediction would be useful for flight simulation

_ applications and might be implemented using a

neural network. A linear prediction of specific
selected areas in the regions of Washington and
Wentzville, Mo. has been achieved - which
supporis the contention that in general this
prediction is possible. Furthermore, a method
has been developed to select a subset of the
input-images to be used for a linear prediction,
and a measure of the accuracy of this method
has been calculated. Also the linear method,
which is based on the entire intensity range, has
been extended 1o a multidimensional, piecewise
linear approximation, and a measure of the
improvement in the prediction has been
calculated

STATISTICAL PREDICTION TECHNIQUES

This section outlines the algorithm for
prediction of IR image from the multi spectral
image {MSI) bands. It is based on standard
multivariate regression analysis and assumes
that there is a piecewise linear relation betwean
the IR image intensities and the MS| intensities.
Subimages are defined by selecting the set of
pixel coordinates (x,y) for which the IR intensity

is in a definite range, thus

subimage ={(x,y) | a<I,(x,y)<b}

where a and b are the lower and upper limits of



intensity for each subimage. These values are
chosen such that the collection of subimages
covers the entire IR image. For each band, and
for each subimage the intensities will be
renormalized to obtain a set of values with zero
mean,

Y;(x,y)=1;(x,y)—(subimage mean )

The assumed linear relation for
estimating the IR subimage from the other MSI
bands can be written as (letting band 7
represent-the IR hand)

]
Y2 (x.y)= E C; Y, (x,y)
J=1

The valuss for C. may be determined by
minimizing the sum of the squares of the
difference between the estimated values and
true values of the IR subimage.The covariance
matrix

A; =213(x,y) Y;(x.%)

subimage

and the vector

-B,:ZYq(x,y)'Yj(Lﬂ

subimage

are related to C by the matrix equation
C=A"B

The predicted image is then

Meanof Original +

) Y(x,)’)tz zcj(yj(x,y)— subimagemeaﬂ)

where the first summation indicates a selection
of the pixel intensity as predicted within the
subimage and the second summation indicates
a sum over input bands. The selection is based
on the definition of subimages of the original
image.
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SIMULATION METHODOLOGY

A Landsat TM quarter-scene image

of Southwest 3t. Louis area was used for this
work. Two regions, each of size 512 x 512
pixels, were selected for defailed analysis, one
near Washington, Mo. and one near Wentzville,
Mo. The means and standard deviations of
selected bands of these regions are tabulated
below.

Al calculations and analysis described
in this work were performed on an International
Imaging Systems M75 hosted by a Sun 4/380
workstation  running  the S-600 software
package.

DISCUSSION OF RESULTS

Linear prediction -- full intensity range

-For the regions of interest, a linear
prediction of band & with bands 1,2,3.4, and 7
as inputs and a linear prediction of band 7 with

~ bands 1,2,3,4, and 5 as inputs were investigated

with the subimage defined as the full intensity
range. The 5x5 covariance matrix equation was
solved to obtain the weights in the prediction
formula The numerical values of the weights
are tabulated in tables 4, 5, 6, and 7.

The accuracy :of these predictions are
measured by the standard deviation (SD) of the
difference between the criginal image and the
predicted image as shown in the Table 3 below.
As can be seen in the third line of table, in each .
case the SD of the difference is approximately
30% of the SD of the comresponding original
image, indicating a good prediction. There was
no visible difference between the original images

-and the predicted-images and therefore they are

not reproduced here.

Dominant Bands o

Predictions were made for bands 5 and
7 of Washington and Wentzville. regions by
choosing the three dcminant bands.The
solutions of the covariance matrix gives the
weights.The three - bands with the greatest
weights represent the dominant bands. The
statistics of the difference between the original
image and the predicted images are shown in
the Table 3. The standard deviations of the
dominant band case (original - predicted) as can
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Table 1 Image Means and Standard Deviations

IMAGE MEAN _STD. DEV.
Washington band 1 63.918 5.735
Washington band 2 25.394 3.951
Washington band 3 30.950 6.646
Washington band 4 37.682 12.961
Washington band 5 61.918 18.770
Washington band 7 28.922 10.034

Table 2 Image Means and Standard Deviations

IMAGE MEAN STD DEV
Wenizville band 1 .84.690 6.097
Wentzville band 2 25.751 4168
Wenizville band 3 32.288 7.015
Wentzville band 4 38.862 10.218
Wentzville band 5 66.368 15.398
Wentzville band 7 29.738 8.598

be seen from the table are less than the SD of

the original image. However, as might have

been-expected, the SD for the full-range, 5-band
prediction is less than the SD for the dominant
band prediction in all of the four cases
examined. Visual examination of the images
revealed that the predicted images are very
similar to the original images.

It can be seen from tables 4 and 6 that
in the case of band 5, the dominant bands are

2,3, and 7 for both geographical areas. In the

case of band 7 (tables 5 and 7), the dominant
bands are 3, 4, and 5 for Washington and 2, 3,
and 5 for Wentzville. Band 1 never dominates,
and band 3 and either 5 or 7 dominate all the
time .

Piecewise Linear Prediction
The selectad images were also
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predicied by using a piecewise linear prediction
method. The end:points for the definition of the
subimages are obtained by examination of the
histogram of the band to be predicied. The
images were divided into three subimages
having nearly the same number of pixels in
each. A prediction was done for each of the
subimages, and then a combined prediction was
obtained. The numerical values of the weights
are tabulated in tables 4, 5, 8, and 7.

The standard deviation of the difference
between the original and the piecewise predicted
image was calculated. As can be seen from
Table 3, this value is lower than the SD for the
corresponding linear prediction by about 13 fo
20% indicating an improved prediction for each
of the selected images. Visual examination of
the images reveals that the predicted images
are very similar to the original images.



Table 3 Standard Deviation of Original image and difference between Original

and predicted images.

Wentzvile 5 | Wentzville 7_| Washington 5 | Washington 7
Original
image 15.398 8.598 18.770 10.034

Qriginal -

Dominant 3 7.332 3.454 10.399 3.546

Criginal -

predicted 4,538 . 2.583 5.097 3.191

-Criginal -

piecewise 3.712 2.160 4,102 2.778

Table 4 Weights used in predicting Washington band 5
Band No Linear Subimage 1 | Subimage 2| Subimage 3
Prediction ’
1 -0.235 -0.357 -0.283 0.078
2 -1.688 _-0.888 -1.039 -1.178
3 0.931 0.474 0.813 0.476
4 0.740 0.527 0.480 0.482
7 1.234 - 1.429 0.764 0.713
Table 5 Weights used in predicting Washington band 7
Band No Linear | Subimagei | .Subimage2 | Subimage 3
Prediction

1 0.133 0.158 -0.024 -0.130
2 0.230 -0.292 0.680 0.581
3 0.311 0.158 0.285 0.236
4 -(0.267 -0.122 -0.358 -0.420
5 0.482 0.435 0.362 0.413
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Table 6 Weights used in the prediction of Wentzville 5

Band Number Linear Subimage 1 | Subimage2 | Subimage 3
Prediction
1 -0.127 -0.269 -0.234 0.073
2 -1.224 -0.750 -0.497 -0.972
3 0.636 0.448 0.330 0.637
4 0.604 0.438 0.340 0.402
7 1.338 1.572 1.030 0.822
Table 7 Weights used in the prediction of Wentzville 7
Band No Linear Subimage 1 Subimage 2 | Subimage 3
Prediction
1 0.062 0.082 0.084 -0.091
2 0.294 -0.214 0.145 0.503
3 0.289 0.183 0.198 0.242
4 -0.245 -0.088 -0.118 -0.318
5 0.433 0.370 - 0.254. 0.362

CONCLUSIONS AND FUTURE WORK

The following is a summary of the major
results of this work:
1) Prediction of an infrared image from other
multi spectral images is possible with several
different techniques and, the predicted images
are very similar to the original images. -
2) Prediction is improved when a -nonlinear
method -is-used resulting in about 13 to 20%
reduction in SD compared to the 5-band linear
prediction.
3) A subset consisting of three dominant
bands out of the five may be used to obtain a
prediction . This results in a slightly larger SD
compared with the linear prediction. Some
definite frends were clear in the identification of
the dominant bands.For the purposes of flight
simulation this simple approach to creating
correlated data -bases might well  work.
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Reducing the number of input bands required
has obvious implications for the data base
turnaround time and required  computing
resources. P e

The work reporied here forms the basis
tor extensions in several possible directions:
1) A piecewise linear prediction which uses a
subset of the irput bands could be developed
and tested. An optimal choice of weights within
the subspace of the input bands may preoduce
an improved prediction. The testing could be
performed over a larger selection of the input
images.
2} The prediction algorithms could be tested on .
spatially filkered versions of the images. An
investigation of the spatial properties of the
residual images and the correlations with the
spatially filtered input images may lead to an
improvement in the prediction.





