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ABSTRACT

Simulation of infrared, radar, and other fmaging sensors plays an important role in the planning and rehearsal of military missions and in the
training of mission personnel. The chailenge is to develop technology thatcan use recently acquired intelligence information to quickly simulate
- cockpit sensor displays that accurately represent the real world while insuring correlation with the cut—the—window displays and among the

SENSOrs.

This paper describes a novel, neural-network—based technique for infrared and radar image simulation directly from muld-spectral imagery.
Sowrce imagery, its processing using neural networks, and infrared and radar image simulation results are presented.

INTRODUCTION

The importance of imaging sensors, including infrared and ra-
dar, to the successful execution of navigation and air-to—ground
targeting functions has been clearly demonstrated in practice. Such
sensors could be applied even more effectively by mission person-
nel who have planned, previewed, and rehearsed the wse of these
- imaging sensors prior to actual mission execution. To support this
training process it is important that sensor imagery be simulated
rapidly using the most recently acquired intelligence data.

Currently available image generators employed for sensor simu-
Iation nse databases that describe mission gaming areas in terms of
discrete features, three—dimensional models, and digital terrain ele-
vations. Such information is derived from terrain photography, dig-

ital imagery, and a variety of cartographic produncts. Unfortunately, -

the process of reducing the original source imagery into a com-
pressed set of attributed features and terrain models “filters out™
most of the demailed spectral information available in the source
imagery and also discards the desirable real-world appearance of
the imagery. Because such databases are coarse representations of
the real world, sensor images simulated from these databases also
Tepresent a coarse approximation to the real world.

Furthermore, although a semi—automatic process of extracting
feature models and attributes from source imagery can produce
. highly detailed representations of selected areas of interest, this can
be a very time-intensive and subjective process. Consequently, in
simations requiring rapid database generation or updating, only the
most critical areas can be modelled adequately to support high—
fidelity sensor simulations. The remainder of the mission gaming
area is still simulated at low fidelity using sparse andfor old data.

This paper addresses image—based techniques intended to over-
come the limitations of raditional feature—driven sensor stmulaton
approaches by directly transforming multi-spectral imagery into a
sensor image. Such techniques have the potential to provide rapidly
. simrlated, high—fidelity, sensor imagery correlated with other sen-
sor imagery and the real world over large gaming areas.

After a brief introducton to image—o—image transformations
and artificial neural networks, inital results in infrared and radar
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image intensity simnlations are presented, followed by conclusions
regarding future investipations.

IMAGE-TO-IMAGE TRANSFORMATIONS
AND ARTIFICIAL NEURAL NETWORKS

Figure 1 compares traditional and image—to-image sensor
image generation approaches. The image—to—image approach di-
recily and in real time transforms multi-spectral imagery (MSI)
from a run—time database into the desired sensor image. The run—-
time database is a mosaic of multiple resolution images reformatted
and pre—processed off-line from real-world MSIL. Both infrared
and radar images, for example, are to be generated directly, at ron—
time, from the same multi-spectral database, ensuring correlated
infrared and radar displays and an accurate representation of the
real world. i

In contrast, the traditional approach to sensor image generation
requires an intensive analysis of MSI to develop models of real
world feanires which are then inserted into a common database.
The database is converted into either a mosaic of gridded data or
polygons which are in turn used to simulate the sensor imagery. A
major lirnitation of this approach is the substantial time and re-
sources required to perform the necessary feature extraction and
modelling needed to generate or modify the common and run—time
databases.

The ability to perform successful image—to—image transforma-
tions for sensor simulation reguires the selection of a set of multi—
spectral input image channels that, in combination, contain
sufficient information to predict the desired image waveband. Also
nezded is a way to deduce the inter—band relationships to be used for
the image prediction/transformation function, and to apply that
transferm to the stored database images to produce the desired sen-
sor image in real time.  The technique presented here attempts to
achieve this by applying the learning andrecall capabilities of artifi--
cial neural networks to multi—spectral imagery.

Figure 1 illustrates infrared (IR), radar, and night—vision goggle-
(NVG) processors implemented using artificial neural networks
(ANNs). Figure 2 shows a typical multi-layer, feed—-forward nenrat
network having three inputs, eight outpats, and three trainable



Mesalcad NVG " Sansor
MSI Data Base Fadar Imagery
Hei " (1] ol
ormatting Processor{_I— H|MFo
Traditionat Sensor 1G Feature/Modal
Data Base
MSI
Foature
Refozmatting | Extraction |
and Madaling
. Sensor
Mosaiced Gridded NVG Imagery
ta Ba -
Data Base Faddar -
Featurel =
o :
Recanstruction R » - -
and Processar| [ B
Formatting - S
_ @1:-5::1%::7

Figure 1. A Comparison of Image-to—Image and Traditlonal
Sensor Slmulation Approaches

Figure 2, A 3-32-16-8 Multi-Layer Feed—Forward Artificial
Neural Network

layers. Bach layer contains many identical processing eletrents re-
ferred to as “neurons™. A typical neuron, as shown in Figure 3, con-
sists of a summation cperator followed by a non-linear transfer, or
“activation™, function. Using a backpropagation-of—errors algo- -
rithm[ 13, the network js trained by iteratively presenting examples
of input values paired with corresponding desired outpat data and
adjusting the neuron input weights ontil optimal agreement be-
tween the predicted and desired output values is achieved.

Figure 4 illustrates the concept of training and applying neurat
networks for radar image prediction using MSL During training,
synthetic aperture radar (SAR) imagery is presented to the net-
work’s output while MST of the same geographic area is simulia-
neously presented to the three network inputs. During production,
MSI produced by the same or similar sensors is passed through the
. neural network to predict SAR image intensities.
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Figure 3. Neuron — The Baslc Pracessing Element of
Artificial Neural Networks

INFRARED AND RADAR IMAGE
_ SIMULATION RESULTS

We have performed two experiments o invésﬁgate the potentiai
for direct transformation of MSI into IR and SAR imagery.

The first experiment involved training a back—propagation neu-
ral network (BPN) on Landsat Thematic Mapper (TM) MSI to pre-
dict 2 near IR band from other TM MSI bands as an initial step
toward predicting Forward-Looking IR (FLIR) sensor imagery.
Multi-spectral pixels for network training were randomly selecied
from the region swrounding Washington, Missouri. Their valuesin
TM bands 2 {0.52-0.60 um), 4 (0.76-0.90 um), and 5 (1.35- 1.75)
were used to train a multi-layer feed-forward nearal network io
predict the near—IR band 7 (2.08-2.35 um). Thenetwork had three—
inputs, two hidden layers consisting of thirty—two and sixteen
nodes, and an eight-node cutput layer (256 intensity levels). It was
trained using the back—propagation—of—errors technique by repeti-
tively “showing” the network a fraining databasc containing 16,384
pixels randomily sampled from the Washington, Missouri, MSI da-
tabase.
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Figure 4, Training an Artificial Neurafl Network for Image .
Prediction

After ten passes through the training data, the network error had
stabilized and the connection weights were stored, The trained net-
work was then used to predict the near—IR TM band 7 for an area
near Wentzville, Missouri, again using TM bands 2, 4, and 5 as in-
put. The predicted pixel intensities were forrmed by converting the
eight BPN outputs into an 8-bit, 256—grey~level pixel intensity.
The results are shown in Figure 5 where the actual band 7 image is
on the Jeft and the predicted band 7 image is on the right. The differ-
ences in grey levels between the predicted and actual TM band 7
images were minor, indicating the network learned the rmlti-band
intensity transformation quite well.

The long—wave IR TM band 6 {10.4~12.5 um) was also used for
FLIR simulation experiments. However, the low spatial resolution
{120 m/pixel) and coarse grey-level quantization (9 grey levels in
the training pixels and 22 levels in the testing images) of TM band 6

coniributed to the production of highly segmented images that were

-not good reproductions of the actual band 6 image.

In the second experiment a sirnilar BPN network was trained to
predicta SAR image of downtown St. Louis, MO. This ime, a train-
ing database was created by manually selecting 400 pixels of SPOT

- satellite MSI data registered with a flight-test SAR image, The

SPOT MSI bands 1 (0.50--0.59 um), 2 (0.61-0.68 um), and 3
(0.79-0.89 um) and an X-band (10-GHz) radar were used. The
training data included pixels taken from the river, a bridge, streets,
highoways, bare ground, grass, and several structures including a sta-
dium, parking garage, and power plant. -

After 1,400 icrations through the database, the setwork was
used topredict the SAR image shown in Figure 6. Over fifty percerit -
of a random set of pixels taken from the actual SAR. image were
found to be identical to those predicted by the nenral network.

Figure 5. A Comparison of Actual and Predicted Landsat
T™ Near-1R Band 7 images of Wentzviile, Missourl
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Figure 6.

Predicted

A Cormparison of Actual and Predicted X-Band

SAR Images

One result of particular interest is that the two northern bridges
showed up clearly in the predicted image, but only the supporting
piers of the sonthernmost bridge were highlighted. This was due to
the fact that the northern bridge, from which training pixels were

taken, is primarily a stone and concrete structure, while the south- -

ernmnost bridge is constructed almost entirely of dark metal. No pix-
els from the southern bridge were included in the original training
database. As aresult, only the concrete piers were “recognized” by
the neural network and shown in the predicted radar image. This
omission was resolved by adding six pixels from the upper portion
of the “missing” bridge to the training database and retraining the
network. The newly sampled bridge (and other spectrally similar
objects) then appeared in subsequent predicted radar images.

Another interesting featore of the predicted SAR image is the
- presence of a bright, square structure in the upper left that is not
present in the actual SAR image used to train the network. This is
not a “stealth building”, but instead is not visible in the actual radar
image simply becanse the structure did not exist when the radar
. image was made but was present several years later when the SPOT
satellite imagery was acquired.

CONCLUSION

The infrared and radar image prediction results achieved so far
are promising but indicate the need for additional research. For ex-
ample, although the nenral-network predictions of near-IR images
were very good, the far-IR imagery produced so farhas been much

less accurate. To what degree the low fdelity is due to the inherent _

- difficulty of the prediction and how much it is caused by other fac—
tors remains unclear and requires further investigation.

The unexpected appearance of 4 recenfly completed building in
the predicted SAR image of St. Louis (not present in the SAR itag-
cry used to train the network) demonstrates one of the advantages of
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simulating sensor displays directly from the latest reconnaissance
imagery. The predicted sensorimagery, even if not perfectin every.
respect, will be as up—to—date as the latest reconnaissance imagery,-
and will be antomatically correlated with other sensor and visual
displays also generated directly from the same MSIL

The results described here represent the initial phase of our in-
vestigation into the capabilities and limitations of this approach to
imaging sensor simulation. Further research is required in many
areas including limitations due to the effects of weather, Sun angle,
clouds, and other atmospheric conditions on neural-network train-
ing and image prediction over & variety of geographic areas.

Experimentation is also needed to determine how to best gener-
ate and blend terrain—dependent 3B effects into the predicted radar
imagery. Forexample, no attempt was made to predict the “speckle
noise” evident in real SAR images or 3-D effects such as shadowing
and far—shore brightening.

Although our research has only begun to investigate the poten-
tial, and limnitations, of a direct—from-MSI, image—to—image ap-
proach to sensor simulation, we believe that our neural network
based technigues for learning multi-spectral image transformations
will provide a powerful tool to support the rapid simulation of sen-
sor imagery over large gaming arcas.
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