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Figure 1: Ommni-directional Image Navigation Syvstem based on onr distortion-correction method. USER
INPUT cousists of position on input ommi-directional image, size of corrected output image frame and zoom

level.

acteristic distortion of the wide-angle lens, train the
network on sample data and then use the trained net-
work to correct all or selected portions of the wide-
angle image. Figure 1 illustrates an application of our
method. Here, we exploit the general approximating
ability of a multi-layer neural network consisting of
perceptron processing units [4]. In presenting an ap-
plication of our approach in the next section, we show
how the problems of constructing a suitable experi-
mental setup for training and validation data gath-
ering and determining the optimum neural network
topology are resolved.

3 Application of Our Method

As a demonstration of the effectiveness of our pro-
posal, we have applied the approach outlined above to
the construction of perspective-corrected views from
a fish-eye image.

3.1 Experimental Setup for Obtaining
Training Data Set

We use a planar grid of equally spaced black dots on a
white background as our source of sample data. The
positions of the dots are tabulated for use as input
data for the network. If a video camera with high
enough resolution is used, enough sample points to
cover the entire problem domain could be imaged at
once. By constraining all sample data points to a
plane and aligning this plane with the optical axis of
the fish-eye lens, we can overcome the need to deal
with 3D data as all data points will have a uniform
third component. To align the plane containing the
sample data points with the optical axis of the fish-
eye lens, we use a method similar to that described
in [5]. First, with the iris of the video camera closed
to avoid damage to the CCD, a weak coherent light
source, such as a low power laser is directed at a video
camera to which the fish-eye lens has been attached
through a thin plate with a narrow slit in front of the
center of the lens. Part of the laser beam is reflected
onto the plate with the slit. The alignment of the
camera and laser source is then adjusted until the



laser beam reflects onto itself. This occurs when the
optical axis of the lens coincides with the laser beam.
The iris is then opened and a very bright dot appears
on the display. The dot now appearing on the dis-
play is the optical center of the fish-eye lens. The
plane containing the sample points is then aligned
to be perpendicular with the optical axis of the lens.
Optionally, the center of the sample grid could be
made to coincide with the optical center of the lens.
The positions of the dots on the image generated by
the fish-eye lens are then tabulated for use as refer-
ence responses in training the neural network. Linear
scaling of the data based on the distance between the
sample grid and the fish-eye lens, the resolution of the
video camera and other relevant camera data could
be carried out,

3.2 Network Training and Dynamic
Modification of Network Topology

Our goal is to find a near-optimal network that gives
a reasonable approximation to the characteristic dis-
tortion of the fish-eye lens. To achieve this goal, one
possibility is to start off with a minimal network con-
taining one input layer and one output layer but no
hidden layer and to progressively add hidden neurons
in such a way that each hidden neuron is connected
only to the inputs and its neighbors. This method,
cascade correlation, is well documented in [6] and
tends to generate rather deep networks. To test our
approach, we started off with a near minimal three-
layer perception network with the following topology:
2 input neurons, one each for the X and Y coordinates
of the undistorted destination image plane; 1 hidden
neuron; 2 output neurons, one each for the X and
Y coordinates of the distorted source image plane.
Since the ontputs are independent of each other, it
is not strictly necessary to have two output neurons
but we have retained this architecture for the con-
venience of training only once for both the X and Y
coordinates.

4 Simulation Results

For the test, we used a Nikon 8mm fish-eye lens at-
tached to a Nikon CoolPix 950 digital camera. A
sample grid containing 400 dots was used to gather
the training and validation data. The network was
then trained using back-propagation with the delta
learning rule and applying meiosis (node splitting)
until a mean squared error of about 0.08 was ob-
tained. The resultant network had 20 hidden neu-
rons and performed well on real images, as can be
seen in Figure 2 below. Sigmoid activation functions
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Figure 2: Perspective correction of an arbitrarily se-
lected sub-area of the fish-eye image. To the top of
the figure is the distorted input fish-eye image while
to the bottom is the corrected view of a selected por-
tion of the input image. Using our method, any ar-
bitrarily selected region of interest can be corrected.
The entire input image can also be corrected at once.
Our method works for images captured using an ar-
bitrarily complex wide-angle imaging system.



were used in both the output and hidden layers. The
learning rate used was 0.1.

5 Conclusion

A practical method of generating perspective-
corrected views of omni-directional images using con-
structive neural networks that obviates the need to
use perspective projection equations (which usually
apply only to the ideal case) was presented. The
method was then applied to the generation of arbi-
trary perspective-corrected views of a fish-eye image
with good results. The size of the network needed to
learn the distortion of the panoramic imaging system
could be further reduced by partitioning the image
and using smaller networks to learn the characteristic
distortions of the resulting partitions. The method
presented in this paper could be used in surveil-
lance, interactive immersive televison, robot control
and virtual reality applications. Further studies on
the use of neural networks with lateral connections
[7] providing good global and local approximation as
well as cascade correlation networks are currently un-
derway.
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