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Neural Network Model for Early Vision

Naoyuki TSURUTA, Rin-ichiro TANIGUCHI, Makoto AMAMIYA

In image understanding, it is necessary to combine data-driven analysis and model-driven prediction

adequately.

Therefore recently, the approaches of hypothesis-verification style come to be active.

In these

approaches, there are two main difficulties: how to control the adaptation of hypothesis and how to speed up

large hypothesis verification processes.

For these difficulties, the approach based on neural networks, which

are performed in asynchronous massive parallel, is seemed to be useful.

In early vision, there are few approaches from the above view point.
the model-driven prediction is also necessary for early vision.

for early vision.
The first one is for regularization with line process.

detect edges in the classified image, and is performed well on arbitrary scale in the regularization.
sub-network enables higher level processes to control the scale locally.
periments of edge detection based on the above method.
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The second one is for classification.

In this paper, we, first, discuss that
And, then, we propose a neural network model

The proposed network is constructed with three sub-networks based on Hopfield's network.

The line process
The last
Finally, we present results of our ex-
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Fig. 1  Neural network model for early vision based
on standard regularization theory, which is
called Hopfield's network. In this figure, @
is initial data. And O is neuron unit

whose value is Ulx, ).

® line process \

Fig. 2 Neural network model with line process for

early vision. If edge is detected on a line
process, the line process cut connection be-
tween the two adjacent units. In the fi-
gure, line processes are marked by @.
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Fig. 3  The relation between diference of two adja-

cent units and its contribution to JU/dt.
(see equation (4) and (5)). (a) regulariza-
tion, (b) classification.
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Control from

high-level vision

B scale parameter A

Neural network model in which scale para-
meters are also constructed by Hopfield's
network.  This model enables to control
the scale parameters locally. In this fi-
gure, each scale parameter is marked by n:
Line process are abridged in this figure.

Fig. 4

(b) Detected edge

(a) Original image: “Plug”.
after only classificantion process (f =17.0).

(¢) Detected edge after regularization (A =
0.7) and classification (3 =17.0).
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Fig. 6 (a) Original image: “House". (b) Detected
edge after only classification process (f = Fig. 7 Dct(cted edge after scale-control for Flg
17.0) . (c) Detected edge after regulariza- (c).  Controled points is marked by three
tion (A =0.7) and classification (8 =17.0). arrows.
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