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(Neural Network Based Computer Vision and Image Processing)
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Image Restoration
Shape Recognition
Stereo Vision
Motion Analysis
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< Hopfield Net Algorithm »

step 1 : Assign Connectlon Welghts
M:1 s 8
Soxv e
t” =
0 I=] 0<1i}< N1

t” Is the connectlon weight from node |

to node |, xf = 1, or -1 ( I-th element of class s)

step 2 : Initialize with Unknown I[nput Pattern
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UIOE

xl:

X 0 <1< N1
output of node | at time t

I-th element of the input pattern

step 3 : lterate Untll Convergence
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hard limiter

step 4 : go to step 2
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QUTPUT (Valid After MAXNET Convergas)
Yo Y Ym.z Yma

CALCULATE
MATCHING
SCORES

-------

Xo % Xn-2  Ena
INPUT (Applied At Time Zero)

A feed-forward Hamming net maximum like-
lihood classifier for binary inputs corrupted by naisa. The
lower subnet caiculatas N minus the Hamming distanca to
M exemplar patterns. The upper net selects that node
with the maximum output. All nodes use threshold-lagic
nonlinearities where it is assumed that the outputs of
these nonlinearities never saturate.

1%l 3. Hamming Netd +3

(225)

—53—

< Hamming Net Algorithm »

step 1. Assign Connection Welghts and ofisets

In the lower subnet :
|

X| N
Yips 7 4t

05is N, 0s]|s MY

In the upper subnet :

0S kIS M1

W” : connection weight
from (nput | to node |

In the lower subnet

k)  connection weight

from node k to node |

step 2. Inltialize with Unknown Input Pattern

N-Y
Byto) =t C L Wix - 6))
0<] s M-

u]u) ¢ output of node ] in the upper
subnet at time t

X I-th element of the Input

step 3. iterate Untll Convergence

Wter) = (‘(lll(!) - E.E_vll»lk(l))

0s bk s M-1

This process is repeated untii convergence.

step 4. go to step 2
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