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Abstract

A neural network system for structural feature extrac-
tion from thinned binary images is proposcd. The system
consists of two neural networks, called the line separation
network (LSN) and the feature extraction network (FEN).
The LSN includes scveral ncuron plancs which classifv
input image lincs into- groups of lines in distinct
directions. And thc FEN constructs structural featurcs
from the lines with known directions. The LSN is a
recurrent  network which collects information about
neighbors in wide arcas by information propagation
through iterations. So, even curvy lines can be obtained.
This in turn makes it casier for the FEN to extract
featurcs. Good cxperimental results show the cffectivencss
of the proposed neural network sysiem.

I. Introduction

Intersection points, such as crosscs. forks. corners, linc
ends, elc., in line images are uscful for many applications,
like optical character rccognition, engincering drawing
recognition, ctc. They arc especially suitable for the rec-
ognition of Chincse characters since most Chinese charac-
ters arc composcd of lincar strokes.

Neural networks have been proved Lo be effective tools
for pattern recognition |1-3]. In a ncural network imple-
mentation of an image reccognition system, the features fed
into the ncural network are usually extracted by algo-
rithmic approaches using computers, not by the ncural
nctwork itself. Nevertheless, Fukushima [4] successfully
denved features from binary images and recognized nu-
meral characters using the ncocognitron ncural network.
Graf ct al. [5] used a VLSI architccture (o extract featurcs
by multiplying a binary input image with a stored matnx
of weights.
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Iixtracting featurcs by ncural nctworks is cfficient
since thc processing clements in a2 nctwork work in
parallcl. In this paper, a new ncural nctwork scheme is
proposcd for extracting the featurcs of vanous line
interscction and end points. Somc examples of the features
which can be extracted by the proposed ncural network
system arc shown in Fig. 1. Because all the featurc points
come from the intersections or ends of onc or more lings, il
makes scnsc to cxtract these features from lines in
diffcrent directions rather than to cxtract them directly
from original object images. Bascd on this principle, lines
in different dircctions arc cxtracled from input images first
in the proposed approach. Desired structural featurc points
are then derived from the extracted lines.

One way of cxtracting a linc from the image is to label
cach pixel simply by considering the condition of its local
ncighbors, as is donc by the ncocognilron |4]. A problem
of this approach is that bad line continuation will be pro-
duccd when pixcls on a curvy linc arc labeled (i.c. a curvy
linc will be broken into scveral picces after the extraction
process). Low tolcrance of noise or distortion in linc im-
ages will result from this problem when the [catures are
cxtracted. To avoid this problem, the proposcd appreach
itcratively gather more global informaticn to extract lincs,
in a manner like the rclaxation algorithm |9). Lincs with
good continuation (like those strokes in Chinese charac-
ters) can be obtained by this approach.

[ach image processed by the proposed approach is a
linc pattern with single linc width, which comes from the
thinning result of an input binary image. A onc-pass paral-
Icl thinning algorithm, which was proposcd by the authors,
shown to have good thinning cffect, and implemented by
two ncural nctworks [6-8], is used here to obtain thinned
imagcs.

To sysiematically cxtract desircd structural fcatures,
lincs in four diffcrent directions are first identificd by 2
ncural nctwork called linc separation nctwork (LLSN). The
lines derived by the LSN arc then usced Lo extracl various
structural fcatures by a ncural nctwork called feature
cxtraction nctwork (FEN).
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The remainder of this paper is organized as follows.
Section II describes the architecture of the LSN. Section
[Il describes how to cxtract structural features by the FEN.
Some examples of extracted lines and features arc given in
Section IV to illustratc the effectiveness of the proposed
networks. Finally, Section V includes some conclusion re-
marks.

Il. Line Separation Network (LSN)

A. Design principle

The objective of identifying lines by directions using
the LSN 1s to obtain proper stroke segments as a preproc-
essing step of structural featurc extraction. This task is
mercly to assign cach pixcl to onc or more classes with
each class collecting all the pixels on the lines in one of
four directions (vertical, horizontal, and diagonal lincs).
Pixels being assigned to a class constitute all the linc
segments in an identical direction. Note that a line in a
specific direction may be a frechand line, not necessarily a
strctly straight line. A pixcl might be assigned to more
than one class. For cxample, when a pixel is located at the
cross point of a vertical line and a horizontal line, 1t will
be assigned to two classes. An ideal casc is to obtain the
line scgments which match cxactly the composing strokes
of a character. But this is difficult to achieve if only a
small local area is observed, sincc a stroke is not
necessarily a strictly straight line. To achicve correct
labeling, obscrving pixels in a properly wider arca is
necessary. However, processing pixels in a wider arca is
difficult and incfficient. Another approach is to usc an
iterative method. That is, for cach pixel to be labeled,
besides the pixel itself, the local neighbors of the pixel are
also considered to determine which class the pixel belongs
to. Useful information arc then propagated wider and
wider by gathering the ncighboring information iteratively
to correct improper initial labeling. By this way, for
example, pixels above and below a pixel on a vertical line
encourage the pixel to be considered as one on the vertical
line. The proposed L.SN -has this type of iterative pixel
labeling capability.

B. L-layer

The structure of the LSN is shown in Fig. 2. The LSN
consists of two layers, namely, the line layer (I.-laycr) and
the hidden layer (H-layer). There arc four neuron planes in
the L-layer with their sizes all identical to that of the
image being processed. Each of them is used to collect the
black points which are located on the lings in onc of the
four directions. Let them be called the V-plane, H-plane,
W-plane, and E-planc for identifying vertical, horizontal,
northwest-to-southcast ~ diagonal  and  northeast-to-
southwest diagonal lincs, respectively. Each neuron in a

ncuron planc is indexed by two integers i1 and j to indicatc
the row and column in which it is located. IFor examplc,
the ncuron in the 1-th row and j-th column in the V-planc
1s denoted as Vij- The value of cach ncuron in cach of
these plancs is a confidence mcasure of whether the
corresponding 1mage pixel is located on a linc in the
direction which the ncuron planc is responsible for.
[nitially, an input linc image is fed into these four neuron
plancs by assigning to all of those ncurons in cach plane,
which arc spatially corresponding to the black pixels in
the input image, a unique confidence value, and to all of
thosc ncurons, which arc spatially corresponding to the
white image pixels, thc unique value of 0. After the
operation of the [LSN stabilizes, a ncuron in a ncuron planc
with a high confidence value represents the fact that the
corresponding pixel in the input image has high possibility
to be a point on a line in the direction which the ncuron
planc is responsible for.

C. H-layer

The other layer of the LSN is the I-layer. As shown in
I'ig. 2, corresponding to cach neuron plane in the L-layer
arc two ncuron planes in the H-layer also with their sizes
identical to that of the input image. For ¢xample, ncuron
plancs IV 1-plane and HV2-planc in the H-layer corre-
spond to neuron planc V-plane in the L-layer. The other
ncuron planes corresponding to the H-plane, W-plane, and
E-planc arc the HHI1-planc and HH2-planc, HWl1-plane
and HW2-plane, and HEl-planc and HLE2-plane, respee-
tively. There are two planes for each direction, and either
of them is called the dual planc of the other. Correspond-
ing ncurons in a pair of dual planes are called dual ncu-
rons. Each neuron in this layer receives inputs from the
ncighbors of the corresponding neuron in the L-layer and
from the corresponding ncurons in the other ncuron plancs
of the L-layer. For example, ncuron HV1jj in the HVI-
planc reccives inputs from the neighbors of ncuron Vjj in
the V-planc and inputs from neurons Hjj, Wjj, and Ljj in
the other neuron planes of the L-layer. A neighbor of Vij,
which is possible to be located on a vertical line, together
with Vi will excite HV1jj; while a neighbor of Vjj
without this possibility will inhibit 11V 1jj. Neurons Hij,
Wijj, and Ejj will also inhibit HV 1j;. The receptive ficld of
each neuron in the other neuron planes can be described
similarly.

Furthermore, the outputs of a pair of ncurons, which
arc located respectively at identical positions in two dual
planes, are fcd back into the corresponding ncuron which
is located on the corresponding neuron planc in the L-
layer. For example, HV1jj and HV2jj are fed back into
Vij. The role of a neuron M in the H-layer is to gather both
positive and ncgative information about the confidence
support from the L-layer and then feed this information
back into its corresponding neuron N in the L-layer,
which, together with the information coming from the dual
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neuron of M, is used for the cvaluation of the new
confidence value of N.

Confidence supports from two weight scttings of the
ncighborhood are gatheted independently. By sctting
proper weights, the neighborhood information of a ncuron
Vij in the L-layer is collected into neurons HV1jj and
HV2jj. A high valuc of either of the two neurons 1TV
and HV2j; then supports increment of the confidence
value of neuron Vjj. Weight settings for lines in the other
dircctions are proceeded similarly.

D. Descriptions of weight setting

At the beginning, a neuron in the four neuron planes in
the L-layer is initialized with a positive constant value c if
the corresponding pixel in the image is black. Let X-plane
be one of the plancs in the L-laycr, i.c., let X be one of V,
H, W, and E. The connection weight from a neighbor N of
a neuron Xjj in a X-planc in the L-layer to neurons HX1j;
and HX2jj in the H-layer are set to a strong weight Wy, a
weak weight Wy, or an inhibitory negative weight W, in
the way discussed previously if both of the image pixels
PN and Pjj corresponding to N and Xjj, respectively, are
black pixels in the input image. And the weights from ncu-
ron Xjj to HX1jj and HX2jj arc sct to another strong
weight W if Pjj is a black pixel. For example, assume that
Pi-14. Pij, and Pj+1j+1 arc black pixels, then the
connection weights from neurons Vi-1j, Vij, and Vi j+1
to ncuron HV2jj arc initialized to be Wg, Wc, and Ww,
respectively, the weights from neurons Vi1 j-1, Vi-1j+1s
Vij-1, and Vjj+] to ncuron HV2jj are sct to W, and the
weights from neurons Vi+]j.1 and Vi+];j to ncuron
HV2jj are set to 0

In addition to the inputs from the neighborhood of Xijs
ncurons HX1jj and HX2j; also receive inputs from the cor-
responding neurons in the other ncuron planes in the L-
layer with negative connection weights. For example, neu-
ron HV1jj receives inhibitory inputs from neurons Hjj,
Wij, and Ejj. These inhibitory inputs reduce the
confidence valuc of a neuron in the L-layer if the pixel
corresponding to the neuron is not located on a line in the
correct direction. The value of a neuron in the L-layer will
converge to either the high value 1 or the low value 0 after
a sufficiently large number of iterations.

y I ;
In summary, the net input HXIij of a neuron HX1jj in

1 o
*
E WXijkl X + E Wp* Yj @8]

i-1<k<i+l
j-1<l<j+ 1

the H-layer is

where X denotes one of the symbols V., H. W, or E;

‘jkl is the weight (one of W¢, Wg, Wy, and Wy
mcntloned previously) from neuron Xj; to neuron HX1j;;
Xk / is the output of neuron Xy/; Y is one of the symbols
V, H, W, or E, and is not X; Wy is the inhibitory
connection weight from the corresponding neuron in each
of the other neuron 1planes and Y(; is the output of Yjj.
The net input HX2J of neuron HX2jj can be obtained
similarly as follows:

- Sl T

1-1<k<i+1
j-1<i<gl

2
where WXijkl is the weight from neuron Xy; to neuron
HX2U’.

The outputs HXIS
HX2jj are

and I-IX28 of neurons HXljj and

) I
HXIij - FI’I( HXlij ) (3)

and

] 1
szij = FH( HXZij ), )

respectively, where FY is a nonlinear function described
by

1 ifx=1;
Fyx) =470 ifx <0,
X otherwise.

Neuron Xjj in the L-layer receives inputs from neurons

i 0.
HX1jj and HX2jj in the H-layer. Its output Xij is

0 - (o] (4]
X;; = FL(HX 1, HX2,0), )

where FL is a function described by

x1 1fx1>x2;
x2 otherwise.

Fr(x1,x2) = {

Ill. Feature Extraction Network (FEN)

A. Design principle
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After lines are classified according to their directions
by the LSN, the FEN extracts structural features both from
the neuron planes in the L-layer of the LSN and from an
image neuron plane, called I-plane, derived directly from
the image whose neurons corresponding to black and
white pixels are active and inactive, respectively. As
shown in Fig. 3, the combination of the I-plane and all the
neuron planes in the L-layer of the LSN is called the N-
layer in the FEN. Features arc extracted by the feature
planes in another layer of the FEN, called the feature layer
(F-layer), in a way of one feature one plane. That is, for
each type of structural feature to be derived, the FEN uses
a neuron plane to construct it. Specifically, the orthogonal
cross points of vertical lines and horizontal lincs are
constructed by a neuron planc, and the upper-left corner
points of rectangles are constructed by another feature
plane, and so on. The number of required ncuron plancs in
the F-layer is equal to thc number of featurc tvpes to be
extracted. After the operation of the FEN stabilizcs, a
neuron with a high value in a feature planc mcans that
there is high possibility that a corresponding fcaturc is
located at a position corresponding to the ncuron in the
input image.

Neurons in different feature planes receive inputs from
different planes in the N-layer. For example, the neurons
in the feature plane used to extract cross points rcceive
inputs both from the ncurons in the V-plane and from
those im the H-plane, while thc neurons in the fecature
plane used to extract crosses of St. Andrew receive inputs
both from the neurons in the W-plane and from those in
the E-plane. As described previously, the I-plane is also
included in the N-layer. It is used to inhibit simple
features (through proper setting of negative weights) when
a complex feature exists at that location. For example, in
addition to receiving inputs from a line planc (i.c., from
one of the V-, H-, E-, -W-planes in the N-layer), the
neurons in the feature planc used to extract end points
from lines in a specific direction also receive inhibitory
inputs from the I-plane to avoid yiclding high values in
the outputs of the neurons corresponding to fork points.

B. Connection weight setting

A neuron in a feature plane in the F-layer receives in-
puts from the 3x3 neighborhoods of the corresponding
neurons in two or more neuron planes in the N-layer. For a
neuron Rjj in a feature planc R in the F-layer which re-
ceives inputs from a set of neuron planes S in the N-layer,

. . I.
its net input Rij 18

I )
= *
SED DI i
XeS -1<k<]
-1<i<1

0 .
i+ is the output of
neuron Xi+k,j+1; and WRXJ; is the connection weight

from neuron Xi+k,j+l to neuron Rjj.

where X is a neuron plane in S; X

The output of neuron Rj;j is
0 I

where Fr is a nonlinear function described by

1 ifx21;
Fx)=470 1fx <0;
X otherwise.

In addition to the selection of the necuron planes in the
N-layer which should be connected to cach ncuron plane
in the F-layer, another important issuc in the extraction of
a specific type of fecature is the sctting of the connection
weights from the neurons in the N-layer to the ncurons in
the F-layer. The output value of a ncuron in a specific fca-
ture plane in the F-layer indicates the degree of possibility
that a corresponding feature point cxists at that location,
so all the neurons in a feature planc are trcated identically
except their locations. That is, thc sctting of the
connection weights of the receptive ficlds is treated
identically for all the neurons in a neuron plane in the F-
layer. For cach type of structural featurc, the sctting of the
connection weights depends on the spatial location of the
input neurons in the 3x3 receptive ficld as well as the
plane they are located in, and reflccts the importance of
the existence of a line point at that location. Examples of
the connection weights from neurons in a local area of the
neuron planes in the N-layer to a neuron Rjj in the F-layer
are shown in Table 1.

IV. Experimental Results

The proposed neural networks have been implemented
by software simulation. And experiments have been con-
ducted to see the effects of the proposed neural networks
for line identification and feature extraction. Images fed
into the networks arc of dimension 32x32. The initial con-
fidence value ¢ is 0.25 for all neurons in the L-layer corre-
sponding to the black pixecls in the image. The weights
from the L-layer to the H-layer are 0.55, 0.51, 0.25, -0.21,
and -0.05 for W, Wg, Wy, Wp, and Wy, respectively. Fig.
4 shows the results of line classification for a Chinese
character obtained by the LSN after 12 iterations. In the
figure, sy.nbol ‘. marks the object skeleton of the input
image; tue decimal symbol ‘1’ shows the confidence value
of a neiron for the value range 0.1 to 0.2, symbol ‘2’ for
the range 0.2 to 0.3, and so on. It can be seen from the fig-
ure that line continuation is preserved for each line in each
of the four directions. Also, high confidence values are
possible to exist at the same position in two or more neu-
ron planes. For example, the cross points have confidence
values greater than 0.9 both in the V-plane and the H-
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planc. Presence of a leature can be obtained by threshold-
ing the output values of the F-layer. Ilig. 5 shows the
fcatures cxtracted from the neuron plancs shown in Fig. 4.
Instcad of showing all the fecature plancs, a planc consist-
ing of all the features is shown. In the figurc, svmbol *.°
is uscd to mark the object skeleton again, and the alpha-
numcrical symbols arc uscd to mark the feature points and
arc coincident with the labels used in Fig. 1. Note that
fcature points arc marked correctly though deformation
appcars ncar them. This shows the cffectiveness of the
iteration naturce of the proposcd approach.

V. Conclusions

A ncural nctwork system for structural fcature cxtrac-
tion has been proposcd in this paper. The systecm consists
of two ncural nctworks, namcly, thc .SN and the FEN.
The LSN classifics black pixels into diffcrent classcs
according to the dircctions of the lines they arc located on.
And the FEN cxtracts structural fcaturcs from the results
of the L.SN.

Instcad of deriving features dircctly from the image
planc, the proposced scheme first identifies pixcls on lines
in specific dircections using the LSN. Like the manner of a
rclaxation algorithm, the LSN propagatcs the support in-
formation along lincs 1o tolcrate line deformation. The in-
tersection point of two lines can thus be successfully la-
beled by activating the ncurons in the plancs responsible
for both lincs rcgardless of the disturbance from cach
other. On the other hand, features cannot be correctly ex-
tractcd by obscrving the local arca around the fcaturc
points if deformation appcars ncar the fcature points. After
the discovery of the directions of the lines in which pixcls
arc located, this problem can be solved by considering the
dircctions of the line patterns, and this is what thc FEEN
performs. In short, the directions of lincs derived by the
L.SN make 1t casier for the FEN to cxtract fcatures.

Structural fcatures arc uscful for further analysis or
rccognition of imagcs, for example, for optical character

rccognition (OCR). Recognition of image contents based
on the structural features derived by this scheme is worth
while for further studics. Note that the lines extracted ac-
cording to their dircctions by the LSN are also good fez
turcs for image recognition or analysis. This is also a good
topic for future investigations.
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Table 1. Weights from the N-layer to a neuron Rjj in the F-layer (the heading of each of
columns 3 through 11 specify the indices of a neuron in the N-layer).

Feature | From i-1j-1 i1, i-1,j+1 i i) ij+1 i+1,j-1 i+1, i1 j+1
\Y 0.09 0.18 009 | -0.18 0.18 0.00 0.09 0.15 0.09

__I_
H 0.09 -0.18 0.09 0.15 0.18 0.18 0.09 0.00 0.09
W 0.20 0.10 0.00 0.10 0.10 0.10 0.00 0.10 0.2

X
E 0.00 0.10 0.20 0.10 0.70 0.10 0.20 0.10 0.00
J_ \ 0.00 0.20 0.00 | -0.20 0.20 | -0.20 -0.20 -0.30 -0.20
H 0.00 0.00 0.00 0.20 0.20 0.20 0.10 0.00 Q.10

w 0.20 0.00 0.00 0.00 020 | -0.20 0.00 | -0.20 -0.30

>/
E 0.00 | 0.00 020 [ 00O | 020 0.10 020 [ 0.0 0.00
\Y -0.50 | -0.50 050 | -0.50 000 | 000 000 | 050 0.00
‘7 H N50 | -0.50 000 | -0.50 000 | 050 050 | 000 2.00
W 030 | 0.30 0.30 | 0.30 030 | 030 030 | 015 .30

/N
E 030 | -0.30 030 | 0.15 030 | €30 0.30 015 030
v 000 | 000 000 | o0 050 | 0.00 025 | 050 0.25

[

0.75 | -0.75 075 | 050 000 | -0.50 025 | 000 -0.25
W 000 | 0.00 000 | oqo 050 | 025 0.00 0.25 0.50

-0.75 0178 -0.50 0.75 0.00 0.25 0.50 -0.25 0.00

-187-



(@) m @ (©)] (@) ®)

©) @) ® ® A) ®

(®) (D) (3] (@) ) H
\ /

0] @) (9] w M (N)

©O) ()

Fig. 1. Examples of structural features which can be extracted by proposed neural network system
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Fig. 4. Results of line separation. (a) Vertical lines obtained by the V-plane. (b) Horizontal lines
obtained by the H-plane. (c) Diagonal lines obtained by the W-plane. (d) Diagonal lines
obtained by the E-plane.

Fig. 5. Result of feature extraction. The alpha-numerical symbols used to mark feature points are
coincident with the labels used in Fig. 1.
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