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Abstract

The paper proposes and evaluates a binary network architecture and complementary training algorithm designed for
pattern classification, with applications in a variety of engineering problems. The advantages of the system are that it
can always converge on zero error for a set of unambiguous training patierequired), converges rapidly, and
circumvents the issue of how many hidden neurons to incorporate in a network. The main benefit of the proposed
system over Hamming networks, its main counterpart, is that it can group patterns into different classes along any
boundary. The system is shown to outperforntiie Hamming network for a character recognition problem where the
images are subject to both position change and noise; pad&lial-Gaussian network in a truck-type classification
problem. A variant of the system, where hidden neuron thresholds are set to zero, is shown to further improve perfor-
mance if a comprehensive set of noise-free input patterns are available for training.

Keywords: Classifier; Hamming Networks; Noise Tolerance; Rapid Training; Truck Classification

1. INTRODUCTION An important type of classifier for binary input to output
mapping is the Hamming netwotkippmann, 1987; Lipp-
Anecessary attribute for many classification devigeslud-  mann et al., 198} Lippmann(1987) has shown the system
ing associative memoyys the ability to operate withinanin-  to outperform the Hopfield network for character recogni-
definite and noisy environment. Hand-writing readers, fortion in a noisy environment. Ts@¢ll990 has further dem-
example, are often expected to recognize characters that vagystrated the superior performance of Hamming networks
in position, size, rotation, and style, and are subject to noisefor noisy problems, in a comparison with backpropagation
Similarly, a classifier thatrecognizes truck tygessentially  and Hopfield models. The primary advantage of Hamming
the axle configuratiorfrom the strain itinduces on a bridge networks is simplicity both in their architecture and method
girder should work irrespective of the spacings between thef development. In particular, this means that they are quick
axles, the loads on each axle, and vibration noise in the struge develop and modify. Such a characteristic is important in
ture. Moreover, to ensure utility, the classifier should be ableeal-time engineering applications, such as in control sys-
to generalize within this environment, providing correct clas-tems, where new information about a problem is being gen-
sifications of patterns not used for training. Awide variety of erated all the time and needs to be assimilated in the model
neural-based systems have been used as classifiers, inclugpidly in order for it to be fully exploited. A major problem
ing the backpropagation netwaiRumelhartetal., 1986; Tsoi, with Hamming networks, however, is that they cannot group
1990, radial-Gaussian networkBoggio & Edelman, 1990; patterns into different classes along arbitrary boundésies
Gagarin etal., 1994the Hopfield networkHopfield, 1982;  Section 3.This is unfortunate since many engineering prob-
Hopfield et al., 1983; Hopfield, 1984and the Brain-State- |lems, such as the classification of trucks from induced strain,
in-a-Box network(Anderson et al., 1977; Anderson, 1983 involve a division of the problem domain along compli-
cated boundaries.
. . . The motivation for the development of the neural net-
Reprint requests to: Nabil Kartam, Associate Professor, Department of

Civil Engineering, Kuwait University, P.O. Box 5969, Safat, 13060 Ku- Worklng SySte'm presented in this paper was, therefore’ to
wait.; E-mail: kartam@kuc01.kuniv.edu.kw provide a device that demonstrated all the merits of Ham-
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ming networks, but with none of their limitations, and so rons. Associated with each of these connections is a binary
would be appropriate for real-time-operating engineeringvalue b, , which is applied to the transmitted value in an
problems. In particular, the device was targeted at the probexclusive-or(XOR) operation . The results of this process
lem of classifying trucks from the strain they induce in bridgeover all connections to a hidden neuron are summed, pro-
girders, though need not be limited to this case. The endviding the Hamming distanadd,, between the input vectar
system should be simple in architecture and rapid to trairand the template vectdy,. Formally, this can be expressed
enabling modification on-the-fly, it should be tolerant of as:
noise, and capable of dividing a problem domain into any
arbitrarily complicated class regions.

The proposed system is a development of the Hamming
network. It includes its own supervised training algorithm
that is guaranteed to converge on zero error for a set of trairf the valueH,, is less than or equal to the threshold valije
ing patterng provided that the data is not ambigupuand (T, is a positive integer in the range 0Xonclusive whereX
determines as a matter of course the number of hidden neis the number of inputs to the netwgrkhe hidden neuron will

X
Hn, = X (b,nXOR ). ()
x=1

rons required to achieve zero training error. fire by outputting binary 1, otherwise it will output binary 0.
That is,
2. NETWORK ARCHITECTURE IF: H, =T,
AND TRAINING THEN: a,=1.
IF: H, > T @

2.1. Network structure and operation THEN: a, = 0.

The main part of the proposed network architecture, illus- h outout h | ted at th ;
trated in Figure 1, comprises an input, output, and singléEaC output neuron sums the valissgenerated at the se

hidden layer of neurons. A layered feedforward Configura-Olc hidden neurons to which it is connected:

tion is adopted with each output neuron connected to its own N
set of hidden neurons. The main network provides a direct S = a; (3)
mapping from a vector of binary inputs, to a vector of n=1

plnary outputs@a”. A regulator neuron, fegdmg informa- .and compares the result with a threshold valyie(T,” can
tion back from the output neurons to the hidden neurons, i L . . .
%e any positive integer including zerd-iring of an output

included t_o ensure that only a prescribed number of OlJtpuneuron works the opposite way round to that of the hidden
neurons fire(usually one. neurons:

Binary valuesj,, presented at each of the input neurons
are transmitted across the connections to the hidden ney.

S/// > Ty/!
THEN: a) =1
. U " (4)
IF: § =T
INPUT HIDDEN OUTPUT REGULATOR THEN: ay =0.

LAYER LAYER LAYER NEURON
The regulator neuron sums the values generated by the out-
put neurons:

Y
Sm — 2 ag/r (5)
=1

and compares the result with a threshold valié (where
T" is any integer between 1 and— 1). Firing of the reg-
ulator neuron operates as follows:

IF: S <T"
THEN: a"” = —1.
IF: S”=T"
THEN: a” =0, ©
IF: S >T"
Fig. 1. Network architecture. THEN: a"” =1.
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The value generated at the regulator neuron is transmitted Each hidden neurofas with any simple perceptrppar-
back to the hidden neurons where it is added to the previoustions the square with a line, marking a boundary between

summed input, modifying Eq1) so that those input vectors that do and do not cause the hidden neu-
ron to fire, as indicated in Figures 2c and 2d. The line is
Hpji1 = Hnj +a". (7) positioned relative to the corner of the square that matches

the hidden neurons template vectpr, at a distance given
The network operates in this recursive manner until the ac?Y the hidden neuron's threshald. If, for example,T; = 1
tivation at the regulator neuron,”, either becomes equal (@S iS the case for both hidden neurons shown in the figure
to 0 (at which point the number of output neurons firing the line will be positioned just peyond a Hamming distance
will be equal toT") or flips from —1 to +1. H'n =1 from b,,. NoFe that the input yectors that. cause the
hidden neuron to fire are those falling on theside (the
firing side) of the line.
2.2. Graphical interpretation of network operation For an output neuron to fire, there must be more than
hidden neurons firing. My" = 1, for example, then an input
The architecture of these networks and the training algovector would have to fall on the firing side of the partitioning
rithm described below are complementary in design. Thdine of atleast two hidden neurons to cause the output neuron
rationale behind this design can readily be understoodo fire. For the network shown in Figure 2a, an input vector
through a graphical interpretation of the operation of themustbe positioned where the firing regions of two hidden neu-
system. In this view, the domain within which the network rons overlap. This is indicated by the shaded region in Fig-
operates is considered to be a square, cube, or hyper-cuhgge 2b.
with an order of dimensions equal to the number of input Given an appropriate output threshold and set of hidden
neurons. A network with two inputs, for example, would neurons, it is possible to provide any set of binary input to
operate within a square input domain such as illustrated imutput mappings within this type of network. A trivial so-
Figure 2. Each dimension of the square ranges from 0 to lution would be to use a separate hidden neuron to partition
and corresponds to one of the input neurons in the networleach corner of the cube where an output of 1 is required,
while each corner of the square corresponds to one possib&ettingT, = 0 in each case, arlj’ = 0. In this way, every
vector of inputs. If an input vector causes the output neuromproblem requiring an output of 1 would be satisfied by its
to fire, the corresponding corner of the square is marke@wn hidden neuron. However, the training algorithm de-
with a shaded circle. If, on the other hand, the output neuscribed below, while not guaranteed to find the minimum
ron does not fire the corner is marked with a clear circle. number of hidden neurons required to solve a problem, will

[kev: O =0 @ =1]

Fig. 2. Graphical interpretation of network oper-
() ation. () Two hidden neuron networkgb) Re-
gion of the problem domain that causes the output
neuron to fire(c) Firing region of first hidden neu-
ron. (d) Firing region of second hidden neuron.

partition

line T'=1

partition
line T'=1

b

(©) (d)
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typically provide a considerably more efficient solution thanron, but with no hidden neurons. The thresh®ld on the
this, using many fewer hidden neurons than problems reeutput neuron is set to 0. For the network to output the cor-
quiring an output of 1. rect result for thepth training pattern, the value generated
For classification problems, it is usually required that anfor §; should be greater than the threshdld if the target
input vector causes just one output neuron to fire, that repeutput is 1, or it should be less than or equalltd if the
resenting the class to which the input vector belongs. Thearget output is 0. An error vecteris established to mea-
required number of output neurons that should fire can, howsure the distance from these objectives for each training
ever, be greater than one and is defined by the regulator nepattern:
ron’s thresholdl ””. When insufficient training patterns are
available to define the precise boundaries of each class, or =t +T" - . (8
when there are errors in the input vector to be classified, it
is possible that too few or too many output neurons will The objectives then become
fire. The regulator neuron attempts to correct such situa-
tions by either increasing or decreasing the sensitivity of =0 iftp=1
the hidden neurons, as appropriate, which in turn increases
or decreases the likelihood of firing of the output neuronsand
Consider, for example, a situation where an input vector _
causes too few output neurons to fire. In this case, the reg- =0 ift, =0.

ulator neuron will output-1 thus reducing the summed in- _. h K ith no hidd T
put to the hidden neurons by 1. This, in effect, moves theSInCGI e network starts with no hi aen neurons
0, each element of the error vector is initializedefo= t,.

partition lines for the hidden neurons outwards by a Ham- . .
ming distance of 1, extending their firing regions. Corre-The total error in the network is measured as
spondingly, the firing regions of the output neurons will be

extended by a Hamming distance of 1, increasing their like- E= 2 lel, 9
lihood of firing in response to the current input vector. The Pt

firing regions are extended as such until sufficient output, . a1y
neurons are firing. Ultimately, the output neurons that ﬁrenetworkeproduces an incorrect output.
will be those with the closest original firing regions to the . -

input vector. If too many output neurons are firing then theSTEP 2: petermme whether most errors are for_trammg pat-
opposite occurs, with the firing regions of the hidden andie’ns with a target Qf 1 or atarget (_)f @ count is made of
output neurons being decreased in increments of 1 until th1® NUMDer of training patter,q, in the setlly,g, (com-
required number of outputs are firing. Either way, the max-Prising all training patterns that have a targgt of 1 but the
imum number of iterations required to achieve the required€Work produces Y0and the number of training patterns

balance in the number of output neurons firing will not ex- Plow i the setll,,,, (comprising all training patterns that
ceed the number of inputs to the network have a target output of 0 but the network producep a@lis

is undertaken by checking how many of the elements in the
error vectore do not satisfy the, = 0 ande, = 0 require-
ments respectivelysee Step 1 A hidden neuron is then
The training algorithm falls into the supervised class, mak-zqded to the network, as described in the following steps, to

ing use of a set oP training patterns each comprising an reqyce the number of patterns in eithgyf,, or I, which-
input vectori, and corresponding target output vectpr  eyer s the largest set.

Tra'f““g operates on the main se(_:tlon of the network, eX_STEP 3: Add a hidden neuron to the network and establish
clusive of the regulator neuron. Since each output neuro

. . - the values of its template vectby. If the number of train-
has its own set of hidden neurons, training can be more con- . .
. . Ing patterns ifl,,,, is greater than or equal to the number
veniently described for the one output neuron case. If there 9 :
. . n 11, then follow Step 3a otherwise follow Step 3b.

are two or more outputs, the training for each is performed . . _
in parallel but is otherwise the same as in the single output STEP 3a: The center of gravity (measured in the input
neuron case. domain of all training patterns in the sét,y, is deter-

Training proceeds by deve'oping one h|dden neuron at a m|ned. EaCh element Of the VeCUMS Calculated Slmp|y
time. Each successive hidden neuron is trained on the com- @s
ponent of the problem its predecessors failed to learn, that
is, the remaining error. Hidden neurons are added as such Yx = < > ip,x)/Phigh.
until the remaining error is zero. For a network comprising ——
one output neuron, the procedure is as follows:

is the set of all training patterns for which the

2.3. Training algorithm

(10

The training patterns in sél,, are then searched to de-
Step 1: Initialize the networkThe network is first set up termine which is nearest to the center of grawtyThe
with the required number of input neurons, an output neu- nearest training patteinis that WhereE;(:l lipx — x| is
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smallest. A hidden neuron is added to the network and it¢ative scores for all possible Hamming distances are then
template vector is set equal to the input vector of trainingcalculated:

patternp, that isb, = i,,. The rationale behind this step is

that the center of gravity will indicate the corner of the m

input space towards which the erroneous training pat- Cm=0..x = EOAK'

terns are clustered, and thus focusing the hidden neuron

at a corner near this point facilitates the removal of a sig£ach cumulative scor€,, provides a measure of the re-

nificant number of errors. duction in error that can be achieved by setting the thresh-
old T, to a Hamming distance ah. The value ofm at
OR which the highest positive cumulative score is achieved is

A _ therefore the value selected for the threshld If there
Step 3b: The parameterg andp are determined as de- are two or more optimum threshold values the choice be-

scribed in Step 3a except thag,, andll,,, are used in  tween them is arbitrary, though in this paper the smallest
place ofPyy, andIly,g,. A hidden neuron is added to the yajye is adopted.

network and its template vector is set equal to the logica

NOT of the input vector of training pattei that is ETEP 5: Adjust the error vectoiThe values of the error vec-

tor € are adjusted to take account of the contribution of the
hidden neuron. This requires each erpto be reduced by
a value of 1 if the training pattern causes the hidden neuron

. . . to fire, that is,
Following this, a value of 1 is added to the output thresh-

old T” and, so that Eq8) is maintained, a value of 1 is
added to each component of the error veetorhe ra-

tionale here is essentially the same as that of Step 3a. II'Eurther hidden neurons are added to the network by repeat-

this case, however, the erroneous ”"’?'”'”9 patterns ar@lg Steps 2-5 inclusive until the total errBireaches 0.
causing the output neuron to fire when it should not—the

opposite of the situation in Step 3a. The hidden neuron,

therefore, needs to be set up in a way that suppresses COMPARISON WITH HAMMING

(rather than promoteshe possibility of the output neu- NETWORKS

ron firing when one of the erroneous training patterns are

presented to the network. This is achieved by focusingl e proposed system has a superficial similarity to several
the hidden neuron on the opposite corner of the input spac@ther constructive networking systefssich as the cascaded-
to that where the erroneous training patterns are cluscorrelation training architectuféahlman & Lebier¢1990]

tered[see Eq(11)] and incrementing the output thresh- in that network development proceeds by developing one
old as described. hidden neuron at a time. However, the proposed system is

very distinct from such systems both architecturally and in
the method of network development. On the architectural
. ) : ) : side, the proposed system uses binary masks rather than real-
inclusive are (_:hecked to see which will provide the great-yajued WF;igEtS on gonnections, andyspecifically measures
est_ reduction In total er_roE in the network|see Eq.(9)]._ . Hamming distances at the point of integration on the hid-
This can be achieved with just one pass through the training. \ neurons. In this sense, itis much more akin to the Ham-
patterns. Each training pattern is examined to see if its Co%ing networks of Lippmann et al1987). As far as training
tribution.t.o the total elrrorwould be reduced or.inlcreased b>fs concerned, the binary masks in the proposed system are
the addition of the hidden neuron. If thpth training pat-  jotermined directly from the binary patterns of the training
tern’s target output is 1 ang, > 0, then its contribution to pattern set(rather than by means of an error gradient-
the total erroiE will be reduced if thg thr(_eshom{ is set at descent search algorithragain placing it close to Ham-
least equal to the following Hamming distance: ming networks and distinct from other constructivist systems.

« Finally, the area of application of the system is binary pat-

Hon= 3 (Ben XORp.)- tern classification as with Hammmg networks._ _
x=1 For these reasons, the Hamming network is viewed as
the main counterpart to the proposed system, and was there-

A score of 1 is therefore added to a variablg, ,, , asso- fore selected for comparison. This section illustrates the sim-
ciated with this Hamming distance. Conversely, if ffte ilarities and differences between the two systems in terms
training pattern’s target output is 0 aag= 0, then its con-  of their architecture, method of development, and scope of
tribution to the total error will increase if the threshdldis  application. Following this, a quantitative evaluation of the
set at least equal to the Hamming distakigg,. In this case,  relative performances of the two systems is made for two
a score of-1 is added to the variabl,_,; . The cumu- classification problems.

by = NOT (i). (11)

new _ _old _ 47
€p = €p apn-

STEp 4: Determine an optimum value for the hidden neu-
ron’s threshold T. All possible values foff,, (from 0 to X
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OUTPUT pute Hamming distances from templates as part of the clas-

:_’\i&lg LAYER MAXNET sification process. However, Hamming networks assign just

one template to each class and base their classification on
the distance between this and the input vector. This se-
verely limits the way in which patterns can be grouped into
different classes. Networks of the type proposed in this pa-
per, on the other hand, can assign any number of templates
to each class and base their classification on whether the
input vector is sufficiently closén Hamming distanceto

a critical number of these templates—the critical number of
templates can be anything from 1NXb(the number of tem-
plates assigned to the clas:d the acceptable Hamming
distances can vary from template to template. This allows
the network to differentiate classes along any boundary. The
extra flexibility afforded by this system makes it potentially
better suited to, for example, pattern recognition problems
that involve lateral shift, rotation and size variance.

Fig. 3. Hamming network.

_ Figure 3_sho_ws a schematic qf a Hamming network. The4. PERFORMANCE RESULTS
first stage in this network comprises an array of perceptron-

like neurons, each of which measuréaninus the Ham-

ming distanceH, between the input vecterand a template 4.1. Character recognition

vectorb,: The first performance test was an assessment of the network’s
ability to classify images of the ten numeric characters “0” to
3y = X—Hy “9”, subject to random positional shift as well as noise. This
X X problem was selected to illustrate the method of application
=X- [2 (bey) — X (Wx,yix)]a and assess the relative performance of the proposed system.
- le Each character was designed to fit within & I1 pixel grid
where whichinturn could be located anywhere within aX.06 pixel
W =1 ifh =1 grid. Each pixel could assume one of two shades, black or
Y oy white, representing binary 1 and 0, respectively. The ten char-
w,,=—-1 ifb,,=0. acters, located at random positions but with no noise, are il-

The second stage of the network, termed the maxnet, deteIHstrated in Figure 4a. Inthe experiments reported here, noise

mines which of the output neurons in the first stage has th/as introduced to the images by passing each pixel through

largest activatiora, (note that, the output with the largest aLl' discrete, ncili)ssme;\noryless f:hahnnel, las desdcrlbeg n
activation is that with the smallest Hamming distance be- ippmann et al(1987. A symmetric channel was adopted,

tween its template vectds, and the input vector). The P{0I1)=p(1|0)=p (i.e., the probability 6a 0 being changed
maxnet operates in an iterative manner, forcing the actival® alwas equaltothe probability@1 being changedto 30
tion of all output neurons to equal zero, except that which

has the largest initial value. The new activations after each
iteration are

Y
Ay t+1 = f [ Z:L(Vy,z ay,t):| )
7=

e BREZEZREEY

f(r)=0 ifr=0, ® e o
S NREDSINEDE

[
Vy, =V if y+ z, where—1/(X —1) < v < 0. (©)

T . . Fig. 4. Example noisy and positionally shifted numeric charactey<har-
The main similarity between the system proposed in thiscters with 0% noiseb) Characters with 15% noiséc) Characters with
paper and the Hamming network system is that both com25% noise.
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and the range of noise considered was8% = 50%(50%  performance of each netwofkneasured as percentage of
giving maximum entropy Examples of the ten characters, the test patterns correctly classifiehainst the percentage
randomly positioned, with 15% and 25% noise are shown Fignoise in the test patterns. The best performer, for all levels
ures 4b and 4c, respectively. of noise in the test patterns, was the network trained with a

Eleven sets of training patterns were established, the firdb—10% noise range. This network correctly classified 94%
with p set to 0% for all example images, the second with of patterns at 15% test pattern noise, reducing to 82% cor-
ranged from 0% to 5%, and so on increasing the range byect classifications at 20% test pattern noise.
5% up to the 11th set which hadranged from 0% to 50%. A plot of the percentage of correctly classified patterns,
In each case, the amount of noise added to an example incontaining 25% noise, against the range of noise used for
age was selected using a random value taken with uniforrtraining, is provided in Figure 6. From this, it can be seen
probability within the prescribed range for the set. In thethat performance improves rapidly up to the 0-10% range
third training set, for example, each occasion an image waafter which it declines steadily. The reason for the decline is
generated, the value f@rwas set equal to a random value that, beyond the 0—10% range, sufficient noise is being gen-
between 0% and 10%. The position of each example imagerated to result in training patterns that are ambiguoas
within the 10X 16 pixel grid was also selected randomly falling relatively close in Hamming distance to other pat-
with uniform probability distribution. Each set of training terns within the input domajn These patterns are learned
patterns had 10,000 example images, 1000 of each type by the network, but, due to their ambiguous placement, cause
character. misclassification of test patterns.

In addition, a set of 11 test pattern sets were produced, in Figure 7 plots the performance of the best netwahlat
a similar way to the training patterns except thatas fixed  trained on 0-10% noige@gainst the percentage noise in the
in each set. For example, in the second test patterrpset, test patterns, for each of the ten characters. From this it can
was set to 5% for all example images rather than being rangdak seen that the network’s worst performance is for charac-
from 0% to 5%. A total of 1000 test patterns comprisingters “3” and “8”, possibly due in part to their similarity in
100 examples of each type of character were generated féorm and thus confusion. The best performance is for char-
each of the 11 sets. acter “1” which, even at 50% test pattern noise, was cor-

Eleven networks were trained, one per training pattermrectly classified more than 50% of the time. The reason for
set, and tested on all 11 test pattern sets. Figure 5 plots thhis is that the network, at this level of noise, was classify-

% Correct
Classifications

100 — Order of curves at
25% test pattern noise:
90
(training noise)
80 - 0-10%
0-15%
70 ~ 0-20%
60 0-05%
0-25%
50 0-30%
0-35%
40 0-40%
0-45%
30 0-00%
20
10
o T T T T T T — T T T 1

0 s 10 15 20 25 30 35 40 45 50
% Test Pattern Noise

Fig. 5. Effect of test pattern noise on network performance.
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% Correct
Classifications
100 -
90
80
70
60 -
25% test pattern noise
S0 _
40
30 T
20

10 |

o T T T T T 1 I T T L
0-0 0-5 0-10 0-15 0-20 0-25 0-30 0-35 0-40 0-45 0-50
% Training Pattern Noise

Fig. 6. Effect of training noise on the ability of a network to classify a set of test characters.

% Correct
Classifications

100
N

80 4

80

70

60

50 4

40

30

20 -

10

T
0 s 10 15 20 25 30 3s 40 45 50
% Test Pattern Noise

Fig. 7. Network performance for individual characters.
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ing patterns as the character “1” with a very high frequencyThis can be attributed, at least in part, to the fact that the
thus increasing its chances of making this classification coreharacters were allowed to shift vertically and horizontally
rectly. Indeed, the average percentage of correct classificavithin the grid. Interestingly, though, at 45% test pattern
tions for all characters was a little over 10% at the 50% noiseoise, the Hamming network showed a marginally better
limit—this is close to the expected 10% value at maximumperformance than all other networks.
entropy for a ten character set. A wide range in perfor- An assessment was also made of the performance of a
mances between characters, as displayed here, may be wariation of the proposed system, where the hidden neuron
desirable. If this is the case, a better solution may be achievetthresholdsT,, are all set to zero during traininghough are
by increasing the number of training patterns of the poorlyallowed to vary during applicationBy setting the thresh-
performing characters and the characters with which theplds to zero, the network is forced to develop one hidden
tend to be confused. neuron for each training pattern. In this sense, the zero-
threshold network is very similar to the Hamming network.
. . . The main difference, however, is that it is not limited to one
4.2. Comparison with the zero-threshold variant .
and Hamming networks template for each .cllass. The netvyork was .flrst dgveloped
using the set of training patterns with 0% noise. This meant
The performance of the best network was compared to thahat 24 hidden neurons were developed for each output, one
of a Hamming network developed for the same problemfor each possible position of a character within the<106
The Hamming network was set up using, for templates, eachixel grid. The performance of this network is plotted as
of the characters located as near as possible to the centerairve C in Figure 8. Clearly, this zero-threshold network
the 10X 16 pixel grids. Its performance was assessed usingutperforms all other models, with 96% correct classifica-
the 11 sets of test patterns, the results of which are plottetions at 25% test noise.
as curve B in Figure 8. Also shown for comparison, as curve For the above problem, it is apparent that there are 24 ar-
A, is the best network from the previous set of experimentschetypal noise-free templates for each clase for each char-
The Hamming network’s performance is generally very pooracter position within the 18 16 grid). For many problems,

A - variable threshold, 0-10% training noise
% Correct B - Hamming network
C°| sifications C - zero threshold, 0% training noise
1ooas D - zero threshold, 0-10% training noise
90 - 5 C
80
A
70
-
50
40 |
30 B
20
10 -
o T T I T T L T T I 1
o 5 10 15 20 25 30 3s 40 45 50

% Test Pattern Noise

Fig. 8. Comparison of the performances of the proposed system, a variation of this system with fixed hidden neuron thresholds, and
a Hamming network.
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however, it is not possible to define a comprehensive set of Figure 9 plots, for the character recognition problem, the
idealized templates. There is no singularly correct set of temaumber of hidden neurolitemplatesrequired in the variable-
plates for handwritten characters, for example. Itis also difthreshold network to reduce the total error to zero, for each
ficult in such cases to distinguish noise from the intendedfthe 11 training pattern sets. The best of these netwtks
pattern. ltwas decided, therefore, to develop the zero-threshotdained on 0-10% noigéncorporated 923 templates. Of the
network using the set of training patterns comprising 0-10%other approaches considered, the Hamming network incor-
noise, to see how uncertainty can affectits performance. Thporated 10 templates, the zero-threshold network developed
results of this experiment are plotted in Figure 8 as curve Dwith 0% noise included 240 templates, and the zero-threshold
This version of the zero-threshold network demonstrated goodetwork developed with 0—10% noise included 10,000 tem-
performance, though was generally below that of the zeroplates. While the Hamming network was by far the smallest,
threshold network developed with the noise-free patternsthis was of little value in view of its poor performance for this
Also, until somewhere between 10% and 15% test patterset of experiments. Also, while the zero-threshold network de-
noise, its performance was below that of the network with variveloped with 0% noise was the second smal{abbut one
able thresholds. In summary, as far as correct classificatioguarter the size of the best variable threshold netyyahis

of patterns is concerned, if a set of idealized templates areight not hold for problems with more elements in the input
available, the zero-threshold variant appears to be the best apatterns or that have more variar{sech as occurs with ro-
proach. If, on the other hand, anidealized set of templates atation and size distortion of characters

notavailable thenthe variable-threshold approach appears bet- It is possible that many of the hidden neurons developed
ter forlower noise levels and the zero-threshold approach foin a network were largely redundant, making little or no con-
higher noise levels. However, these observations, in partictribution in the classification of test patterns. An experi-
ularthe latter, should not be taken as general principles. Furthenent was performed, therefore, to assess the effect on
studies are required covering a variety of problems, includperformance of varying the number of hidden neurons in
ing those that are poorly defined such as handwritten charthe variable threshold network trained on 0-10% noise. The
acter recognition. strategy adopted was to range the maximum number of hid-
den neurons connected to each output. Nine limits were con-
sidered starting at 1 then 2, 4, 8, and so on doubling to an
upper limit of 512 hidden neurons maximum for each out-
A direct means of comparing the complexity of the differ- put. It should be remembered that all training patterns may
ent types of network is in terms of the number of templatesde learned for an output before the hidden neuron limit is
they comprise. For the proposed networking system, theeached. The results of these experiments are plotted in Fig-
number of templates is equal to the total number of hiddemre 10. Clearly, for the cases considered, there was little im-
neurons, whereas, for a Hamming network, the number oprovement in the performance of the network moving beyond
templates is equal to the number of output neurons. the 64 hidden neuron limit. Given this, the network could

4.3. Network complexity

Number of

Hidden Neurons
8000 -

7000
6000 -
5000 -
4000 - yd

3000 - i
2000 - /

1000 -/

o T T T T T T T T T ]
0-0 0-5 0-10 0-15 0-20 0-25 0-30 0-35 0-40 0-45 0-50

% Training Pattern Noise

Fig. 9. Influence of training noise on the number of hidden neurons required to reduce the training pattern error to zero.
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Order of curves
at 512 hidden neurons:

% Correct Classifications (test noise)
(network trained on 0-10% noise) 0% and 5%
100 - 10%
15%
20 _ 20%
25%
80 | 30%
35%
70 - 40%
45%
60 E 50%
50
40 |
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20 / /
10 /
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Maximum Number of Hidden Neurons per Output

Fig. 10. Influence on performance of varying the maximum number of hidden neurons attached to each output.

have been reduced in size from 923 to 476 hidden neuronsridge was evaluated. Figure 11 shows the basic operation

in total without seriously affecting its performance. of this application. As a truck crosses a bridge, it induces
strain in the girders. This is measured over the entire period

4.4. Truck-tvpe classification problem of the truck crossing by a transducer, providing a strain—
o yp P time curve such as that indicated in the figure. Each truck

As a final experiment, the ability of the proposed neural netgenerates a characteristic strain—time curve, the form of
working system to recognizing the type of truck crossing awhich is a function of the velocity of the truck, the number

// g L ]
/ -~ transducer / ~

strain

strain
readings
60Hz sampling
rate

time

Fig. 11. Strain—time curve induced in bridge girder by the passage of a truck.
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Inputs to Network

Inputs to Network 0000
2209
©]0]0]0)
measured measured (D@ ®®
strain strain
1.00 1.00
0.50 0.50
0.00 time 0.00 time
€) (b)

Fig. 12. Alternative methods of formatting strain—time curve for input to neural netw@kVector of real values(b) Matrix of
binary values.

of axles, the spacing between axles, and the load on eactetwork, each strain—time curve provided directly a 32-
axle. The objective is to recognize the type of tréakcord-  elementinputvector of a training pattésee Figure 12aFor
ing to the Federal Highways Administration system of clas-the proposed binary network, the series of strain readings were
sification) from its strain—time curve. projected onto a 3X 32 element grid to provide the binary
The solution to the problem involves presenting the neumatrix of input values for the training pattefsee Fig-
ral network with data describing the strain—time curve in-ure 12b. The projection was scaled so thatanormalized strain
duced by a truck. The response output from the networkeading of 1.0 would reach the top of the 32-element high grid.
should be a correct classification of the truck type that re+or both types of network, the output vector of each training
sulted in the strain—time curve. pattern comprised a vector of binary valdese element for
For comparison, the performance of the proposed neuratach type of truck All elements in the output vector were set
system was compared to that of a radial-Gaussian based neta-0, except that representing the class of truck that induced
ral network(Flood, 1991] previously shown to outperform the strain—time curve which was setto 1.
a backpropagation network for the truck-type classification A total of 1000 testing patterns were set up for each type
problem(Gagarin et al., 1992, 1994The radial-Gaussian of truck using axle spacings and loads selected at random
network considered by Gagarin et 81994 comprised an  from within the ranges given in Table 1, and with velocities
array of inputs, each receiving one of the strain readings imetween 80.1 knth and 112 knih.
the strain—time curve, as indicated in Figure 12a. For the The proposed binary networking system required a max-
proposed binary networking system, the strain—time curvémum of 917 hidden neurons to learn all the training pat-
was mapped onto a matrix of binary values in the manneterns at an output, while the radial-Gaussian network was
indicated in Figure 12b. found to improve little beyond 1000 hidden neurons for any
This study considered the bridge configuration adoptedutput. Table 2 shows the performance of both the pro-
by Gagarin et al(1994), a simply supported 17.1-m bridge posed network and the radial-Gaussian network for the 9000
span representing the westbound lane crossing the Bull Ruiest pattern$1000 patterns per truck typdt is clear from
on Interstate 66 near Washington DC. these results that there is little to distinguish between the
Training patterns were established, as with Gagarin et altwo types of network in terms of performance. However,
for the nine classes of truck most common in traffiee Fig-
ure 13, with the range in axle spacings and axle loads listed
in Table 1. Three valughe minimum, maximum, and cen-
tral value were considered for each axle spacing and axle 25 3s 45
load, for each truck class, giving the number of alternative _O_E; "OO—E; @
truck configurations listed in the end column. Each truck con-
figuration was run at a speed of 80.1 km 96 knyh, and 112 25-1 25-2 @
km/h, across a single girder model of the bridge, and strain OC—0O

readings were generated based on a 60-Hz sampling rate, pr{ 351 35-2 ; 35-3 ;
viding a total of 4131 strain—time curves. Each curve cov-

eredthe duration of the truck crossing event, and was dividec' '

into 32 equal groups of strain readings—the values within eac;| 25-1-2 )

group were then averaged. Each resultant strain—time curve

was used to establish a training pattern. For the radial-GaussianFig. 13. Axle configurations of FHWA alternative classes of truck.
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Table 1. Range of parameter settings used for establishing training patterns

Axle Loads(kN) Axle Spacinggm) No. of
Type of Training
Truck 1 2 3 4 5 6 1-2 2-3 3-4 4-5 5-6 Patterns
2S 13.3-53.4 8.8-80.1 — — — — 2.74-6.10 — — — — 27
3S 13.3-53.4 8.8-80.1 8.8-80.1 — — — 2.74-6.10 1.22 — — — 27
4S8 13.3-53.4 8.8-80.1 8.8-80.1 8.8-80.1 — — 2.74-5.49 1.22 1.22 — — 27
2S-1 13.3-53.4 8.8-80.1 8.8-80.1 — — — 2.74-4.88 5.49-1.6 — — — 243
2S-2 13.3-53.4 8.8-80.1 8.8-80.1 8.8-80.1 — — 2.74-5.49 6.10-11.6 1.22 — — 243
3S-1 13.3-62.3 8.8-71.2 8.8-71.2 8.8-80.1 — — 2.74-6.10 1.22 6.10-11.6 — — 243
3S-2 13.3-53.4 8.8-71.2 8.8-71.2 8.8-80.1 8.8-80.1 — 2.74-6.10 1.22 6.10-11.6 1.22 — 243
3S-3 13.3-53.4 8.8-71.2 88-71.2 8.8-80.1 8.8-80.1 8.8-80.1 2.74-6.10 1.22 6.10-11.6 122 1.22 243
2S-1-2 13.3-53.4 8.8-80.1 8.8-80.1 8.8-80.1 8.8-80.1 — 2.74-5.49 5.49 3.05 5.49 — 81

the proposed binary network has the advantage of being simi-000 randomly generated training pattetms.contrast, the
pler in form and two to three orders of magnitude faster tosupervised training algorithm proposed by Fl¢a€91) for

train (see Section 4.5 belowWhile both networks per- radial-Gaussian networkgdopted in the above problem
formed reasonably well, there is potential for improvementwas about 431 times slower, taking an average of 25 s to
by structuring the solution to work in stages. Specifically, train each hidden neuron for the same set of randomly gen-
most of the misclassifications were between trucks with simerated patterns. The significance of this is that the radial-
ilar axle configurations. For example, trucks of the 3S-1,Gaussian training algorithm has in turn been shown, over a
3S-2, and 3S-3 classes were often confused. Consequenthange of problems, to operate several orders of magnitude
it may be possible to improve performance by having a prifaster than the popular Generalized Delta Rule training al-
mary network that simply identifies these general classesjorithm of backpropagation networkilood, 1991; Gagarin
followed by secondary networkene for each general clgss et al., 1992.

trained specifically to identify the type of truck within a given

general class. This way, the tasks to be learned by the sec-

ondary networks will be greatly simplified, thus reducing 5. CONCLUSIONS AND DEVELOPMENTS

the likelihood of confusion in classification.
The paper has proposed and evaluated a neural network ar-

chitecture and supervised training algorithm, that can be used
4.5. Training speed as a binary classifier. In particular, the system has been shown
. . to provide an accurate means of classifying noisy and vari-
A major_advantage of t.he prqpo;ed binary neural networlgble patterns, for both character recognition and truck-type
system is the speed with which it can develop a networkldentification problems. Compared to Hamming networks,

Fo_r example, 0.058 s was the average processing t'me.rﬁ'has the advantage of being able to group patterns into dif-
quired to develop one hidden neuron in a network compris;

ing 10 input neurons and 1 output neuron. using a set 0fgerent classes along any set of boundgries. A variant of the
' ystem where the thresholds on the hidden neurons are all

set to zero has been shown to provide superior performance

if a comprehensive set of noise-free templates are available

Table 2. Performance of neural networks for truck for network development.
classification problem Important attributes of the training algorithm are that it
operates extremely rapid{ppeing orders of magnitude faster
% Correct Classifications than other supervised schemes such as backpropayation
EHWA Truck Proposed Binary Radial-Gaussian  Circumvents the issue of how many hidden neurons to in-
Class Network Network corporate in a network, and it is guaranteed to converge on
s 92.3% 93.1% zero error(if required for a set of unambiguous training
3s 89.6% 90.2% patterns.
4s 88.2% 84.3% The problems considered above are nontransitory in na-
2S-1 91.0% 89.4% ture, that is, the targeted solution does not vary with time.
ggi 22:222 g;:gzz To_a_ccommodate problems whe_re the st_)lution _changes, the
35-2 88.2% 81.3% training process needs to be applied continually in some way.
3s-3 89.7% 86.4%
258-1-2 76.1% 79.2%

2Processing speed experiments were performed on a Gateway 2000 486
33C computing system programmed using Turbo Pascal.
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The method currently being evaluated to handle this situakippmann, R.P(1987). An introduction to computing with neural nets.

; ; ; ; |IEEE ASSP Magazine 4(2-22.
tion exploits the fact that the main part of learning a map-l_iIOIOmann S Gogl’d B &(’,\ﬁilpass MI11987). A comparison of Ham-

ping function is done by the first hidden neurons in the " ming and Hopfield neural nets for pattern classification. Technical Re-
network, with subsequent hidden neurons becoming less sig- port 769, MIT Lincoln Laboratory, Lexington, MA.
nificant. First, a base network is trained as described in Sec2°99i0: T, & Edelman, $1990. Anetwork that leams to recognize three-
. . . L . dimensional objectdNature 343 263-266.
tion 2.3 until the error for a fixed set of training patterns is rumelhart, D. E., Hinton, G. E., & Williams, R. 1986 Learning inter-
reduced to an acceptable leVglossibly zerp. The set of nal representations by error propagationPhrallel Distributed Pro-
raining patterns s then refreshed, eithe by updating the S50, E30koing e Meresuetreof Confiumeniant 0%
target vectors or by replacing whole training patteipss- bridge, Massachusetts.
sibly selected at randonwith ones that are more up-to- Tsoi, A.C.(1990. Comparison of the performance of three popular neural
date. Once the training pattern set has been modified, networks.Proc. Se_zcond Int. Joint Conf. on Neural Netwqrgp. 707—
. . . 711. IEEE, Washington DC.

additional hidden neurons are added until the errors that have
just been introduced are back down to an acceptable level.
The next occasion the training pattern set is modified, the
additional hidden neurons are discarded, and a new set is
added. If an excessive number of additional hidden neurons
have to be added at any stage then the base network m#gn Flood is Director of the Fire Research Center and a fac-
need to be updated. This can be done by cutting back thelty member of the M.E. Rinker, Sr. School of Building Con-
end portion of the base network and discarding it along wittstruction, at the University of Florida, Gainesville. Prior to
the additional hidden neurons thereby allowing retrainingthis, he held academic positions in the Department of Civil
of the network from an earlier stage. Training as such carEngineering at the University of Maryland, College Park,
continue in the background while the latest version of theand in the School of Building and Estate Management at
network is still in use. the National University of Singapore. He has published ex-
tensively in the areas of construction management and
computer-based modeling in engineering. His current areas
of research include the development of artificially intelli-
Anderson, J.A., Silverstein, J., Ritz, S.A., & Jones, R1977). Distinc-  gent methods of modeling construction processes, neural

tive features, categorical perception, and probability learning: Somenetwork-based approaches to the weigh-in-motion of trucks,

applications of a neural moddPsych. Review §413—-451. . . . .
Anderson, J.A(1983. Cognitive and psychological computation with neu- and the modeling of uncertainty in construction costs and

ral modelsIEEE Transactions on Systems, Man, and Cybernetics SMCSchedules.
13, 799-814.
Fahlman, S.E., & Lebiere, G1990. The cascaded-correlation learning
architecture Report CMU-CS-90-100. Carnegie Mellon University, Nabil A. Kartam is an Associate Professor of Civil Engi-
Pittsburgh, PA. . . . . . .
Flood, 1.(1991). A Gaussian-based neural network architecture and comnN€€ring at Kuwait University. His current teaCh'ng and re-

plementary training algorithmProc. Int. Joint Conf. on Neural Net-  search are centered around the design, implementation, and
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