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Abstract 

The apphcatlon of artlficlal neural networks for the modelhng of a complex process was examined A real data set 
concernmg the batch produchon of cheese from an actual plant was used to predict the resultmg water content of the 
cheese from the mdk cornposItIon and process parameters Owmg to the complex nature of the data and the hnuted 
number of available patterns, chfficultles were encountered when the standard backward error propagation algorithm 
was apphed and no solution was derived Several adaptIons to the algonthm as suggested m the literature were then 
exammed, and several gave satisfactory solutions The resultmg mean of the absolute values of the absolute 
predictIon errors was 0 25% and 0 29% for known and unknown patterns, respectively, with a worst case error of 
08% 
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For certam problems, conventlonal analytlcal 
chemistry does not provide adequate solutions 
Multl-component analysis is frequently hampered 
by low selectivity of the detectlon devices, neces- 
sitating sample pretreatment, or alternatively re- 
sults m complex data which are dlfflcult to evalu- 
ate In organoleptlc quality control, the necessary 
mformatlon may be dlfflcult or rmposslble to 
measure physically, or it must be predicted be- 
forehand from process parameters which are not 
directly related to the mformatlon reqmred 

In these instances, an empmcal approach can 
be taken, such as pattern recognition or soft- 
modellmg techmques, to obtain a relatlonshlp 
between the measurable data and the required 
information Statistical and chemometrlc tech- 
niques, such as regression, smgular value decom- 
position, partial least squared and prmclpal com- 

ponent analysis, can provide satisfactory solutions 
but require expertise and care when applied [l-3] 
Also, prehmmary assumptions may be needed as 
to the expected nature and dlmenslonahty of the 
relationship 

Recently, artificial neural networks have be- 
come the focus of Interest m many dlsclplmes 
Neural network theory can be apphed as an 
adaptive pattern recogmtlon technique which 1s 
capable of learnmg a mapping of arbitrary dlmen- 
slonahty between a multi-dimensional mput and 
output space [41 This 1s done by creatmg a neural 
network slmulatlon m software and subsequently 
trammg it with a set of patterns and a learning 
rule until a correct response 1s obtained The 
neutral network can be considered to be a “black 
box” model After trammg, the performance of 
the network can be evaluated by presenting new 
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patterns to it, 1 e , patterns that were not used for 
the training, and by analysmg the mput-output 
relatIonshIps of the network 

The possiblhty of automatically derlvmg a 
made1 or mapping of arbitrary ~enslonall~ 
from expenmental data without any poor knowi- 
edge of the data itself makes the use of neutral 
networks attracttve m many Instances The 
strengths and lmutatlons of neural network the- 
ory are currently being exammed us a number of 
areas Current research topics mclude quality 
control m dauy processes and the evaluation of 
complex multi-component spectra m X-ray fluo- 
rescence spectrometry [5] A first study of the 
apphcatlon of neural networks has been pub- 
hshed [6] concerning multi-component analysis 
with an array of ion-selective electrodes In that 
case no difficulties were encountered with stan- 
dard back-propagation as opposed to the prob- 
lem of predlctmg the water content of cheese as 
m this study 

THEORY 

The structure of a neural network 
The artifiaal neural networks are computa- 

tlonal slmulatlons of blologlcal parallel signal 
processing They are usually built from several 
layers of neurons as depicted m Ftg 1 The first 
layer consists of neurons which simply take on 

layer layer layer 

Fxg 1 Representation of an artxfic~al neural network 

the mput values of a pattern and 1s called the 
utput layer The last layer 1s called the output 
layer and produces the pattern outputs The lay- 
ers m between are called h&fen layers Each 
neuron m the network IS a simple computational 
device which receives a number of mput signals, 
derives a total mput signal net, and from this 
produces an output signal using an output or 
squashing function, fbzet) Each input to a neu- 
ron IS associated with a wezght represented by a 
number which represents the stimulating or m- 
hibiting influence of an input signal 

Given a certam topology, I e, a number of 
neurons with their mterconnectlons, the network 
can collect “knowledge” by modifymg its set of 
weights These weights are determined by starting 
with random values and applying a ~eu~g rule 
to tram it with the help of experimenta data 
Despite the simple nature of the neurons, the 
network as a whole has lmpressfve capab&tles A 
thorough explanation of neural network theory 
can be found elsewhere [7] The networks de- 
scribed here are all of the feedforward type, 1 e , 
each neuron m a layer only receives Inputs from 
the neurons m the preceding layer This 1s a 
prerequlslte for the apphed backward error prop- 
agation rule 

Mathematically, a layer L with n non-lmear 
neurons and mth the same set of m Inputs to 
each of the neurons m the layer L can be seen as 
a non-linear transform 1 from the m-dlmenslonal 
input space M to an n-dlmennonal output space 
N If layer L IS followed by another layer K, the 
resultmg operation IS the su~ession of both 
transforms 
f kol (11 
Theoretically, a four layer network with sufficient 
neurons with non-linear output functions m the 
two hidden layers IS capable of performing any 
mapping, but mostly one hidden layer IS sufficient 
141 

The types of neurons used 
In most of the current literature, bmary valued 

outputs and/or inputs are used where a value 
above an arbitrary threshold slgmfles a 1, or 
Boolean “true”, and below the threshold a 0, or 
Boolean “false” For &rect quantltatrve analysis, 
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however, contmuous valued inputs and outputs 
which directly represent the desired values such 
as concentrations are more practical Three neu- 
ron types as suggested m the literature were 
examined for this case In the followmg, w,, de- 
notes the weight connectmg neuron I m the pre- 
vious layer to neuron J in the current, and o, and 
o, denote the output values of the respective 
neurons 

A standard slgmold neuron J has as input 
function net, 

net, = C w,, 0, (4 

and as output or squashing function 
1 

OJ = 1 + exp[ - (net/T) + 01 (3) 

m which 0 is called the bias and T is the temper- 
ature The shape of the function 1s an S-curve 
scaled between 0 and 1 It has an mflectlon pomt 
at 6 with a slope determmed by T To slmphfy 
calculations and to avold the need to determine 
an emplrlcal learning rate for the temperatures, T 
m Eqn 3 can be omltted as it can be absorbed m 
the weight factors 

c wLJ ‘, 

1 = cw:,o, 
T 1 

wlthout loss of generality 
Symmetrical slgmold neurons have the same 

input function (Eqn 2) but have outputs which 
are scaled between - 1 and 1 

n 

OJ= 1 +exp((let,/T) +O] -’ (5) 

As they behave somewhat unstably around the 
Inflection pomt of the squashrng function, they 
require learning rates much lower than standard 
slgmold neurons 

Neurons wth radial base functions (RBFs) can 
be expressed as proposed by Welgend et al [8] 

The output of this function is the normalized 
distance of an input vector o to the neuron and 
the weight vector w As can be seen from Eqn 6, 
if any of the Inputs o, differs slgmficantly from 
the correspondmg w,, then the output wdl be very 
low RBFs are useful when the data are strongly 
clustered or of very low dimension An addltlonal 
learmng rate to adJust 5 for every RBF neuron is 
needed The adjustments to the u,s are made m a 
similar way as to the weights 

i%e back-propagatwn algonthm 
A descrlptlon of the back-propagation algo- 

rlthm was given previously [61 and a more exten- 
swe descrlptlon can be found elsewhere [7] Only 
a brief summary of speclflc detads ~111 be given 
here 

A neural network 1s first mltlahzed by glvmg 
each weight factor a small random value, typlcally 
between -0 1 and +0 1 Then each pattern of 
the trammg set 1s succeslvely presented to the 
network and the actlvatlon IS propagated through 
the network to the final outputs usmg the input 
and output functions of the neurons The outputs 
of the neurons m the last layer 1 are compared 
with the required outputs for that pattern and for 
each an error term S, 1s derived 

fSJ = (target, - output,)f’(net,) (7) 

and propagated backwards through the network 
startmg from the layer precedmg the output layer 
For each neuron 1 m the precedmg layer 1- 1 
the term 6, IS calculated using the 6,s from the 
succeeding layer 1 and the weights connecting the 
neuron I m layer I- 1 to the neurons J m the 
layer 1 

6, =f’(net,) CW,,SJ (8) 

J 

Usmg these error terms, adaptlons of the weight 
factors (of the inputs of neuron I) are calculated 
according to the back-propagation rule 

AwJI = -6,( &zet,/sw,,) (9) 

and temporarily saved by summmg them m an 
adaption array After each of the patterns has 
been processed m this way, the summed adap- 
trons of the weights are added to the weights The 
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summmg of adaptions m a separate array 1s con- 
venient because the sequence wdl not influence 
the result, thus avoldmg the need for tlme-con- 
summg random selectlon of the patterns, nor will 
the finally trained network be skewed towards the 
last presented patterns The adaptlon array 1s 
zeroed and the process 1s repeated Each process- 
ing of the entu-e trammg set m this fashion 1s 
referred to as an epoch or lteratlon m this work 

Learning rate and momentum 
In normal back-propagation, the weight adjust- 

ments are multlphed by a learning rate A before 
summing to the weights 
w,‘, = w,, + A Aw,, (10) 
Also, a momentum factor w can be used to lm- 
prove the convergence 

w,: = W,I + * Aw,, + CL AW,r,*rev,ous (11) 
The choice of learnmg rate and momentum 1s 
empirical and differs for varying topclogles and 
pattern sets Too low values lead to very slow 
trammg, whereas too high values may cause osal- 
latlon Many papers [9,10] have dealt with the 
determmatlon of optimum learning parameters 
The approach adopted here is to introduce a 
local learning rate for each neuron which is the 
inverse of the fan-m, 1 e , the number of inputs 
which the neuron has Intumvely this means that 
the adaption for a weight of a particular neuron 
should be mversely proportional to the number of 
adaptions, 1 e , weights, made for that neuron As 
the fan-m is a fured value for each neuron, for 
experlmental control an additional global learn- 
mg rate 1s mamtamed which 1s normally set to 
umty The weight adaptions from Eqn 9 are 
multlplled by the local learnmg rate before sum- 
ming to the adaption array When the adaption 
array is used to adjust the weights, all of Its 
elements are then multlphed with the global 
learning rate The momentum is usally set to 
zero The resulting learning behavlour has proved 
to be sufficiently fast whde hardly ever leading to 
oscillation 

Fmdmg an optimum mappmg 
Many who are new to the field of neural 

network theory are concerned about the large 

_ 
Input 2 &it 2 
a b 
Fig 2 (a) The smdlest network, (b) a larger network 

number of weights as free parameters Thus con- 
cern stems from the assumption that these weights 
should represent something specific, such as coef- 
flclents m regression analysis That this need not 
be a problem can be illustrated with a trivial 
linear example 

Assume a small set of three different noise-free 
patterns with inputs x and y and output t, such 
that 

z=ax+by (12) 
A network conslstmg of one linear neuron with 
Eqn 2 as mput function and 

f( net) = net (13) 
as squashmg function 1s depicted m Frg 2a It has 
two weights, which 1s less than the number of 
unique patterns available After sufficient tram- 
mg, the weights w1 and w2 will have become 
equal to the coefficients a and b m Eqn 12, not 
neccesarlly m that order The network m Fig 2b 
has SIX weights and would be over-parametrized 
Each training started with random begmnmg 
weights will result m a different set of welgths 
However, with sufficient training the functlonal 
mapping of both networks will be Identical The 
two weights of the small network will simply be 
distributed over the SIX weights of the larger 
network The manner of dlstrlbutlon IS deter- 
mined by the random beginning values of the 
weights 

If the squashing function 1s non&near, the 
above stdl holds m general, because m the do- 
mam of the presented pattern space the func- 
tlonal mappmgs of all tramed networks will ap- 
proximate very closely The case 1s different if 
there 1s slgmflcant noise present m the patterns, 
as it 1s possible to overfit the data usmg the 
non-hnear behavlour of the squashmg function 
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In broader terms, the network will store the mdl- 
vldual patterns instead of learning the underlying 
features In this case the literature advises for 
good generahzatlon that the number of weights m 
a network should be less than one tenth of the 
number of patterns available for training Reduc- 
mg the number of neurons and weights also re- 
duces the amount of “knowledge” that a network 
can store, thus forcing It to learn underlying 
features With over-sized networks excessive 
training will over-fit the training data If there are 
not enough patterns available to sat&y this cnte- 
non, back-propagation will not function satlsfac- 
torlly and modlflcatlons of the algorithm are 
needed 

Modifications to back-propagation 
The current hterature presents many modlflca- 

tions to back-propagation m order to enhance the 
generahzmg capablhtles of neural networks and 
limit the learning of noise Several have been 
investigated with aid of the cheese predlctlon 
data set 

Leamrng wrth a predrctzon set This IS called 
cross-vahdatlon learning by Welgend et al [8] 
Two data sets are used, one for the actual tram- 
mg (the trammg set) and the other for cross- 
valldatlon (the prediction set) The errors of both 
sets are monitored and training 1s stopped as 
soon as no further improvement for the predlc- 
tlon set 1s observed, I e , at the mmlmum of the 
prediction learning curve The underlymg theory 
1s that uutlally all neurons respond to the major 
feature of the patterns When this 1s accounted 
for, the neurons start to differentiate to the sec- 
ond most important feature, and so on Gwen a 
very large pattern and prediction set contammg 
noise, the point at which over-fitting begms to 
occur should be at the minimum of the predlctlon 
learning curve If the pattern and predlctlon set 
are relatively small, however, or only partly over- 
lap m pattern space, this method leads to an 
ImplicIt training for the prediction set also and 
should not be used 

Extra output learning By trammg a neural net- 
work to predict other (not needed) outputs which 
are strongly related to the required output, more 
information needs to be coded m the available 

weights, decreasing the number of possible map- 
pings and forcing the network to generalize [ll] 

Norse Real data normally contam some noise 
If during trammg random noise of the same level 
1s introduced each time a pattern 1s presented, 
the fitting of noise by the network through exces- 
sive trammg 1s inhibited 

Uniform nozse By mtroducmg the same ran- 
dom noise for all elements of a pattern when it 1s 
presented, the neural network can be forced to 
look for relative signals m the data For instance, 
m Image recognition, the response should be m- 
dependent of the grey level of the image 

Weights reduction Two methods of reducing 
the weights were examined Both methods aim to 
mmlmlze, and eventually delete, not needed 
weights by gently forcing them to zero Wergend 
et al [8] propose the mtroductlon of a weight cost 
term into the error function E, to be mmlmlzed 
by back-propagation for all patterns k and all 
weights J in the network 

E, = c (target, - predlctlon,)’ 
k 

+cc[w;/(l+w~)] 
J 

(14) 

where c 1s an experimental cost factor The 
derivative of the cost term part used for adapting 
the weights during back-propagation becomes 

6EP/“w, = c[2w,/(l + w;)~] (15) 
This derivative has a maximum for w = 0 5, thus 
driving welgths smaller than this value to zero 
and drlvmg the other weights to larger values 

Hmton proposes a decay method m which 
each weight is continuously decaying to zero with 
a factor d 

w, = w, - dw I (16) 

Descending epsrlon algorithm If the patterns 
cover the pattern space poorly, as with the cheese 
predlctlon set, back-propagation (based on the 
mmlmlzatlon of the sum of squares of errors) has 
the tendency to map the more clustered data 
best, thus producmg large errors for “outher” 
patterns Assummg that all of the patterns m the 
set are error-free, 1 e , the “outhers” are vahd 
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data, it 1s desirable to select only those patterns 
which describe the pattern space accurately How 
this selection should be made IS unclear as It may 
change dynarmcally durmg trammg, dependmg on 
the local error surface An automatic mechamsm 
[I21 can be Implemented by mtroducmg a new 
parameter E m the back-propagation algonthm 
This parameter 1s nutlahzed to a sultable value 
and normal back-propagation 1s performed 
Weight adaptlons are made only for those pat- 
terns which produce an error larger than E If 
none of the patterns produces an error larger 
than E, It 1s lowered by multiplying with a scaling 
factor and the trammg process 1s resumed With 
very long trammg E will become low enough to 
make the selectron of nearly all patterns possible, 
leading the neural network to the same sub-optl- 
mum mappmg as normal back-propagation 

SENSITIVITY OF NETWORKS TO THE INPUTS 

Once a network has been suffrclently tramed, 
mformatlon concemmg the Input-output map- 
pmg can be gamed In any point of the pattern 
space a gradient p,, of an output J of the output 
layer with respect to an mput I from the mput 
Iayer can be calculated [13] These gradients are a 
measure of the sensltlvlty of the output with 
respect to the input m the mappmg by the net- 
work They can also be used to determme or 
optlrmze iteratively an unknown mput or inputs 
from a pattern with known or desired outputs 
through gradlent search 

To determme this gradlent, the pattern must 
fn-st be presented and the correspondmg network 
outputs calculated Each neuron 1s then assigned 
a local gradient g, The mput layer IS mttlahzed 
by 
g,=l If k=z 

8, = o If kzz (17) 

For each neuron m the succeedmg layers the 
gradlent 1s then propagated m a way slmllar to 
the propagation of the actlvatlons onto the out- 
put layer 

g, =f;tnetk) CWtkgr 

where g, is the local gradient of neuron z m the 
previous layer and w,, the wetght connecting neu- 
ron z to neuron J The gradlent plr IS then the 
gradient g, of neuron J in the output layer 

EXPERIMENTAL 

Descrzptzon of the pattenzs 
The pattern set used conststed of selected 

recordmgs of the actual batch production of 
cheese m a factory plant durmg a whole year 
The composltlon of the milk used was recorded 
together with most of the process parameters 
during productlon The water and fat and con- 
tents of the cheese were measured after the final 
ripening stage The water content varied from 
404to428% 

The ObJectlve in this instance was to predict 
the resulting water content of the cheese given 
the composltlon of the milk and a set of process 
vanables, so as to mmlmlze the variance 

For this work 145 patterns were selected, each 
with 24 input parameters and one output, the 
resulting water content In the case of extra out- 
put learmng, one more output for fat content was 
added Owmg to agreements made with the com- 
pany which supplied the patterns, no further de- 
tails can be given here 

Descrzptwn of the software and hardware used 
The calculations presented m this paper were 

done with our own software package on a trans- 
puter system running the operating system He- 
llos Despite the parallel archttecture of the 
transputer system, the algorithms themselves were 
executed sequentially The computational work 
was reduced by trammg several neural networks 
simultaneously on different transputers 

The software package, called YANG (Yet An- 
other Network Generator), is wrltten m ANSI 
standard C It consists of a program generator 
capable of translatmg a structural descrlptlon of a 
neural network to the correspondmg C data 
structures, and a set of hbrarres that manipulate 
these data structures Together with driving rou- 
tines, stand-alone neural network-snnulatmg pro- 
grams can quickly be constructed and modlflca- 
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tlons to trammg algorithms can be Implemented 
m a short time As no device-specific features are 
used the package can easrly be ported to many 
platforms 

Network topologzes 
The mmlmum necessary network size was de- 

termined fn-st Networks with two hidden layers 
of up to 30 neurons each were tramed using 
normal back-propagation Reduction to one hid- 
den layer gave no deterioration of the learning 
capability as expressed by the sum of square 
errors of the tralmng set All networks exhibited 
the same behavlour m leammg, as explamed later 
m the discussion of the results The number of 
neurons m the hidden layer was then reduced A 
mmnnum three-layer network with two neurons 
m the hidden layer was still found to be reason- 
ably sufficient 

To compare the influence of the various adap- 
tions to back-propagation, it was decided to use a 
single hidden layer with four neurons This net- 
work was small enough to keep the amount of 
calculations reasonable (typlcally l-2 h per net- 
work per trial) while large enough to result m 
srgnlficant differences m behavlour for the van- 
ous expenments 

All networks were of nearly the same topology 
The first layer consisted of 24 input neurons 
representing milk composition and process pa- 
rameters scaled between 0 and 1 The hldden 
layer consisted of four neurons and the last layer 
of one or two output neurons, slgtnold or sym- 
metrical slgmold, predicting the composition of 
the cheese scaled between the values 0 2 and 0 8 
(between - 0 6 and 0 6 for symmetrical slgmold 
neurons) 

Expercmental parameters 
For all experiments a local learning rate as 

previously mentioned was used The global learn- 
mg rate was set to unity, except where symmetn- 
cal slgmold neurons were applied, m which event 
it was set to 0 1 to prevent oscdlatlon The addl- 
tional learning rate for adjusting the a, values of 
RBF neurons was set to 0 1 The momentum was 
set to zero To allow all experiments to reach 
their best performance, a large number of itera- 

tions was taken (30000) Networks were mltlal- 
lzed by glvmg the weights random values m the 
range [ -0 1,0 11 and m the case of RBF neurons 
the a,s were mltlahzed to 2 0 

The noise present m each element of the pat- 
terns was estimated to be proportional to the last 
significant number of the element 

Random uniform noise was empu-lcally chosen 
to be m the range L-0 2,0 21 through several 
experiments with a network of slgmold neurons 
The cost or decay factor for use m weight reduc- 
tlons was set to 0 0005 The epsilon factor was 
mltlallzed to 0 5 

RESULTS 

For llustratlon, the training behavlour of a 
neural network for a m&-component problem 
with an array of ion-selective electrodes, as pub- 
lished previously 161, with normal back-propa- 
gation IS depicted m Fig 3, where the mean sum 
of squared errors (MSSE) for all patterns 111 the 
trammg set 1s plotted against the number of ltera- 
tlons At certain intervals durmg the training a 
set of unknowns (the prediction set) IS presented 
to the network and the MSSE of these predlc- 

Epochs x 103 
Rg 3 Learnmg a correct mappmg, for an array of lon-selec- 
twe electrodes (a) Trammg set, (b) predlctlon set 
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Fig 4 Learmng an mcorrect mappmg Normal back-propa- 
gatlon (a) Trauung set, (b) predxtlon set 

tlons 1s calculated and also plotted m Fig 3 Both 
curves are nearly superunposed, which indicates 
the learning of a correct mapping enveloping the 
complete pattern space The resulting perfor- 
mance 1s dependent only on the available compu- 
tational resources 

A markedly different behavlour IS observed for 
the cheese predlctlon problem, as seen m Fig 4 
The neural network rapidly learns, but the MSSE 
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of the prediction set soon increases agam Appar- 
ently the network 1s learnmg noise or a more 
optimum sub-space mapping of the trammg set 
leading to a poor performance for the prediction 
set The effect of this behavlour 1s illustrated m 
Fig 5, where the predicted water content, scaled 
between 0 2 and 0 8,is plotted The patterns have 
been sorted m ascending order This poses a 
severe problem as the performance of the tramed 
network depends strongly on the number of ltera- 
tlons of trammg To a&eve results of sufficiently 
quality, modlfrcatlons to the trammg algorithm or 
network topology are required to mmlmlze the 
divergence of both curves, 1 e to force the net- 
work to learn the underlying features m the data 

For each network type and modification to the 
back-propagation algorithm several trainings were 
done, each differing only slightly m resulting er- 
ror Of these trainings, the one wrth the lowest 
error for the training set, and hence the largest 
error for the prediction set, was chosen for mak- 
mg the comparison 

The effects of the examined modlflcatlons to 
the back-propagation algorithm m learning be- 
havlour for networks with slgmold neurons 1s 
lllustated m Fig 6, which can be compared with 
Fig 4 Introducing noise during training (Fig 6A) 
improves the prediction errors only slightly, 
whereas applymg uniform noise (Fig 6B) has no 

Pattern 

Fig 5 (A) Predlctmg the trammg set with normal back-propagation, (BI predlctmg the predlctlon set with normal back-propa- 
gatlon Lmes (a) actual water content (%I, (b) predlcted water content (So) 
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TABLE 1 

Results for networks with slgmoid neurons 

Parameter Trammg PredictIon 

Mean SD Mean SD 

Normal back-propagation 011 009 043 0 37 
Back-propagation with noise 0 12 010 036 0 29 
Uniform noise 013 011 044 035 
Descending epsilon 022 009 031 0 23 
Weight reduction [8] 0 25 017 036 0 24 
Weight decay [8] 0 27 020 030 0 20 

apparent effect The descendmg epsilon modlfl- 
cation (Fig 6C) improves the learning behavrour 
a great deal by reducing the previously observed 
divergence Weight reduction (Fig 6D) achieves 
nearly the same reduction but requires very long 
trammg times The applied 30000 iterations are 
not sufficient to achieve a mmlmum error The 
best result for slgmold neurons 1s achieved using 
weight decay (Fig 6E) The network rapidly 
reaches a minimum error and the difference m 
error for the trammg and prediction set 1s the 
smallest compared with the other methods 

The effects m learning behavlour as illustrated 
above are similar for networks with different types 
of neurons 

The results of the calculations are collected m 
Tables 1-4, where the mean absolute errors m 
prediction for the trammg and predlctlon set are 
listed together with the standard deviations of 
these errors The errors have been resealed to 
absolute water percentages m the cheese 

For networks consisting of slgmold neurons 
(Table 1) the weight decay gives the best results 

TABLE 2 

Results for networks with extra output neurons 

Parameter Trammg Predlctlon 

Mean SD Mean SD 

Normal back-propagation 014 009 0 43 034 
Back-propagation with noise 0 14 011 036 028 
Umform noise 0 13 011 038 0 25 
Descendmg epsdon 020 012 035 023 
Wetght reduction [8] 0 24 019 031 0 22 
Weight decay [8] 0 26 018 035 0 24 

TABLE 3 

Results for networks with RBF neurons 

Parameter Trammg Predmtlon 

Mean SD Mean SD 

Normal back-propagation 0 2s 019 029 0 20 
Back-propagation with notse 0 25 0 18 029 0 19 
Umform noise 0 25 016 031 0 21 
Descending epsdon 029 0 17 033 0 24 
Weight reduction [81 034 026 039 0 25 
Weight decay [S] 038 028 0 39 026 

because it shows the smallest divergence m learn- 
mg curves After adding extra outputs (Table 2), 
the performance for all algorithms decreases 
slightly Here weight reduction gives the best 
results 

Neurons with radial base functions as squash- 
mg function (Table 3) behave differently The 
descending epsilon and weight reduction or decay 
modlficatlons perform worst, whereas there IS 
little difference m performance for normal back- 
propagation or learning mth noise 

Symmetrical slgmold neurons (Table 4) per- 
form generally the same as RBF neurons A 
drawback 1s slower learning owmg to the low 
learning rate caused by the unstable nature of 
this type of neuron In the case of weight reduc- 
tlon according to Welgend et al [81 no solution 
was derived m any trial 

In general, those methods which reduce the 
amount of knowledge a network can learn work 
best This can either be a combmatlon of slgmold 
neurons with weight decay or networks of RBF- 
type neurons A surprlsmg result is the generally 

TABLE 4 

Results for networks with symmetrIca slgmmd neurons 

Parameter 

Normal back-propagation 
Back-propagation with noise 
Umform nose 
Descending epsdon 
Weight reduction [8] 
Weight decay [8] 

Trammg Prechctlon 

Mean SD Mean SD 

025 016 030 0 21 
025 016 030 0 20 
0 25 016 030 0 21 
028 018 030 021 
_a 

033 023 035 0 20 

a Not avadable, no convergence aclneved 
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Fig 7 (A) Predlctmg the trammg set with RBF neurons, (B) predlctmg the predIctIon set Hrlth RBF neurons Lmes (a) actual 
water content (%I, (b) predlcted water content (%) 

better performance of symmetrical slgmold neu- 
rons compared to normal slgrnold neurons 

Figure 7 dlustrates the performance achieved 
for the trammg and predlctlon set Figures 7A 
and B are sufficiently similar to Just@ the as- 
sumption that the performance ~111 be the same 
for new patterns 

Conclusrons 
With dtilcult pattern sets the type of neurons 

and the algorithm apphed certamly affect the 
performance of the resultmg neural network The 
crltenon for fmdmg a correct mapping IS thought 
to be equal performance for the trammg and 
predlctlon set, 1 e , the same magmtude for mean 
errors To ensure this, It 1s necessary to dlvlde the 
available patterns m a trammg and a predictIon 
set and monitor the performance of the network 
for the predlctlon set durmg the trammg If the 
performance decreases for the predIctIon set dur- 
mg trammg, modlficatlons of the back-propa- 
gation algorithm and/or network topology are 
needed It 1s generally not sufficient simply to 
stop trammg when the best performance for the 
predlctlon set 1s achieved, as this 1s lmphcltly 
trammg for the predtctlon set as well and no 
guarantee can be given that presenting new un- 
known patterns will not result m large errors 

If the resultmg errors are of the same magm- 
tude, one can assume that the underlymg features 
of the patterns are learned and not speafic fea- 
tures m the trammg set only, thus leadmg to 
equally good predlctlons with new patterns 

The best results m this instance were obtamed 
by usmg networks of RBF-type neurons with 
noise 

The authors thank Dr Ir G de Nlet of the 
Melkume-Campma (Woerden, Netherlands) for 
his donatlon of the pattern set concerning the 
batch production of cheese at one of their plants 
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