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Abstract

The bake level of biscuits is of significant value to biscuit manufacturers as it determines the taste, texture and
appearance of the products. Previous research explored and reveal ed the feasibility of biscuit bake inspection using
feed forward neural networks (FFNN) with a back propagation learning algorithm and monochrome images. A
second study reveal ed the existence of acurvein colour space, called abaking curve, along which the bake colour
changes during the baking process. Combining these results, we proposed an automated bake inspection system
with artificial neural networks that utilises colour instead of monochrome images. In this paper, we present the
implementation of the inspection system with a hybrid neural network of self—organising maps and FFNNSs. The
system was tested and its grading performance on biscuit bake levels was evaluated and compared to that of a
trained human inspector. We found that the proposed colour system with a hybrid neural network performed sig-

nificantly better than the human inspector.

1. Introduction

Quality contral is of mgjor importance in the food in-
dustry. Consequently, the inspection of the biscuit bake
level occupies a major role in the biscuit manufacture
process as it affects the taste, texture and appearance of
the products. Currently, trained human inspectors are
used to determine the bake level of biscuits. However,
human classifications are prone to both short and long
term variations due to the subjectivity of human percep-
tion and this results in unstable product quality. An ef-
fective alternative is therefore desirable.

In recent years, automated machine inspection systems
have been employed in many quality control applica
tions and have many advantages over their human
counterpart in terms of economy and performance
[1,2,3]. Classification techniques such as statistical pat-
tern recognition [3,21], machine learning methods, ex-
pert systems [21], fuzzy logic [23] and artificial neural
networks (ANN) [2,21] have been used by these sys-
tems. Applications of ANNs in the automated machine
inspection systems have resulted in some encouraging
results[4,22]

In our previous study, we found that an automated ma-
chineinspection system using afeed forward neural net-
work (FFNN) with back propagation (BP) learning a-
gorithm can determine the bake level of biscuits from
their monochrome images. The developed mono-
chrome system performed comparably with the trained
human inspector [5]. In a separate study of biscuit bake
colour, the biscuits' pixelswere plotted in aRGB col our
cube with red, green and blue (RGB) axes and a colour
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curve called the baking curve was observed. The biscuit
colour during the baking process was observed to be
changing along its baking curve. Thisindicated that bis-
cuit colour devel opment during baking process does not
change in the intensity level only, but also in the colour
saturation levels. A monochrome system that uses only
the intensity dimension may not be optimal since the
colour saturation information is left out. Conversely, a
system that uses colour images can classify the biscuits
on the basis of all the relevant characteristics.

In this paper, we present the implementation of the col-
our inspection system using a hybrid artificial neural
network and colour images that we had proposed in
earlier publications [8, 20]. This paper describes the
colour bake inspection system and presents results of a
study comparing the system’s performance with that of
atrained human inspector.

2. Proposed Colour Inspection System

The number of FFNN weight connections affects the
number of training samples required for generalisation
[7] and the speed of training. Both the colour and in-
tensity raw images are large, each ranging from
200x100 to 500x500 pixels. The raw images are there-
fore unsuitable asthe direct input to the FFNN, sincethe
large number of pixels results in a large number of
weight connections. The raw data can be preprocessed
into meaningful histograms without loss of important
features required by the neural network classifiers. The
histograms are scaled to the input dimension of the re-
quired FFNN topology. Monochrome images are readi-
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Figure 1 : Proposed system for bake inspection using hybrid neural networks and colour images. A) shows the process during training, and

B) shows the trained system in action.

ly converted into histograms by counting the frequency
of the pixel intensity levelsin a grey scale [5]. Histo-
grams of colour images are more complicated as a col-
our image contains levels of the three colour bands
(RGB), and so isthree timesthe size of the monochrome
images. A naive method to produce the colour histo-
gram is to produce three intensity histograms for the
three bands, but this may not capture the shapeinforma-
tion as described by the baking curve in the 3D space.
A better method isto count the frequency of colour pix-
els along the baking curve, since the curve, and so the
resultant colour histograms, describes the relationship
between the baking duration and the change in the bake
colour.

Hencein an earlier paper [8], we proposed asystem [fig
1] that uses the Self-Organising Map (SOM) to extract
abaking linefrom aset of colour images. The histogram
of each colour image in the set can be constructed along
this baking line. The colour histograms of al the bis-
cuits are used as the input data for a FFNN for training
and testing. New biscuits can then be directly histo-
grammed along the existing baking line and graded by
the trained FFNN.

3. Data Collection and Preprocessing

2981 samples of Milk Coffee biscuits, made up of an
equal distribution of under, correct and over bake level,
were collected and digitised asin [8]. The images were
then calibrated to remove the effect of illumination va-
riations occurring during the imaging process. They
were also randomly divided into 5 groups of 60 with
each group containing an equal proportion of the three
bake levels. A trained human inspector classified the
biscuitsin each group according to abake level scale of
1 to 7. The human classification experiment was re-
peated 10 times for each group to determine the short
term variation in human classification.

1 300 samples were collected originally, but two samples were
damaged leaving 298 samples. Since the sample set was large, the
two missing datadid not have significant effect on the balance of the
sample number of the three bake classes.
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Since there were variationsin the bake scale used by the
human in the different experiments for a group, we
sorted the raw scores for each experiment and assigned
new normalised scores from the range of 0 to 1 accord-
ing to the rank position of a biscuit in an experiment.
The normalisation ensures that the scales used in differ-
ent experiments are the same and so the differences in
the normalised scores of a biscuit are comparable. For
each sample, the target bake level used to train the
FFNNswas the average of the normalised scoresfor 10
experiments. FFNN performance was measured by root
mean square (RMS) error. To measure the human per-
formance, we first computed the standard deviation of
the normalised scores for each sample. The human per-
formance measure was taken as the RM S of these stan-
dard deviations. This enables human performance to be
compared with the performance of the hybrid neura
networksin section 7.

4. Baking Line by Self-Organising Map

A SOM is characterised by its ability to create the topo-
logical feature map that models the probability distribu-
tion function of its training samples [9,10]. This allows
aNx1 dimension, or astring-like SOM with N nodesto
model itself along the baking curve according to the
pixel distribution. A baking line is formed when the
SOM nodes are connected. The baking line preserves
the shape of the baking curve, capturing the essential
nature of bake colour development. A colour histogram
constructed from a colour image along the baking line
stores this essential information and can be easily used
as the input to a FFNN. The drawback of the SOM, on
the other hand, is that the two ends of the baking curve,
which are important for classifying extreme bake le-
vels, are not reached by a SOM of insufficent nodes.
This is because there are less training samples of ex-
treme bake levels and so less distribution of pixelsin
those two ends of the curve. The biscuits used in our re-
search had even bake level across their surface so that
the pixels from a biscuit sample are fairly similar, pro-
ducing equal distribution of pixelsin acolour cube. We
also ensured the samples to have an equal distribution
from the three bake levels (under—bake, correct—bake,
and over—bake) so that the whole baking curve had are-



asonably equal distribution of pixels throughout. The
even distribution of pixels enables the baking line to
cover most of the baking curve.

We cropped a section of 20x10 pixelsfrom the centre of
each biscuit to represent the evenly baked milk—coffee
biscuit. The cropped pixels from all 298 samples were
then shuffled randomly before each pixel was used as a
training sample to the SOMs. The software that we used
for generating and training SOM was SOM_PAK [11].
Each SOM has a 3x1 input dimension for the RGB va-
lues of each pixel, and a Nx1 output dimension. Each
SOM was trained in a two stage process. A bubble
neighbourhood function with a radius of 0.8*N and a
learning rate of 0.05 were used at thefirst training stage
while at the second training stage, the radius was re-
duced to 0.25*N and the learning rate was reduced to
0.02 for finer training.

Output dimensions of 5, 10, 15, ..., 40 wereinvestigated
to determine the optimal SOM topology. The optimal
SOM topology was determined based on two criteriain
thisresearch. Firstly, it must cover as much length of the
baking curve as possible for the baking line to reasona-
bly represent the baking curve. Secondly, the SOM must
also preserve the smooth shape observed in the original
baking curve. We found that a SOM with insufficient
nodes does not cover the ends of the baking curve, since
the pixel distribution is less dense there. However, a
SOM with excess hodes exhibited an oscillating behav-
iour within the baking curve asit positioned its nodes to
cover the width of the sausage-like baking curve.
Therefore, the optimal SOM topology covers the maxi-
mum length of the baking curve without exhibiting the
oscillating behaviour.

Figure 2 : Connecting the SOM nodes creates abaking line. The un-
derlying baking curve was constructed by projecting the 298 milk—
coffee samples used for training the SOM.

The effect of different training iterations was also stu-
died. Wetested 1, 5, 10 ... 40 training iterations through
the whole sample set for the first training stage. The
training iterations for the second training stage was 10
times that for the first training stage. An under—trained
SOM does not position its nodes correctly while over—
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training wastes computation resources without chang-
ing the weights [10].

Wefound that the optimal SOM for Milk Coffee biscuits
had 20 output nodes and was trained for 20 iterations
through the sample set. It covered most of the baking
curve's length while still preserving the smooth curva
ture of baking curve. Figure 2 shows the baking line
constructed by connecting the optimal SOM nodes.
Also shown in the background of thefigureisthebaking
curve, in the same RGB colour cube, created by proj ect-
ing the 298 biscuit samples used for training the SOM.

5. Histogram Of Colour Image

The histogram of the colour image of each training sam-
ple was constructed along the baking line created by the
SOM. Each pixel of a colour image, when projected
onto a colour cube, can be viewed as a digital signal.
Sampling along the baking line at a rate lower than
twicetherate of the original datasignal's (or down-samt
pling) may result in an aliasing effect. This can be over-
come by filtering the data with a Gaussian filter to re-
move the high frequency signals that cause the aliasing
effects[12]. In addition, it isuseful to discard pointsthat
aretoo far from the baking line as they are likely to re-
present non—hiscuit or noise—affected pixels. For this
purpose, a Gaussian function, based on the distance of
each pixel from the baking line, was used to weight the
pixels contribution to the histogram. The parameter oy
controlled the spread of this filter and thus the sensitiv-
ity of the system to outliers.

We set oy, to be the standard deviation of all the pixels
distances from the baking line. The baking line was in-
terpolated with sufficient extra points to prevent aias-
ing, and each interpolating point along the baking line
was a bucket in the resultant histogram. For each of the
298 samples, the pixels of the colour image were
weighted at each interpolating point on the basis of the
distance between the pixels and the interpol ating points.
The weighted values were then accumulated at each in-
terpolating point to produce a colour histogram. 298
colour histograms were produced, each representing
one biscuit. The histograms produced were further re-
duced in dimension by Gaussian filtersto suit the input
dimensions of different FFNN topologies. The histo-
gram alows the colour data to be independent of its
original dimension without the loss of essential colour
information.

6. Grading by Back Propagation Neural
Networ k

Although new guidelinesfor constructing artificial neu-
ra networks are emerging [7,13,14], it is still con-
sidered by many as more of an art than science [15,16].
We addressed the issue of selecting a suitable neural



network architecture with an empirical approach by
testing different topol ogi es and determined the best net-
work topology based on their performance. Although it
was suggested in [ 7] that aneural network’s generalisa-
tion of 90% accuracy can only be achieved with a
number of training samples at least 10 times the number
of the weights in the network, we have found that the
cross-validation technique as described in [5,17] can
also achieve a good level of generalisation without re-
striction on the number of weight connections or the
number of training samples. Cross-validation has the
advantage of terminating the training automatically,
preventing over—training.

We investigated 5 topologies including 20-1, 40-1,
8-2-1, 9-1 and 5-1. The 8-2-1 topology produced the
optimal performance in the monochrome system [5]
and so it was a logical candidate for the colour system.
Other topologies were selected to represent a range of
input dimensions. The smaller topologies (5-1 and 9-1)
satisfy the criteria set out in [7] that a neural network’s
generalisation of 90% accuracy can be achieved with a
number of training samples at least 10 times the number
of the weights in the network. A performance compari-
son between these smaller topol ogies and the remaining
larger topologies reveals the generalisation ability of
cross-validation.

The 298 samples which were collected and used in the
SOM previously were randomly divided into three sets
with equal numbers?. One set was used for training the
network. A second set was used for the cross—validation
process during training. The test performance of the
trained network was obtained from the third set which
was not excluded from the network training. To ensure
a balanced result, six training experiments were per-
formed for each topology with the three sets permutated
as training, cross-validation and test samples and the
averaged error from the six experiments were reported.
In this research, we used the software package Aspirin
simulator V6.0 [18] with our own enhancements for
cross-validation.

All training experiments had a learning threshold of
0.00005, a learning rate of 0.05, a momentum of 0.95
and an error signal random bias with variance 0.05 [18].
During each training experiment, cross-validation error
(RMS) was evaluated after every 100 training epochs.
In order to ensure that a global minimum in generalisa-
tion error was reached, training was terminated after
cross-validation’s error did not improve for 300 succes-
sive evaluations. The weights of the network at the opti-
mal cross-vdidation error were saved as the fina
weights. The trained networks were then tested on the
test set for their true and unbiased generalisation per-
formances on unseen data.

2 Thethree groups consist of 100, 99 and 99 samples.
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Table 1 showsthe performance of the trained neural net-
works on the cross-validation and test sample groups
for the five topol ogies tested. The reported performance
for each topology is the average of six RMS errors by
permutating the three sample sets for training, cross—
validating and testing. The errors on cross-validation
samples are used for selecting the optimal topology,
while the test errors provide an unbiased performance
statistic of the trained networks on unseen data.

Topology Cross-Validation Test RMS
RMS Error Error
5-1 0.0474 0.0478
91 0.0453 0.0457
20-1 0.0451 0.0455
40-1 0.0453 0.0458
8-2-1 0.0416 0.0424
Human 0.0731

Inspector

Table 1 : Averaged performance of trained neural networks on cross—
validation and test sample groups for each of the topologies tested.
Also shown hereis the human’s performance for comparison.

We observed from table 1 that there are no significant
difference between the networks' performances on the
cross-validation set and the test sets. Therefore stop-
ping training at the lowest cross—validation error can
allow the neural network to generalise on unseen data.
Furthermore, the table also shows that the networks
with more weightsthan onetenth of the number of train-
ing samples perform as well as those with less weighs.
These prove empirically that the cross-validation tech-
nique preserves generalisation even when there are
more weights than allowed by the number of training
samples. The same empirical conclusion was aso
drawn by [24] which was however criticised in [25] for
using correlated training and cross-validation samples
in the experiments. The samplesin thisresearch wereall
collected randomly and then randomly divided into
sample sets. This ensures independence of the samples
from each other and the validity of theresults. Therefore
based on the experimental observations, we claim that
training by cross-validation can prevent over—training
and can preserve a heural network’s generalisation, re-
gardless of the size of the neural network.

We performed at—test on each pair of topologiesintable
1 to test the null hypothesisthat the average RM S errors
of two topologies on the cross-validation set are equal.
Table 2 shows the p—va ues from the t—tests on different
pairs of the topologies.

Itisclear from table 2 that at 2% significance leve, the
five topologies are divided into three groups of three
different average cross—validation RMS errors. 5-1 the



first group; 9-1, 201 and 40-1 the second group; and
8-2-1 as the third group. The significant difference be-
tween the first group and the second group, or the 5-1
topology and the other N—1 topol ogies, suggeststhat the
grading performance can be significantly reduced when
theinput dimensionistoo small. Thisisbecausethat the
important grading criteria is hidden too deeply in the
input and is obscured by the other properties[19]. These
results indicate that in general, a suitable topology for
the colour inspection system must have at least an input
dimension of nine, the next higher input dimension
tested.

Topo- 5-1 91 20-1 401 | 821
logy
51 0016 | 0001 | 0002 | 0.000
91 0.016 0075 | 0032 | 0003
20-1 0001 | 0075 0561 | 0.000
40-1 0002 | 0032 | 0561 0.000
82-1 |[ 0ooo | 0003 | 0000 | 0.000

Table 2 : P-values from the t—tests on different pairs of the topologies
in table 1. The null hypothesisis that the average RMS errors of two
topologies on the cross-validation set are equal.

The t—tests also indicate that the average performance
of ANN with a hidden layer performs significantly
better than with no hidden layers. Thisis shown in the
last row of thetable 2, where the average RM S error of
8-2-1 topology is significantly different from the other
N-1 topologies even at 0.1% significance level. This
suggeststhat the grading of Milk Coffeebiscuitisanon-
linear problem requiring hidden nodes. Therefore the
optimal ANN of all the topologies tested for the grading
task is the 8-2—1 topology. Its performance on the test
samplesis a good indication of the performance of the
optimal network on unseen data and this can be com-
pared to the human inspector’s performance on unseen
data. Our previous work on monochrome images of a
different biscuit type tested topologies with up to five
hidden nodes and a so found that the 8-2—1 is the opti-
mal topology [5].

7. Performance Comparison

Also shown in table 1 is the performance of the trained
human inspector in classifying the same set of 298
milk—coffee biscuits. The RMS error was calculated
from the normalised and averaged scores of the 298 bis-
cuitsasdescribed in section 3. The human inspector was
well trained for grading Milk Coffee biscuits. The bis-
cuit samples used by the ANN experiments were pres-
ented to the inspector during the experiment only. This
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ensures that the performances of the networks and the
human inspector on unseen data are comparable.

Since the target values of the test samples used in the
ANN experiments were derived from the grades given
by the human inspector the ANN’s performance on the
test sets includes a component of human error. There-
forethetrue RMSerrors of the ANNsare actually over—
estimated in table 1. When comparing the performances
inthat table, it should be noted that the true performance
of the ANNSs are at least as good as the measured per-
formances from the table.

Itisclear fromtheresult that all the neural networks per-
form significantly better than the human inspector. The
optimal ANN (8-2-1) is at least 41% better than the
human inspector with other ANNSs performing at least
34%to 37% better. Sincethe biscuitswere classified by
the human inspector over aperiod of two days, theresult
indicatesthat in the short term, the trained networks are
more consistent in the classification task than their
human counterpart. The long term performance of the
neural networks will also exhibit a consistency not
found in human perception. These results suggest that
an automated bake inspection system using hybrid neu-
ral networks and colour images is an effective alterna
tive to human inspectors for the bake inspection task.
Performance of the colour system on other more com-
plicated biscuits and a comparison between inspection
systems using colour and monochrome images are cur-
rently under investigation. This will determine the ap-
plicability of the inspection system across a spectrum of
biscuit types and the advantages of using colour images
in the system.

8. Conclusion

Biscuit bake grading using human inspectorsis not con-
sistent either in short or long term performance. We pro-
posed an automated bake inspection system using hy-
brid artificial neural networks and colour images. The
proposed system was implemented and it performed
better than the human inspector. We also found that the
cross-validation technique can prevent over—training
and preserve generalisation of an ANN, even when the
number of weights are larger than that allowed by the
number of their training samples. Further investiga
tions are being carried out on the performance of the
system on other types of biscuits and the improvement
of using colour over monochrome images.
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