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Abstract

A prototype artificial neural network system for assess-
ing the bake level of biscuits has been implemented.
We present performance results and compare the neu-
ral network approach with a statistical method and the
performance of the trained inspector. The neural net-
work system performs comparably with the other meth-
ods.

1 Introduction

Inspection of baked products is very important for food
manufacturers, as it ensures correct taste, texture and
appearance. This task is normally performed by trained
inspectors who examine the product and report unac-
ceptable product. Human inspectors, however, provide
subjective judgements that are prone to both short-
term and long-term variations. Digital image process-
ing systems, in contrast, provide objective appearance
assessments. When digital image processing is com-
bined with artificial neural networks (ANNs), the re-
sulting system has the potential to learn objective as-
sessment criteria from presentations of acceptable and
unacceptable product samples. The experience of a
trained inspector can therefore be captured in a ma-
chine inspection system, with the benefits of short-term
and long-term consistency and reduced operating cost.
The trained ANN may be deployed at the immediate
post-production inspection point, providing for direct
production control. Recently, the food industry has
turned to artificial neural networks for product inspec-
tion with promising results [4, 5, 7].

We describe a prototype ANN system for the inspec-
tion of bake level in biscuits, as indicated by colour de-
velopment with exposure to heat. In our experiments,
one specific product was chosen (figure 1). The product
is characterised by regions of high bake colour where a
flakey thin blister forms on the top of the biscuit, and
regions of low bake colour where blisters do not occur.
The positions of the blisters are unpredictable. The in-
puts to the ANN are preprocessed intensity histograms
of the sample images, and the network is trained to as-
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Figure 1: Product to be classified.

sess the product bake level based upon classification of
the samples by the trained inspector.

2 Sample Preparation

Ninety biscuit samples were collected. Of these sam-
ples, thirty were nominally correctly baked, thirty un-
derbaked and thirty overbaked. The samples were dig-
itally imaged after centring them upon a white back-
ground (figure 1). Illumination was supplied by two
40W incandescent lamps, one placed to either side of
the sample to minimise shadow effects. To eliminate
the effect of illumination variation due to the use of AC
power, the images were calibrated by a linear transfor-
mation of pixel values based on the measured intensity
of the white background in each image. An intensity
histogram was then produced for each sample image[1].

After imaging, the samples were classified by a
trained inspector who separated them into three classes
representing underbake, correct bake and overbake.
These classification experiments were performed 10



times. As expected given the subjective nature of the
classification task, the inspector’s performance was not
totally repeatable. Each sample was therefore assigned
as its preferred class the classification most frequently
given to it by the inspector. The misclassification rate
of the inspector was assessed relative to this preferred
class. Samples that were misclassified by the inspec-
tor at least once are labelled as “misclassified” samples
while those which were never misclassified are consid-
ered “firm”.

3 Network Topology

An ANN’s input size is important for its generalization
performance. An insufficient number of input nodes can
hide the necessary information too deeply in the input
or obscure it with other properties [3, pp76-77]. An
excessive number of input nodes can provide too many
degrees of freedom, allowing the neural network to over-
fit the training samples and produce poor results on
unseen data [6, ppl02-107]. To determine the most
suitable number of input nodes, we experimented with
networks employing 4, 8, 16, 24, 32, 40, 48 and 56 input
nodes. We reduced the size of the intensity histograms
to the number of ANN input nodes by low-pass filtering
the histograms with a Gaussian filter and subsampling
them at intervals of two standard deviations. For each
network topology, we report in table 1 the number of
input nodes which provided the best performance on
the cross-validation data set.

The choice of hidden and output units also signif-
icantly affects the learning performance of an ANN.
The selection of a suitable topology is still regarded
by many as an art. We investigated four alternative
neural network topologies. The N-1 topology had N
input units and one output unit. The N-2 topology
had N input units and two output units while the N-3
topology had three output units. We also investigated
a topology with N input units, two hidden units and
one output unit, represented as N-2-1. This topology
did not employ short-cut connections between the input
and output units.

The N-3 topology used the binary patterns 100, 010
and 001 to represent underbake, correct bake and over-
bake respectively. The N-2 topology employed the pat-
terns 10, 00 and 01 to represent underbake, correct bake
and overbake respectively.

The topologies with a single output unit were trained
to represent the bake level assessment using an output
value of 0.0 for underbake, 0.5 for correct bake and
1.0 for overbake. Two different methods were used to
compute the target output values. In the class targets
method, the target values were specified as 0.0, 0.5 or
1.0 based upon the preferred class for each sample. In

the alternative graded targets method, the target val-
ues were specified as the average inspector classifica-
tion, where each classification was coded using 0.0 for
underbake, 0.5 for correct bake and 1.0 for overbake.

4 Network Training

For training and testing of the artificial neural net-
works, the Aspirin simulator V6.0 [2] was employed.
We enhanced the simulator to perform a form of cross-
validation [6, pp31-33]. After every 1200 training iter-
ations (representing 400 complete presentations of the
training data) the RMS error of the network was com-
puted on the evaluation data set. The weights of the
network with the lowest RMS error were saved and used
as the final trained network. In order to ensure that
the global minimum of the RMS error was achieved,
training was continued until 300 successive evaluations
produced a larger RMS error than the best value.

All of our experiments employed straight-forward
back-propagation learning and were conducted with a
learning rate of 0.05 and a momentum of 0.95. A learn-
ing threshold of 0.00005 was employed to avoid training
on patterns which were successfully learnt.

The 90 data samples were randomly divided into
three groups of 30 samples each. To ensure balanced re-
sults, six training experiments were performed for each
neural network configuration. In each training exper-
iment, one of the groups was used to train the net-
work, a second group was used for cross-validation dur-
ing training and the remaining group was used to test
the trained neural network. The six experiments repre-
sent the six permutations of the three data groups. The
results presented in the next section are the combined
performance results from the six experiments.

5 Network Performance

Table 1 presents the observed neural network perfor-
mance. For each network topology, performance results
are presented for the input size which obtained the best
RMS error on the cross-validation data. For compar-
ison with the 32-1 and 40-1 topologies, performance
results for the 8-1 topology are also presented.

The “Targets” column of the table indicates the type
of target data that was used for training. For topolo-
gies with a single output unit, class or graded target
data were used (see section 3). For network topologies
with multiple output units, binary patterns were used
to represent the bake class.

Error statistics are reported for both the cross-
validation data sets and the test data sets. The error
measures on the test data set provide an unbiased esti-
mate of the error on unseen data, while the error mea-



Table 1: Neural Network Performance

Cross Cross Cross
validation validation validation Test — Test Test
Error RMS error error RMS error error
Topology Targets measure error count rate (%)  error count rate (%)

32-1 class class 0.151 20 11 0.156 19 11
40-1 graded class 0.152 20 11 0.155 25 14
8-2-1 class class 0.123 13 7 0.137 18 10
8-2-1 graded class 0.123 15 8 0.126 15 8
8-2 binary binary 0.185 16 9 0.194 16 9
24-3 binary binary 0.236 33 18 0.252 36 20
24-3 binary wta 17 9 20 11
32-1 class graded 0.119 10 6 0.123 10 6
40-1 graded  graded 0.118 8 4 0.120 10 6
8-2-1 class graded 0.096 6 3 0.105 10 6
8-2-1 graded  graded 0.090 8 4 0.094 8 4
8-1 class class 0.152 21 12 0.158 20 11
8-1 graded  graded 0.122 13 7 0.129 15 8

sures on the cross-validation data set are the appropri-
ate basis for selection of an optimal network topology.
The test error counts are the number of errors observed
in 180 tests performed (90 samples, each tested twice).

The RMS and error count statistics have been com-
puted using different error measures. For networks with
one output unit, the class error measure counts an er-
ror if the network’s output differs from the preferred
class value (0.0, 0.5 or 1.0) by more than 0.25. The
graded error measure, also used for single-output net-
works, counts an error if the network’s output differs
from the graded target value by more than 0.25. The
graded error measure consistently produces a lower er-
ror rate.

For networks with multiple output nodes, the binary
error measure counts an error if the networks output
differs from the desired target value by more than 0.5.
An alternative error measure for the three-output case
is a winner-take-all (wta) method where the network’s
most active output node is taken as its classification.

The RMS error statistic can be used to compare net-
work topologies which employ the same target data and
have the same number of output units. For comparison
between networks which employ different output rep-
resentations, however, it is necessary to consider the
count of erroneous classifications. This count is best
represented by the class error measure for single output
networks, the binary error measure for two output net-
works and the winner-take-all error measure for three
output networks. Since a topology is being selected,
the cross-validation error count should be used rather
than the test data error count. On this basis, the 8-
2-1 topology trained with class targets produces the

best performance with an error rate of 7%. The 82—
1 topology trained with graded targets achieves nearly
the same performance and the 8-2 topology is a close
third. The 24-3 topology performs marginally less well
when evaluated with the winner-take-all error measure,
and the topologies with a single output unit and no
hidden units perform worst of all.

It is interesting to note that the N—1 topologies per-
form better with a larger number of input units, al-
lowing the network to reflect more fine detail of the
intensity histogram structure. The resulting networks
generalize better than the corresponding 81 topologies
as shown by the test error statistics.

Training single output topologies with graded targets
appears to be of little or no benefit for classification
performance of the trained network. It also appears to
have little effect upon the ability of the network to pro-
duce a graded bake assessment, as shown in the second
part of table 1. This suggests that the single-output
networks are producing a useful graded response, even
when trained with class targets.

6 Performance Comparison

Table 2 reports the test error of the trained networks
with the best cross-validation error rate compared to
the performance of a statistical method [1] and the per-
formance of the human inspector. For each method, the
error rates are reported separately for the 62 “firm”
samples and the 28 samples which were misclassified
at least once by the inspector. The misclassified sam-
ples are expected to have a higher error rate because



Table 2: Performance Comparison of Different Approaches

Test Test Firm  Misclassified
error  error sample sample
Error count rate error error
Approach  Targets Criterion (/180) (%) (%) (%)
8-2-1 class class 18 10 4 23
8-2-1 graded class 15 8 3 20
8-2 binary binary 16 9 1 27
Statistical 24 13 3 36
Human 7

they are likely to lie near the boundary between two
classes. Indeed, all the machine inspection methods
produce much higher error rates for the misclassified
samples and their error rates for the “firm” samples
are suitably small.

In comparison with the human inspector, the neural
networks are performing almost equally well. Although
the neural network error rate of 9% is a little worse
than the inspector’s error rate of 7%, the difference is
not statistically significant.

The neural networks have outperformed the statisti-
cal method, indicating that a neural network approach
may well be superior to a straight-forward statistical
method. The statistical performance figure reported
here (13% error rate) is significantly worse than that
reported in [1] (6% error rate). The latter statistic
was based on a leave-one-out cross-validation, where 89
samples were analysed to classify the remaining sam-
ple. Such a method is not comparable with the perfor-
mance of a neural network trained on only 30 samples.
The performance result reported above was obtained
by analysing 30 samples and testing the performance
on the remaining 60 samples, with the experiment re-
peated for each set of 30 samples.

7 Conclusion

We have investigated the application of artificial neural
networks to the assessment of bake level in biscuits. We
have shown that suitably trained networks with appro-
priate topologies perform comparably with the trained
human inspector. The neural networks were trained
with only 30 data samples, a small number for such a
task. It is expected that a larger data set would improve
the neural network performance.

Our experiments show that artificial neural networks
are suitable as a method of automated bake assessment.
Future work will investigate their application to other
products.
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