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Abstract—Quality control in industrial food manufacturing can 
be reliably performed with computer vision systems that operate 
at high speed. However, most of these inspection stations need to 
be tuned manually and only perform well on a specific product. 
This research integrates machine learning techniques in the 
process to automate the initial tuning of real-time vision-based 
inspection systems for bakery products.  The combination of 
feature selection techniques with machine learning is assessed in 
terms of classification performance. A formal automated tuning 
methodology is introduced and evaluated experimentally with 
data from industrial inspection stations. The work demonstrates 
that an inspection system automatically tuned with the proposed 
technique can systematically achieve 98% correct classification 
when compared with the classification generated with a manually 
tuned system. 
Keywords-Food inspection, quality control, machine vision, 
machine learning, feature selection, automated tuning. 

I. INTRODUCTION  
For several years, the food industry has adopted automated 

vision-based inspection systems in an attempt to reduce 
operation costs and increase product quality control. Vision-
based inspection systems reduce human interaction with the 
inspected goods, classify generally faster than human beings, 
and tend to be more consistent in their product classification. 
Food industries where a large part of the quality attributes of a 
product are related to its visual appearance have taken 
advantage of vision-based inspection systems for quality 
control of products such as  meat, fruits and vegetables, bakery 
products, and prepared consumer foods [1-3]. Such inspection 
systems extract and analyze a large number of features and 
automatically reject products that do not satisfy the set quality 
standards. In the majority of cases, the configuration of the 
inspection system requires an in depth knowledge of the 
product under inspection and of the inspection apparatus. It is 
therefore subjective, and based on a trial and error approach. 
With the objective of reducing the need for human expertise in 
the tuning of vision-based food inspection systems, this work 
experiments with several machine learning techniques that 
make the machine select and set the optimal parameters by 
itself over a training period. This strategy also allows 
performance improvement, which is beneficial to real-time 
quality control in high-volume industrial manufacturing. The 
influence of formal feature selection approaches when 
combined with machine learning techniques is also assessed. 

Section II describes three fundamentally different machine 
learning schemes that were considered in the experiments with 
a vision-based food inspection system. Section III proposes a 
formal approach for automatically tuning an industrial 
inspection system. Section IV depicts the experimental vision-
based inspection system and samples of bakery products 
considered. Section V reports the results of experimental 
training with the inspection system. Finally, Section VI 
validates the proposed procedure by tuning the best 
performing learned models into an industrial inspection 
system and evaluating its performance. 

II. MACHINE LEARNING SCHEMES 
This section portrays three classical but different learning 

approaches, namely Bayesian learning, decision tree learning, 
and neural networks. These models have been evaluated for 
automated tuning of an inspection station for bakery products. 
A. Bayesian Learning 

Bayesian learning builds on probability theory (Bayes’ 
theorem) to represent uncertainty about a relationship being 
learned. During the learning phase, Bayesian learners build a 
set of probability distributions from training samples in an 
attempt to represent the relationships between the data input 
and the desired corresponding output. Those probability 
distributions can be viewed as the knowledge acquired during 
the learning phase over a training subset of data. When a 
sample of real data needs to be evaluated, the Bayesian learner 
computes a set of a posteriori probabilities that it combines 
with its prior knowledge such that the probability of an 
inconsistent hypothesis is minimized.  

Bayesian learning offers high flexibility as it extracts a 
priori knowledge from training data to get the a posteriori 
probability of a hypothesis. It is therefore possible in theory to 
figure out the most probable hypothesis according to the 
training data. Bayesian learning algorithms deal explicitly with 
issues of uncertainty and noise [4]. Bayesian classifiers have 
been used for several purposes such as medical diagnosis [4-6] 
and have shown to be competitive with much more 
sophisticated induction algorithms [7]. The Naïve Bayes 
algorithm can be viewed as the simplest yet powerful 
Bayesian classifier and has been widely used in classification 
problems [8-11]. This work evaluates Naïve Bayes as a 
classifier running over vision-based food inspection systems. 
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B. Decision Tree  Learning 
Decision trees offer an alternative tuning method. A 

decision tree is a predictive model which maps observations 
about an item to conclusions about the item's target value. 
Such tree models are commonly referred to as classification 
trees when their outcome is discrete, and as regression trees 
when their outcome is analog. In such tree structures, leaves 
map classifications and branches represent conjunctions of 
features that lead to those classifications. Decision tree 
learning induces a decision tree from data. Decision trees are 
widely used for classification purposes, for instance in 
equipment or medical diagnosis, or for credit risk analysis [5]. 

Because decision tree inducers typically form their 
decision tree from a subset of the available attributes, they can 
also be seen as feature selectors. C4.5 is a decision tree 
inducer which builds its decision tree top-down by recursively 
finding the best single feature test to conduct at the root node 
of the tree [12]. C4.5 has also proven itself to be one of the 
most competitive decision tree inducers in the world of 
machine learning for various domains of application [8-9]. For 
this reason, the C4.5 framework is also investigated for 
classifying products inspected with vision-based quality 
control systems. 
C. Artificial Neural Networks 

An artificial neural network (NN) is a mathematical model 
that tries to imitate the structural and functional aspects of 
biological neural networks with a network of interconnected 
artificial neurons [13]. The biological functional aspects 
simulated by such networks are the flow of information 
through the network and the processing of information by the 
artificial neurons. The adaption characteristic offered by the 
majority of neural networks allows them to modify their 
structure during the learning phase according to the 
information circulating through the network. They can be used 
to model complex relationships between inputs and outputs or 
to find patterns in data. Artificial neural networks have been 
widely used in image processing, robotics, data mining, and 
more recently for food products inspection [2, 14-18]. In most 
machine learning tasks involving numerical attributes, the 
multi-layer perceptron (MLP) has attracted attention due to its 
ability to capture complex nonlinear input-output 
relationships. Given its flexibility and simplicity, the MLP is 
also selected as a potential candidate to automatically tune the 
internal parameters of food inspection systems. 

III. PROPOSED AUTOMATED TUNING APPROACH 
The proposed methodology for automatically tuning a 

quality control system based on the visual appearance of a 
product builds on the assumption that a dataset of N training 
samples of the inspected product is available, which is realistic 
in most industrial setups. For every sample the dataset should 
contain the respective values of M features of interest to be 
monitored. Fig. 1 details the proposed approach. 

The first step of the automated tuning process is feature 
selection. Machine vision systems used for inspecting 
processed food tend to extract a large number of features, such 
as their size, height, circularity, color, etc. This often results in 

close to one hundred different measurements collected on 
every inspected item. Such a high dimensionality slows down 
the rate of production and complicates the learning process for 
classification of each item as “accepted” or “rejected”. 
Consequently, performing an objective feature selection, based 
on inter-correlation between the features, becomes particularly 
attractive to reduce the redundancy between the parameters. 
This procedure has the potential to improve learning 
performance, and increase production and inspection rates. 
Four different feature selection techniques have been 
previously evaluated for this task: correlation-based feature 
selection (CFS) [9, 19], consistency-based feature selection 
[20], RELIEF feature selection [21-23], and the wrapper 
feature selection [8]. The conclusions of the study on feature 
selection are presented in [24]. As it was observed that feature 
selection performs better when the training data is discretized, 
data discretization [25] is performed prior to feature selection. 
However, data discretization is performed only for feature 
selection purpose. Once a feature selection technique selects a 
subset of the M initial features as relevant, training of the 
machine learning schemes shall be performed on the non-
discretized training data to enable a more accurate learning. 

 
Fig. 1.  Proposed automated tuning methodology. 

Training is performed using 10 repetitions of 10-fold 
cross-validation as suggested in [26], with N=3287 training 
samples. In t-fold cross-validation, where t is a positive 
integer, the data is randomly split into t mutually exclusive 
subsets (the folds) of approximately equal size. The learner is 
trained and tested t times, each time with (t-1) training folds.  
The remaining one stands as the test fold. 3-fold cross-
validation is depicted in the process illustrated in Fig. 1. The 
accuracy of the cross-validation is then compared for all 
combinations of feature selectors with machine learning 
algorithms (including the case where no feature selection is 
previously applied). Because the test for cross-validation is 
performed on product samples that were not presented in the 
training phase, the average accuracy provides an indication on 
the capability of each classifier, ci, to generalize to new 



samples. The standard deviation of the accuracy also indicates 
how close the estimated accuracies of the 100 classifiers built 
during the 10 repetitions of 10-fold cross-validation are 
consistent with the average. 

After comparing the cross-validation performance of the 
different combinations of feature selection and learning 
models, the most competitive models (i.e. those with highest 
rate of correct “accept” or “reject” decisions) are implemented 
into the inspection system, as candidate solutions for its 
automated tuning. For each of the competitive combinations of 
feature selection and machine learning techniques, the internal 
parameters of the classifier which achieved the highest 
classification performance during training are selected and 
tuned in the system for further validation. 

The next step runs on new samples of products that were 
not part of the training phase (test set 4 in Fig. 1). The 
inspection system is then successively tuned with each of the 
retained classifiers and its performance is evaluated over those 
new samples for each model. The final step compares the 
accuracy of the classification achieved with each classifier and 
selects the one that exhibits the best performance as the final 
setting for the inspection station.  

IV. EXPERIMENTAL SETUP 

A. Experimental Food Inspection System 
The vision-based food inspection system used for the 

experiments is a technology designed to automate visual 
identification and classification of bakery products such as 
buns, cookies, tortillas, pizzas, croissants, etc. Fig. 2 shows the 
actual system on which experiments were conducted. 

 
Fig. 2.  Experimental food inspection station. 

The system is equipped with a conveyor belt which moves 
the bakery products on an industrial production line, typically 
between the oven and the rejection or packaging systems. One 
line scan camera is mounted above the conveyor belt 
(overhead camera) and produces real-time images of the top 
view of products as they pass under fluorescent lamps that 
continuously illuminate the field of view of the overhead 
camera. A laser light stripe is also projected vertically on the 

conveyor belt and an extra profile camera, sensitive to the 
laser light wavelength, images in diagonal to generate 3D 
information about every item. For each food product item 
inspected, the vision-based inspection system extracts M = 82 
continuous features related to the geometrical shape and the 
color characteristics of the product, plus one boolean feature 
representing the decision to either accept or reject the item. 
B. Experimental Datasets 

To validate the proposed methodology, experiments were 
conducted on common products handled by food inspection 
systems, including burger buns and tortillas, shown in Fig. 3.  

 
(a) Seeded bun (b) Tortilla 

Fig. 3.  Seeded bun and a tortilla samples used for validation. 

In order to perform the experimental evaluation on a 
representative set of product samples, videos of the overhead 
and profile cameras were captured by equivalent versions of 
the vision-based food inspection system installed in two 
different industrial bakeries (one manufacturing seeded buns, 
another for tortillas). The corresponding system’s setting files, 
which were previously manually configured to achieve 
satisfactory classification, were also saved. The latter allowed 
to reproduce the generation of the exact sets of 82 parameters 
for every item using the inspection station depicted in Fig. 2 
on which the video were loaded, therefore mimicking the 
operation of the actual inspection stations. The classification 
generated by the original classifier manually configured in the 
inspection station was recorded for each item to provide a 
ground truth comparison basis on the decision process. The 
two datasets coming from industrial bakeries served as a 
reference for measuring the reliability of the proposed 
automated tuning approach. 

V. LEARNING A MODEL FOR AUTOMATED TUNING 
As detailed in section III, the vision-based food inspection 

system measures a fairly large number of features (82) from 
each sample of the product. These parameters are first fed into 
a feature selection program to reduce the dimensionality of the 
parametric representation that is used by machine learning 
algorithms [24]. The goal of the resulting models is to 
preserve high classification accuracy. This section analyzes 
the results of the learning phase which involved datasets of 
tortillas and seeded buns containing N = 3287 items each, and 
compares between classifier models and settings. 
A. Feature Selection Performance 

For both the tortillas and seeded buns datasets, all feature 
selectors except RELIEF consistently judged more than 85% 
of the 82 initially extracted features to be irrelevant or 
redundant to proper classification of the bakery products. The 
lower reduction in dimensionality achieved with RELIEF was 



expected. Indeed Kohavi and John [8] demonstrated that 
RELIEF feature selection tends to keep most of the relevant 
features of a dataset even if they are redundant and even 
though only a fraction of them is necessary for the correct 
description of the concept. On the other hand, feature selection 
results also showed the wrapper approach to generally retain 
fewer features compared to correlation-based, consistency-
based, and RELIEF feature selection. For instance, the 
wrapper feature selection retained less than 3% of the 82 
features of seeded buns when trained to work with a C4.5 
decision tree. A complete analysis of feature selection 
performance for tortillas and seeded buns is available in [24]. 
B. Machine Learning Performance 

Fig. 4 and Fig. 5 show the accuracy estimation on the 
correct class prediction (“accept” or “reject”) with different 
feature selection and machine learning techniques for the 
tortillas and the seeded buns datasets respectively. The 
accuracy is evaluated when each feature selector is combined 
with one of the three learning schemes selected previously: 
that is Naïve Bayes, C4.5, and MLP. The accuracy presented 
on these figures represents an average from ten repetitions of 
the 10-fold cross-validation as explained in section III. The 
vertical lines at the edge of the bars of Fig. 4 and Fig. 5 
represent the standard deviation. On Fig. 4, “Full” represents 
the original entire dataset collected on tortillas that did not 
undergo any feature selection, and similarly on Fig. 5 for the 
seeded buns dataset. 100 % accuracy of classification 
corresponds to the classification for each item produced by the 
original classifier which was manually set by an expert on the 
industrial food inspection system. It is considered as the 
“ground truth”.  

Cross-validation accuracy estimation tests conducted on 
the tortillas and the seeded buns datasets show that for all of 
the considered feature selectors, the C4.5 learning scheme 
globally gives the highest classification accuracy and the 
lowest standard deviation. It is followed closely by the MLP 
learner and far behind by the Naïve Bayes learner. As 100 
instances of a classifier are computed for each model, a low 
standard deviation indicates that the classification accuracies 
among the instances tend to be very consistent. 

In the case of tortillas, the results of the cross-validation 
for the C4.5 learning scheme point out that learning with the 
full original dataset reaches an accuracy of 99.39% with a 
standard deviation of 0.47%. This is very close to the ground 
truth classification achieved with manual setting of the 
machine. Consistency-based feature selection combined with 
the C4.5 learner even gives a slightly higher accuracy 
(99.44%). A combination of C4.5 with the RELIEF feature 
selector reaches the same accuracy estimation as with the full 
dataset, followed by the C4.5 wrapper and the correlation-
based feature selector (CFS) with an accuracy of respectively 
0.03% and 0.04% below that of the full dataset. The standard 
deviation for the C4.5 decision tree inducer is consistently low 
and varies between 0.42% and 0.47% only.  

Similar results are obtained over seeded buns classification 
when considering the C4.5 learning scheme. Learning with the 

original full-size feature dataset reaches an accuracy of 
99.78% with a standard deviation of 0.27%. None of the 
reduced dataset achieves a higher accuracy. However, the 
consistency-based feature selection and the wrapper combined 
with the C4.5 learner closely follow by achieving an estimated 
accuracy only 0.55% inferior to that of the full dataset. 
RELIEF and CFS follow closely with accuracy less than 2% 
lower than that achieved with the full seeded buns dataset. 
Such levels of accuracy predict for great performance for an 
inspection station that will be configured with machine 
learning techniques rather than through human intervention. 

 
Fig. 4.  Average accuracy on classification over 10 repetitions of the 10-fold 

cross-validation accuracy estimation for the tortillas dataset. 

  
Fig. 5.  Average accuracy on classification over 10 repetitions of the 10-fold 

cross-validation accuracy estimation for the seeded buns dataset. 

VI.  PERFORMANCE OF AUTOMATICALLY TUNED SYSTEM 
The evaluation of performance of three learning algorithms 

demonstrated that the C4.5 decision tree clearly achieves the 
highest predicted accuracy. Therefore, C4.5 was retained as 
the best candidate for the classification model to be 
implemented on the inspection station. The parameters of the 
five variations of the C4.5 decision tree, with and without 
prior feature selection, were transferred into the system to 
mimic automated tuning. These correspond respectively to the 
C4.5 decision tree induced from the full set of features, and 
the C4.5 decision tree induced from the set of features reduced 
with CFS, consistency-based, RELIEF, or wrapper.  



A. Tortillas 
To evaluate the performance of the automatically tuned 

inspection station, 500 new samples of the large industrial 
tortillas dataset were used. These samples, which contain 
products of acceptable visual appearance and products to be 
rejected, were first analyzed by the classifier manually tuned 
by the bakery personnel to obtain the correct classification (in 
the sense of the bakery’s expectations). The “ground truth” 
corresponding to 100% accuracy is represented by the 
classification produced by the manually set classifier. 

Second, the same 500 tortilla samples were presented to 
each of the five automatically set models resulting from the 
learning phase. For every item that is inspected with the 
automatically tuned model, its classification is considered 
accurate if it matches the classification (“accept” or “reject”) 
obtained from the manually set classifier, and inaccurate 
otherwise. Since those 500 samples were not used during the 
learning phase and cross-validation, this test measures the 
capability of generalization of the automatically tuned system 
and its ability to operate on new products to be inspected.  

Fig. 6 presents the real accuracy achieved by the 
automatically tuned system against the accuracy predicted in 
Section V at the end of the learning phase by cross-validation 
for the tortillas. As before, “Full” represents the entire set of 
features without any feature selection. For all of the 
considered models, the real accuracy achieved is slightly 
lower than the accuracy predicted by cross-validation. 
However, in the worst case, the real accuracy is only 4.59% 
inferior to the prediction. It is achieved when the C4.5 
decision tree model is generated from the full set of features, 
or equivalently, with the C4.5 model induced from the reduced 
set of features selected by RELIEF, which happens to be the 
feature selector removing the least attributes. The C4.5 
decision tree induced after consistency-based feature selection 
offers similar performance. On the other hand, the decision 
tree based on CFS achieves an accuracy that is only 2.15% 
under the prediction. The C4.5 tree combined with wrapper 
feature selection performs as well, its accuracy being 2.16% 
under the prediction. Therefore, the C4.5 decision tree 
combined with wrapper or CFS feature reduction provides the 
best performance. 

 
Fig. 6.  Classification accuracy achieved by auto-tuned system with C4.5 

learning versus predicted accuracy (tortillas). 

It is interesting to observe that, on one hand the different 
feature selectors combined with C4.5 decision tree learning 
provide slightly reduced performance as automated tuning 
solutions when compared to the theoretical predicted 
performance estimated by 10-fold cross-validation. On the 
other hand, experimental results show that all of the C4.5 
models generated after feature selection, of any type, achieve 
accuracy greater or equal to when the full set of features is 
considered. Feature space dimensionality reduction therefore 
leads to slight increase in classification accuracy on the real 
inspection station, while reducing the number of parameters to 
process, which can afford for higher inspection rates. 
B. Seeded Buns 

In order to tune a classification model for the seeded buns, 
the same methodology was followed. The experiment also 
involved 500 new samples of seeded buns that have not been 
used during the model learning phase and performance 
prediction with cross-validation. Fig. 7 presents a comparison 
between the predicted accuracy performance of the five 
variations of the C4.5 decision tree and their real performance 
measured when the system is actually configured with the 
parameters of the corresponding C4.5 decision trees.  

The results shown in Fig. 7 demonstrate that the accuracy 
achieved with the automatically tuned vision-based food 
inspection system over the 500 new samples differs less than 
1% from the accuracy predicted using cross-validation. The 
same performance is observed independently from the use or 
not of feature reduction in this case. The full set of features 
achieves the best performance as was predicted by cross-
validation (98.8% of the samples were correctly classified 
compared to the predicted 99.78%). The C4.5 decision tree 
learning scheme combined with the wrapper feature selector 
offers the same performance. These facts demonstrate that 
using a substantially reduced set of features (C4.5 wrapper 
selected less than 3 % of the 82 extracted features as 
mentioned in section V) still allows achieving the same 
performance as with the full set of features. This can support 
higher inspection rates. The decision tree generated after 
consistency-based feature selection achieves 98.4% correct 
classification, which is only 0.83% less than the predicted 
accuracy. In this case, any of the combinations of the C4.5 
learner with feature selectors offers very good performance. 

 
Fig. 7.  Classification accuracy achieved by auto-tuned system with C4.5 

learning versus predicted accuracy (seeded buns). 



C. Summary of Experimental Validation 
The results of the experiments on tortillas and seeded buns 

globally demonstrate that the accuracy of the inspection 
system automatically tuned with a model obtained from 
machine learning is generally comparable to the accuracy 
predicted by cross-validation for the same model. The 
correctness of the classification also compares advantageously 
with the ground truth reference that is obtained when the same 
system is tuned with lengthy and costly manual procedures. As 
a matter of fact, provided that the training samples are 
available, manually tuning the inspection system can easily 
take an entire day or more depending on the expertise of the 
operator, whereas the automated tuning proposed in this work 
can be performed within one to two hours. 

VII. CONCLUSION 
This paper presented a formal evaluation of three machine 

learning algorithms for the calibration of vision-based food 
inspection systems. A specific procedure to automatically set 
the internal parameters of an inspection station is proposed, 
starting from a sample of product items. The proposed solution 
distinguishes itself from other vision-based food inspection 
systems configuration techniques by providing an explicit 
predicted performance for several candidate machine learning 
techniques that automatically adapt to the product to be 
inspected. As such, means of anticipating the performance of 
an inspection station are made available. A validation step 
challenges the predictions by tuning the most promising 
classifier from different models into the inspection station and 
testing with new real samples to refine the final selection.  

The experimental validation confirmed that the accuracy 
predicted using cross-validation is very close to the real 
performance observed once the system is tuned with the best 
classifier identified. Results obtained on different bakery 
products clearly demonstrated that among three evaluated 
machine learning techniques, the C4.5 learning scheme is the 
most suited for industrial vision-based quality inspection of 
typical bakery products. It reveals that an inspection system 
automatically tuned with the proposed technique can 
systematically achieve about 98% correct classification when 
compared with ground truth classification, obtained with 
manual tuning. Given the variations that are omnipresent in 
any human based decisions regarding the visual appearance of 
a product, the proposed approach achieves comparable 
performance. The technique competes advantageously with 
manual tuning which requires extensive expertise with the 
inspection system, depends on individuals’ abilities, and often 
results in time-consuming and expensive procedures.  

REFERENCES 
[1] J. Blasco, N. Aleixos, and E. Molto, “Computer vision detection of peel 

defects in citrus by means of a region oriented segmentation algorithm”, 
Journal of Food Engineering, vol. 81, no. 3, pp. 535-543, 2007. 

[2] M. R. Chandraratne, D. Kulasiri, and S. Samarasinghe, “Classification of 
lamb carcass using machine vision: comparison of statistical and neural 
network analyses”, Journal of Food Engineering, vol. 82, no. 1, pp. 26-
34, 2007. 

[3] H. Almuallim and T.G. Dietterich, “Learning with many irrelevant 
features”, Proc. of the 9th National Conf. on Artificial Intelligence, pp. 
547-552, AAAI Press, 1991. 

[4] G. H. John and P. Langley, “Estimating continuous distributions in 
Bayesian classifiers”, Proc. of the 11th Conference on Uncertainty in 
Artificial Intelligence, Morgan Kaufmann Publishers, San Mateo, 1995. 

[5] T. Mitchell, Machine Learning, McGraw Hill, 1997. 
[6] R. S. Michalski and R. E. Stepp, “Learning from observation: conceptual 

clustering”, Machine learning: an artificial intelligence approach, 
editors: Ryszard S. Michalski, Jaime G. Carbonell, Tom M. Mitchell, 
Los Altos, Calif.: M. Kaufmann Publishers, 1983. 

[7] P. Clark and T. Niblett, “The CN2 induction algorithm”, Machine 
Learning, vol. 3, no. 4, pp. 261-283, 1989. 

[8] R. Kohavi and G.H. John, “Wrappers for feature subset selection”, 
Artificial Intelligence, vol. 97, pp. 273-324, December 1997. 

[9] M.A. Hall and G. Holmes, “Benchmarking attribute selection techniques 
for discrete class data  mining”, IEEE Transactions on Knowledge and 
Data Engineering, vol. 15, no. 6, pp. 1437-1447, 2003. 

[10] J. R. Anderson and M. Matessa, “Explorations of an incremental, 
Bayesian algorithm for categorization”, Machine Learning, vol. 9, pp. 
275-308, 1992. 

[11] P. Domingos and M. Pazzani, “Beyond independence: conditions for the 
optimality of the simple Bayesian classifier”, Proc. of the 13th Intl Conf. 
on Machine Learning, Bari, Italy, pp. 105-112, 1996. 

[12] J. R. Quinlan, C4.5: Programs for Machine Learning, San Mateo, 
California: Morgan Kaufmann Publishers, 1993. 

[13] S. Haykins, Neural Networks: a Comprehensive Foundation, 2nd 
Edition, Prentice Hall, 1999. 

[14] B. Park, Y. R. Chen, M. Nguyen, and H. Hwang, “Characterizing 
multispectral images of tumorous, bruised, skin-torn, and wholesome 
poultry carcasses”, Transactions of the American Society of Agricultural 
Engineers, vol. 39, no. 5, pp. 1933-1941, 1996. 

[15] F. Storbeck and B. Daan, “Fish species recognition using computer 
vision and a neural network”, Fisheries Research, vol. 51, no. 1, pp. 11-
15, 2001. 

[16] F. Storbeck and B. Daan, “Weight estimation of flatfish by means of 
structured light and image analysis”, Fisheries Research, vol. 20, no. 2, 
pp. 99-193, 1991. 

[17] N. Kondo, U. Ahmad, M. Monta, and H. Murase, “Machine vision based 
quality evaluation of Iyokan orange fruit using neural networks” 
Computers and Electronics in Agriculture, vol. 29, no. 1 -2, pp. 135-147, 
2000. 

[18] M. A. Shahin, E. W. Tollner, R. D. Gitaitis, D. R. Sumner, and B. W. 
Maw, “Classification of sweet onions based on internal defects using 
image processing and neural network techniques”, Transactions of the 
American Society of Agricultural Engineers, vol. 45, no. 5, pp. 1613-
1618, 2002. 

[19] M. A. Hall, Correlation-based feature selection for machine learning, 
PhD thesis, Department of Computer Science, University of Waikato, 
Hamilton, New Zealand, 1998. 

[20] H. Liu and R. Setiono, “A probabilistic approach to feature selection: a 
filter solution”, Proc. of the 13th Intl Conf. on Machine Learning, pp. 
319-327, 1996. 

[21] K. Kira and L. Rendell, “A practical approach to feature selection”,  
Proc. of the 9th Intl Conf. on Machine Learning, pp. 249-256, Morgan 
Kaufmann Publishers, 1992. 

[22] K. Kira and L. Rendell, “The feature selection problem: traditional 
methods and a new algorithm”,  Proc. of the Tenth National Conference 
on Artificial Intelligence, San Jose, California, pp. 129-134, 1992. 

[23] I. Kononenko, “Estimating attributes: analysis and extensions of 
RELIEF”, Proc. of the 7th European Conference on Machine Learning, 
pp. 171-182, Berlin; New York: Springer-Verlag Publisher, 1994. 

[24] M.M. Chetima, P. Payeur, “Feature selection for a real-time vision-based 
food inspection system", Proc. of the IEEE Intl Workshop on Robotic 
and Sensors Environments, pp. 120-125, Ottawa, ON, 17-18 Oct. 2008. 

[25] U. M. Fayyad and K.B. Irani, “Multi-interval discretization of 
continuous-valued attributes for classification learning”, Proc. of the 
13th Intl Joint Conf. on Artificial Intelligence, Morgan Kaufmann, pp. 
1022-1027, 1993. 

[26] R. Kohavi, “A study of cross-validation and bootstrap for accuracy 
Estimation and Model Selection”, Proc. of the Intl Joint Conf. on 
Artificial Intelligence, Montreal, QC, Morgan Kaufmann, pp. 1137-
1143, 1995. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /Cmb10
    /CMBSY10
    /Cmbsy10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /Cmbx10
    /CMBX12
    /Cmbx12
    /CMBX5
    /Cmbx5
    /CMBX6
    /Cmbx6
    /CMBX7
    /Cmbx7
    /CMBX8
    /Cmbx8
    /CMBX9
    /Cmbx9
    /CMBXSL10
    /Cmbxsl10
    /CMBXTI10
    /Cmbxti10
    /CMCSC10
    /Cmcsc10
    /CMCSC8
    /Cmcsc8
    /CMCSC9
    /Cmcsc9
    /CMDUNH10
    /Cmdunh10
    /CMEX10
    /Cmex10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /Cmff10
    /CMFI10
    /Cmfi10
    /CMFIB8
    /Cmfib8
    /CMINCH
    /Cminch
    /CMITT10
    /Cmitt10
    /CMMI10
    /Cmmi10
    /CMMI12
    /Cmmi12
    /CMMI5
    /Cmmi5
    /CMMI6
    /Cmmi6
    /CMMI7
    /Cmmi7
    /CMMI8
    /Cmmi8
    /CMMI9
    /Cmmi9
    /CMMIB10
    /Cmmib10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /Cmr10
    /CMR12
    /Cmr12
    /CMR17
    /Cmr17
    /CMR5
    /Cmr5
    /CMR6
    /Cmr6
    /CMR7
    /Cmr7
    /CMR8
    /Cmr8
    /CMR9
    /Cmr9
    /CMSL10
    /Cmsl10
    /CMSL12
    /Cmsl12
    /CMSL8
    /Cmsl8
    /CMSL9
    /Cmsl9
    /CMSLTT10
    /Cmsltt10
    /CMSS10
    /Cmss10
    /CMSS12
    /Cmss12
    /CMSS17
    /Cmss17
    /CMSS8
    /Cmss8
    /CMSS9
    /Cmss9
    /CMSSBX10
    /Cmssbx10
    /CMSSDC10
    /Cmssdc10
    /CMSSI10
    /Cmssi10
    /CMSSI12
    /Cmssi12
    /CMSSI17
    /Cmssi17
    /CMSSI8
    /Cmssi8
    /CMSSI9
    /Cmssi9
    /CMSSQ8
    /Cmssq8
    /CMSSQI8
    /Cmssqi8
    /CMSY10
    /Cmsy10
    /CMSY5
    /Cmsy5
    /CMSY6
    /Cmsy6
    /CMSY7
    /Cmsy7
    /CMSY8
    /Cmsy8
    /CMSY9
    /Cmsy9
    /CMTCSC10
    /Cmtcsc10
    /CMTEX10
    /Cmtex10
    /CMTEX8
    /Cmtex8
    /CMTEX9
    /Cmtex9
    /CMTI10
    /Cmti10
    /CMTI12
    /Cmti12
    /CMTI7
    /Cmti7
    /CMTI8
    /Cmti8
    /CMTI9
    /Cmti9
    /CMTT10
    /Cmtt10
    /CMTT12
    /Cmtt12
    /CMTT8
    /Cmtt8
    /CMTT9
    /Cmtt9
    /CMU10
    /Cmu10
    /CMVTT10
    /Cmvtt10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomDGR-Bold
    /NimbusRomDGR-BoldItal
    /NimbusRomDGR-Regu
    /NimbusRomDGR-ReguItal
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


