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Abstract - The paper deals with the problem of the detection of rare patterns in unbalanced datasets coming from the industrial 
world. Such kind of patterns usually correspond to not frequent but very relevant events, such as the occurrence of product defects 
and machine faults. Within this work several approaches have been tested for the development of classifiers whose performance 
are able to meet the industrial requirements, i.e. a high rate of recognition of unfrequent patterns. Considered the unbalanced 
nature of the available datasets, most known techniques used for dealing with this kind of databases (i.e. resampling techniques and 
specific algorithms) have been investigated and assessed, subsequently the most promising ones have been combined in order to 
exploit their advantages. This latter combination led to satisfactory results which make the developed classifier usable in the 
industrial field. 
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I. INTRODUCTION 
 
  One of the main problems which can be encountered 
when coping with industrial applications is the detection 
of rare situations. Many problems from different 
frameworks belong to this category, such as, for instance, 
the detection of machine faults or defective products 
within the manufacturing process, are key issues which 
can provide many advantages to the process conditions, 
leading to improvement and increase of the productivity. 
 From a classification point of view, this kind of 
problems is noticeable due to two main characteristics: 
the rarity of the situations to be detected and the 
importance of their detection. The rarity of these 
situations often implies a severe complexity of their 
identification through automatic systems which are 
nowadays very common on every type of industrial plant. 
Moreover it is clear that, in such cases, the correct 
identification of these events is more important than the 
identification of any other kind of situations and, on the 
other hand, the misclassification of pattern related to not 
anomalous situations (the so-called false alarms) is more 
tolerable than the opposite error. Considering, for 
instance, to the case of malfunctioning identification: its 
correct recognition would lead to the application of 
suitable countermeasures while the missed detection of a 
machine fault could potentially imply the stop or break of 
the machine; on the other hand the generation of a false 
alarm would only cause a (normally negligible) loss of 
time for the checking procedure. 
 The inherent difficulty of the classification task 
combined with the different importance of class 

recognition pushed researchers and industrials to 
investigate on suitable methods for the recognition of rare 
patterns within unbalanced datasets. These methods are 
described and discussed in section 2, subsequently in 
section 3 some industrial problems involving unbalanced 
dataset are introduced, then how these applications are 
faced by means of proper techniques is described in 
sections 4 and the obtained results are evaluated. Final 
conclusions are drawn in section 5 together with the 
future perspectives of the adopted methods. 
 
 
II CLASSIFICATION OF UNBALANCED DATASETS 
 
 In the industrial framework many classification tasks 
related to the identification of harmful situations have to 
cope with unbalanced databases as most observations are 
related to the normal situations, while the abnormal ones 
are usually a few. In the same framework, in quality 
control tasks, the number of defective products is far 
lower than the number of non defective ones. Although 
there is no prearranged rule for the definition of such 
datasets, they are characterized by a not uniform 
distribution of the samples in terms of the class variable, 
which is also the one to be predicted by the classifier. 
 The class unbalance reduces the predictive 
performances of any classifier as most of them are 
designed to obtain optimal performances in terms of 
global errors [1]. Thus, when coping with unbalanced 
datasets, the optimal performance is roughly achieved by 
classifying nearly all samples as belonging to the most 
frequent class. Apart from rare cases, where patterns 
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belonging to different classes are clearly discernible, the 
little number of samples corresponding to infrequent 
events prejudices their correct characterization and makes 
the separation of the classes difficult for the classifier. 
 On the other hand, the detection of the rare events is a 
key issue since they usually correspond to critical 
situation as the one handled in the following sections of 
this work. 
 The effect of imbalance in datasets does not depend 
on the classifier. In facts, in literature many comparative 
works are presented [2] [3], which show that unbalanced 
datasets produce the same effect in different frameworks 
and applications although faced with different methods. In 
particular the characteristics of the effect of unbalance in 
dataset have been studied in [2], which analyzes the 
predictive performance of decision trees on several 
datasets derived from real world applications or 
synthetically generated with different rates of rare events. 
 The small number of samples belonging to rare 
classes makes the mission of the classifiers which have to 
characterize them by using a little number of information 
very hard. This aspect is particularly important if 
combined with the low separability of classes with respect 
to their location in the input space: in that case - due to the 
attitude of standard classifiers, which tend to maximize 
the overall performance – the task of the classifier is even 
more complicated as it is often unable to separate patterns 
belonging to different classes.  
 Furthermore it must be emphasized that when coping 
with real world databases all these factors are very often 
observed together with the presence of noise in the data, 
which plays a detrimental role for the classifiers as it 
introduces further uncertainties. For all these reasons 
large efforts in the improvement of techniques for 
classification purpose on these datasets are justified. 
 Two different methodological approaches have been 
developed expressly for dealing with unbalanced datasets 
within classification tasks: the external and internal ones. 
Internal approaches are based on the creation of new 
algorithms that are specifically designed for facing 
uneven datasets, while the external approaches exploit 
traditional algorithms with suitably re-sampled databases, 
where the rate of unfrequent observations is synthetically 
raised in order to reduce the detrimental effect of the 
unbalance. In the following sections these approaches will 
be described in detail and their use will be shown to face 
3 real world problems belonging to the industrial 
framework, which are all characterized by the needs to 
identify rare events. 
 
 
A. Internal methods 
 
 The philosophy of internal methods consists of the 
development of new algorithms specifically designed for 
facing the problems related to unbalance in datasets, 

eventually through suitable modifications of existing 
algorithms to this particular purpose. 
 The main reason for the failure of traditional 
classification methods when coping with unbalanced 
datasets is that the same weight is attributed to any kind of 
misclassification error, independently on the type of error, 
i.e. on the class that is missed, thus the classifiers tend to 
focus their prediction to most probable events. This 
drawback can be overcome by training the classifier in 
order to award the detection of infrequent patterns by 
means of a suitable cost matrix which compensates the 
class imbalance of the dataset by establishing the 
misclassification costs according to application- and 
distribution-driven criteria. 
 This approach, that is widely exploited in literature 
[4] [5], has been investigated in the present work through 
two different kinds of classifiers: the first one based on a 
two layers perceptron feed-forward neural network 
trained by means of a variation of the back propagation 
algorithm which implements Bayesian regularization [6] 
and the second one exploiting a decision trees trained by 
using the C4.5 algorithm [7]. 
   Several methods which have been developed on purpose 
to solve problems related to uneven datasets have been 
tested within this work. 
 A variation of radial basis function (RBF) networks 
called rectangular basis function networks (RecBF) [8] 
has been widely used for coping with imbalanced 
datasets. RecBF networks exploit a special kind of 
neurons in the hidden layer whose activation functions 
use hyper-rectangles and which should allow more 
precision in the detection of the boundary the input space 
regions reserved to each class.  
 The TANN (Thresholded Artificial Neural Network) 
[9] method has been tried as well. The TANN consists of 
a traditional MLP neural network with one single output 
neuron coupled with a threshold operator which activates 
this latter neuron when its natural activation overcomes a 
threshold t. The determination of t is automatically 
calculated and aims at improving the sensitivity of the 
system to rare patterns whose detection is supported. In 
particular t is chosen among a set of candidate threshold 
values in order to maximize the following evaluation 
formula:  
 

 
 
where UnfDet is the rate of correctly detected rare 
patterns, FA is the rate of false alarms and Corr is the 
overall correct rate, while g and m are two parameters. A 
scheme of the TANN architecture is depicted in figure 1. 
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FIGURE 1. A schematic representation of the TANN architecture. 

 
 Finally the v-SVM proposed in [10] have been 
applied to the proposed problem. v-SVM can be used in 
order to recognize patterns belonging to a single class in a 
dataset, as information on a single class is used for the 
training. Due to its peculiarity, v-SVM can be employed 
to detect whether a pattern belongs or do not belongs to 
the rare class. 
 
 
B. External methods 
 
 External methods has been tested as well within this 
work in order to improve the classifier performances. 
External methods are based on a re-sampling of the 
original dataset aiming at the balancing of the number of 
the data belonging to the different classes which are 
present in the database, in order to avoid the classification 
problems encountered by standard methods when coping 
with unbalanced datasets. This operation normally does 
not completely balance the classes frequency but 
increases the frequency of the less represented classes. 
Furthermore, due to its artificial nature, resampling 
modifies the original classes distribution which can lead 
to a substantial loss of information in the validation phase. 
   There are two possible approaches to the re-sampling 
process, both operating in the direction of the reduction of 
the unbalance rate of the dataset: 
 
l under-sampling which operates by removing from the 
dataset samples belonging to the majority classes until the 
desired ratio between positive and negative samples is 
reached;  
l over-sampling which replicates on the dataset the 
samples representing the minority class already present in 
the dataset. 
 
 In this work both over-sampling and under-sampling 
have been tested on industrial datasets by creating several 
sets of databases at different rates of unfrequent patterns, 
then the most promising traditional classifiers (namely 
decision trees and ANN) have been trained by means of 
the new datasets. In the resampling phase, a focused 
resampling was applied according to [11] and [1]. When 
under-sampling, only the majority classes samples lying 
on the boundary regions of the input space were removed. 

When over-sampling, the minority class samples with 
higher probability to be replicated were those lying close 
to the boundary with the majority class. This selections 
was done in order to spread the regions of the input space 
which the classifier will put into correspondence with the 
minority class and to limit eventual classification conflicts 
that standard classifiers would solve in favor of the 
majority class. 
 Finally a slightly different method for data 
oversampling was proposed in [12] and named SMOTE, 
which instead of replicating positive samples as it 
happens with standard oversampling, synthetically creates 
new minority class samples which are placed in the input 
space where they are likely to be located, as shown in 
figure 2. The advantage of this method is that the creation 
of new positive samples broadens the decision regions 
related to them, while replication (not adding further 
information to the dataset) makes these regions more 
specific.  
 

 
 

FIGURE 2: Graphical representation of the data created by means of the 
smote algorithm: the circles represent the majority patterns while the 

triangles represent the synthetically generated samples. 

 
 

III. INDUSTRIAL CASE STUDIES 
 
 In this section three real problems drawn from the 
metal industry are presented. All these applications are 
affected by the problem of unbalanced datasets, as the 
quantity of patterns to be detected (malfunctions, product 
defects) is far lower with respect to the quantity of normal 
situations. Furthermore the applications are focused on 
the identification of these rare patterns, which would 
improve product quality and would grant a better and 
more reliable manufacturing process. 
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A. Detection of clogging occurrence in the steelmaking 
practice 
 
 Within the steel industry continuous casting is one of 
the main processes for the manufacturing of steel 
products. During this process the liquid steel produced in 
the blast furnace is moved firstly in the ladle and then in 
the tundish. Subsequently it is transferred from here to the 
strip caster. In this latter phase the liquid steel passes 
through a set of nozzles placed on the bottom of the 
tundish. During its passage, material depositions (mostly 
an aluminum compound named alumina) on the nozzle 
internal surface can partially or even totally block the 
flow of the liquid steel. This phenomenon is commonly 
known as clogging and is highly detrimental to casting 
reliability and quality of the cast products. Thus many 
models have been developed for the early detection or the 
prediction of the occurrence of such phenomenon as well 
as for the application of helpful countermeasures. In 
general, the results obtained so far through different 
modeling approaches are not completely satisfactory, as 
the clogging phenomenon is still not theoretically 
understood [13] because of the high number of chemical 
and process variables affecting the formation of the 
alumina deposits which lead to the block occurrence. 
Within the present paper the approaches described in 
section 2 have been applied for solving the problem of the 
clogging detection on the basis of steel chemical 
composition and process parameters. The correct 
identification of such situations before their occurrence 
would allow the technicians to put into practice suitable 
countermeasures (by modifying process parameters or 
adding chemical substances to the liquid steel) which 
easily avoid the clogging formation with a substantial 
improvement of productivity. On the other hand the 
generation of some false alarms by the classifier do not 
implies any particular detrimental effect, because the 
countermeasures are costly but do not heavily affect the 
steel quality if they are inappropriately applied. 
 The dataset available for the training and the test of 
the classifiers is made of about 5000 observations 
including both information on the chemical properties of 
the produced steel both the physical parameters of the 
process and machine parameters. The rate of clogging 
occurrences (that correspond to the situation to be 
detected) is 1.2%, thus the available dataset is indeed 
unbalanced and the classification task needs to be faced 
by means of the above-described methods.  
 
 
B. Detection of surface defects on metal sheets 
 
 During the continuous industrial manufacturing 
process of metal products, the possibility often arises of 
the formation of defects on the surface of the final product 
which affects the number of potential applications of the 

product, as the presence of defects changes the products 
in terms of technical characteristics and quality. Therefore 
the last phase of the manufacturing process is designed to 
remove this defects from the products surface by means of 
the use of a cleaning chemical solution which is applied 
on the product surface. The peculiarity of this operation is 
that its efficiency depends on many factors such as its 
duration as well as the composition and concentration of 
chemical elements within the solution. Moreover, due to 
the reactions with the metal surface, the composition of 
the chemical solution can vary and it is therefore 
monitored through sensors which store in a database the 
concentration of relevant chemical components when 
each product is cleaned. Different combinations of 
working conditions bring to different results, in particular, 
if the optimal combination is not reached, two undesired 
situations can occur, i.e. either the defect for which the 
process was carried out is not eliminated, or the too long 
exposition of the product to the chemical solution favors 
to the creation of another kind of surface defect. Both 
these problems make the product not suitable for the 
market. 
 The detection of the defective products on the basis 
of process parameters is difficult given the very small 
number of processes that led to the formation of defects. 
 The industrial dataset that has been exploited for the 
development of a classifier aiming at the detection of 
defective products is formed by about 15 thousands 
observations gathering information on the manufacturing 
of as many products that were collected directly on the 
field. For each observation information concerning both 
the product (such as dimension and material type) and the 
process of defect removal (such as chemical agents 
concentrations, solution temperature and working 
duration) are collected. 
 The frequency of the final products which present 
defects is very low, i.e. around the 0.5% of the total 
production.  
 Due to this low frequency rate, the detection of the 
final products which present defects at the end of the 
manufacturing is very difficult and can cause different 
kinds of misclassification: missed detections of defective 
products or false alarms. The different kinds of 
misclassification errors do not have the same relevance in 
the industrial framework, as the missed detection of 
product defectiveness leads to the marketing of a 
defective product, with detrimental consequences for the 
producer, while the generation of false alarms just implies 
supplementary controls on the product without any 
substantial drawback. Furthermore, if a defective products 
is identified before being put into market, it can be 
recycled; otherwise it will be rejected by the customer 
with a non negligible economical loss. 
 In the present work different artificial intelligence 
techniques have been employed and compared for the 
described classification task with the aim of minimizing 
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the rate of missed defective products and generating a 
reasonable rate of false alarms. 
 
 
C. Visual data processing for metal product quality 
assessment 
 
 Some particular metal products, due to the nature of 
the process they are subjected to, need some on-line 
surface control in order to avoid the presence of defects. 
 Currently this kind of control is partially performed 
on-line by a surface inspection system which can spot on 
the product surface a number of types of defects such as 
scratches or patchiness. 
 The system creates a map where all the information 
(region, severity, type, extension...) on the observed 
defects are collected by respect to each product; 
subsequently this map is provided to human operators 
who, on the basis of the information provided by the 
vision system, have to decide whether to discard the 
examined sheet or to accept it. 
 Several factors influence the final decision of the 
operators: the number of defects and for each defect some 
features such as its type, extension, position and shape. 
The decision is taken in two stages: in the first stage one 
operator examines the defects map produced by the vision 
system and signals to the subsequent operator those 
products which are suspected to be defective and 
classifies as good the others. The second operator carries 
out a deeper examination of the signaled products and 
takes the final decision coupling the information provided 
by the first operator and the defect map drawn up by the 
vision system. 
   The high number of products to be examined and the 
quantity of products which require a second control make 
the whole procedure extremely time consuming: actually 
the final control stage requires a considerable amount of 
time, because the examination which is pursued on the 
products is very accurate. 
 

 
 

FIGURE 3. The trend for ANNs of rare samples detected and false 
alarms with respect to the frequency of minority class in undersampled 

datasets. 

 
   A further weak point of this control process resides in 
the lack of objectivity due to the human intervention and 

the possible degrade of the performance of the operator 
can degrade due to the fatigue and concentration. For this 
reason, some fully automated methods have been tested 
within this work in order to help the second human 
operator in taking the final decision on the quality of the 
produced sheet, by achieving a considerable saving of 
time and resources. A scheme of the  decision process 
including the automatic classifier  is depicted in figure 3. 
 The metal sheets producer provided a dataset made of 
7000 observations of which the 15% corresponds to 
defective products. Each observation contains data related 
to 13 features extracted from the vision system describing 
both the shape and chemical characteristics of the product 
and some salient information of each defect, such as 
seriousness, quantity, area and shape. 
 
 

IV. EXPERIMENTAL TESTS 
 
 The industrial problems introduced in section 3 are 
characterized by the aim of spotting particular situation 
whose detection is fundamental for the problem in the 
framework of an unbalanced dataset. For this reason the 
techniques introduced in section 2 have been applied to 
such problems. The main results that have been obtained 
are presented in this section. In particular the effect of 
data resampling is analyzed, by highlighting weak and 
strong points; then the performance of ad-hoc algorithms 
is assessed and, finally, it will be shown how a suitable 
combination of these two approaches led to the best 
results. 
 The results of all the tests presented in this section 
refer to a subset of the whole available database which 
has not been used for the tuning of the classifier (the so-
called validation set). More in detail the validation set has 
been formed by using 25% of the records in the database 
while the remaining 75% has been used for the training of 
the classifier. 
 The use of the validation set grants that the 
performance achieved in this testing phase are the same 
(or at least very similar) to those obtained once the 
classifier is integrated in the industrial plant. 
 For the assessment of the performances of the tested 
methods the different significance of the two error types 
has been taken into account. In facts in all the presented 
applications the consequences of a missed detection of a 
notable situation represents a loss in terms of product 
quality, time or money while the generation of a false 
alarm does not imply any serious consequence. 
 In order to have an adequate term of comparison for 
the performances of the tested method, in Table 1 the 
results obtained by using standard methods on the original 
datasets are reported for each application. The employed 
methods in these cases are decision trees (DT) trained by 
means of the C4.5 algorithm and feed forward neural 
networks (FFNN) trained by means of a variation of the 
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back propagation algorithms which implements the 
Bayesian regularization in order to improve the 
generalization capabilities of the net. In the table the 
number of overall correct classifications, detected rare 
events and false alarms is reported. 
 

 
Problem Method Corr. % Unf. Det % FA % 

Clogging 
detection 

FFNN 15 hid 100 0 0 

Clogging 
detection 

DT 96 0 4 

Surface 
defects  

FFNN 20 hid 100 0 0 

Surface 
defects  

DT 100 0 0 

Visual data 
processing 

FFNN 8 hid 72 29 4 

Visual data 
processing 

DT 78 55 11 

 
TABLE 1: Summary of the results obtained by the standard methods on 
the proposed industrial problems. Corr., Unf. Det. and FA are for correct 

classifications, detected unfrequent patterns and false alarms, 
respectively. For the FFNN-based approach, in the column “Method” 

also the number of neurons in the hidden layer is reported. 

 
 The results obtained by standard methods on the 
original datasets are not satisfactory for all the 
applications: in facts for the problems of the clogging and 
surface defects detection they do not spot any rare 
patterns but, as expected, they classify all the observations 
as belonging to the most represented class. The results 
obtained on the visual data processing task are better 
maybe due to the rate (20%) of rare patterns in the 
original database, which is significantly higher with 
respect to the other applications. In any case even the 
results obtained through decision trees are not satisfactory 
for the industrial standards. 
 
A. External methods 
 
- Detection of surface defects on metal sheets 
 
 As far as the detection of surface defects of metal 
products on the basis of product chemical composition 
and cleaning process parameters is concerned, several test 
by using resampled datasets have been performed. The 
classifiers employed in these tests are FFNN and DT. 
 The dataset, whose original rate of rare patterns was 
0.3% has been oversampled and undersampled at different 
rare events rates in order to evaluate the effect of the 
different resampling rates. The main results obtained by 
these methods are summarized in Tables 2 and 3 for 
oversampled and undersampled datasets, respectively. In 

those tables, together with performance measures and 
adopted method, the rate of rare patterns is reported. 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

DT 10% 99% 11% 0% 

DT 20% 99% 11% 0% 

DT 50% 99% 11% 0% 

FFNN 20h 10% 99% 6% 1% 

FFNN 10h 20% 98% 17% 2% 

FFNN 15h 50% 98% 16% 1% 

 
TABLE 2. Result obtained by decision trees and ANNs on the 

oversampled datasets for the problem of the detection of metal sheets 
surface defects 

 
 As shown in table 2 there is no substantial difference 
between the results obtained by ANNs and by decision 
trees and the data oversampling does not increase the rate 
of detected unfrequent patterns with respect to internal 
methods, while it rather decreases the rate of false alarms. 
The performance of decision trees does not change with 
respect of the rate of unfrequent patterns in the database 
while ANNs increase such rate as expected; in facts the 
best performance is reached at a 20% rate of minority 
class samples. 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

DT 10% 99% 11% 0% 

DT 20% 99% 11% 0% 

DT 50% 99% 11% 0% 

FFNN 10h 10% 99% 6% 1% 

FFNN 5h 20% 98% 17% 2% 

FFNN 5h 50% 98% 16% 1% 

 
TABLE 3. Result obtained by decision trees and ANNs on the 

oversampled datasets for the problem of the detection of metal sheets 
surface defects. For the FFNN-based approach, in the column “method” 

also the number of neurons in the hidden layer is reported. 

 
 The results obtained by using undersampled datasets 
are encouraging. In fact, as depicted in table 3, the tested 
methods reach a satisfactory rate of detected rare events 
by maintaining in some cases a low rate of false alarms. 
The results, as shown in Figures 4 and 5, which depict the 
trend of detected unfrequent events and false alarms with 
respect to minority patterns frequency, prove that the 
reduction of the majority class in favor of the rare patterns 
obtains the desired effect: the highest the frequency of 
minority samples, the higher the rate of spotted 
unfrequent patterns. 
 The most satisfactory results are obtained through the 
ANNs with a 20% minority class frequency undersampled 



MARCO VANNUCCI et al: DETECTION OF RARE EVENTS WITHIN INDUSTRIAL DATASETS  . .  . 

IJSSST, Vol. 11, No. 3                                                                                                 ISSN: 1473-804x online, 1473-8031 print 7

dataset: in that case 50% of defective products are 
correctly classified and 17% of false alarms is risen, 
which represents a very satisfactory performance for the 
industrial standard. 

 

 
 

FIGURE 4. The trend for ANNs of rare samples detected and false 
alarms with respect to the frequency of minority class in undersampled 

datasets. 

 
 

 
FIGURE 5. The trend for DT of rare samples detected and false alarms 

with respect to the frequency of minority class in undersampled datasets. 

 
 
- Detection of clogging occurrence 
 
 An approach which is similar to the one adopted for 
the previous problem has been exploited for the clogging 
detection problem. The original rate of rare events in the 
available dataset is 1.2%, thus several resampled datasets 
rates have been created and used for the training of the 
FFNNs and DTs classifiers. 
 Tables 4 and 5 summarize a part of the main results 
obtained by these methods for oversampled and 
undersampled datasets, respectively. 

 From the results it stands out that both oversampling 
and undersampling improve the predictive performance of 
the classifiers. The best results are obtained again by 
using the undersampled datasets, in facts in those cases 
the rate of rare events detected increases up to 74%. The 
best performance is obtained by decision trees exploiting 
the 10% undersampled dataset which is able to detect 
72% of defective sheets rising a reasonable number of 
false alarms. 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

FFNN 15h 5% 98% 13% 1% 

FFNN 30h 10% 98% 10% 1% 

FFNN 20h 20% 98% 10% 1% 

FFNN 20h 50% 95% 23% 4% 

DT 5% 95% 23% 4% 

DT 10% 95% 8% 3% 

DT 20% 95% 15% 4% 

 
TABLE 4. Result obtained by decision trees and ANNs on the 

oversampled datasets for the problem of the clogging detection. For the 
FFNN-based approach, in the column “method” also the number of 

neurons in the hidden layer is reported. 

 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

FFNN 12h 5% 97% 23% 6% 

FFNN 8h 10% 93% 23% 6% 

FFNN 4h 20% 90% 51% 9% 

FFNN 4h 50% 68% 74% 31% 

DT 5% 89% 54% 11% 

DT 10% 81% 72% 19% 

DT 20% 71% 69% 28% 

 
TABLE 5. Result obtained by decision trees and ANNs on the 

undersampled datasets for the problem of the clogging detection. For the 
FFNN-based approach, in the column “method” also the number of 

neurons in the hidden layer is reported. 

 
 From the analysis of Figure 6, which represents the 
trend of the considered evaluation measures with respect 
to the frequency of the rare class within the undersampled 
dataset, it emerges that undersampling at low rates (5%-
10%) produces good and stable results while an excessive 
undersampling (which consists on the elimination of a 
number of frequent events) degrades the performance of 
the classifier probably because the elimination of too 
many samples causes a loss of information due. 
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FIGURE 6. The trend for DT based classifiers for the problem of 
clogging detection with respect to the frequency of minority class in 

undersampled datasets. 

 
 
- Visual data processing for metal product quality 
assessment 
 
  he results obtained by using standard methods on the 
original dataset are in this case more encouraging with 
respect to those obtained in the same situation regarding 
the other two considered problems. Decision trees are able 
to correctly detect 55% of defective sheets, which still 
represents a performance non in line with the industrial 
requirements. However, due to the particular nature of the 
problem and the advantages which would derive from an 
increase of this rate, a classifier improvement is 
worthwhile. 
 The original rate of rare patterns in the dataset is 
15%. In this case three different rates of oversampling and 
undersampling have been used for the generation of the 
resampled datasets: 35%,  50% and 75%. The results 
obtained on these datasets by FFNNs and DTs are shown 
in tables 6 and 7 for oversampling and undersampling. 
 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

FFNN 20h 35% 79% 34% 6% 

FFNN 20h 50% 77% 64% 14% 

DT 35% 85% 69% 7% 

DT 50% 84% 69% 9% 

 
TABLE 6. Result obtained by decision trees and ANNs on the 

oversampled datasets for the problem of visual defects inspection. For 
the FFNN-based approach, in the column “method” also the number of 

neurons in the hidden layer is reported. 

 
 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

FFNN 8h 35% 88% 62% 3% 

FFNN 5h 50% 88% 66% 4% 

DT 35% 81% 71% 12% 

DT 50% 86% 70% 7% 

DT 75% 81% 72% 12% 

DT 75% 80% 74% 14% 

 
TABLE 7. Result obtained by decision trees and ANNs on the 

undersampled datasets for the problem of visual defects inspection. For 
the FFNN-based approach, in the column “method” also the number of 

neurons in the hidden layer is reported. 

 
 The exploitation of resampled datasets improves the 
performance of the classifiers in this case as well. 
Oversampling methods improve the percentage of 
detected defective products up to 69% with a 7% of false 
alarms and the undersampling-based approach reaches the 
74% with a 14% of false alarms. Between these two 
situations the second one is preferable due to the different 
weight of the two types of errors. 
 In both cases decision trees overcome the neural 
networks as far as the classification performance is 
concerned. 
 Figures 7 and 8 represent the trend of the evaluation 
measures as a function of the undersampling rate. 
Decision trees-based approaches seem to be more stable 
and robust with respect to FFNN, as their performance 
remains more or less constant with respect to the different 
rates of rare events in the dataset. 
 Similarly undersampling is preferable with respect to 
oversampling as it happened for the previous applications. 
 

 
 

FIGURE 7. The trend for FFNN based classifiers for the problem of 
visual data processing with respect to the frequency of minority class in 

undersampled datasets. 
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FIGURE 8 The trend for DT based classifiers for the problem of visual 
data processing with respect to the frequency of minority class in 

undersampled datasets. 
 
 
B. Internal methods 
 
 The internal approaches introduced in section 2 have 
been applied to the problems faced in this work. In 
particular in a first attempt the decision tree learning 
algorithm has been modified in order to favor the correct 
identification of the desired patterns (i.e. the rare ones). 
This was done by increasing the cost of the missed 
detection of such patterns. 
 Decision trees have been selected in this phase as 
they resulted more performing with respect to FFNN in 
the previously presented tests. Many tests have been 
performed on these basis with different missed detection 
costs; the best performances for each application are 
shown in table 8. 
 

Application  Cost Corr.% Unf. Det.% FA% 

Surf Def 3 99 17 1 

Surf Def 4 99 11 1 

Visual. Proc 2 84 68 8 

Visual. Proc 4 83 68 9 

Clog. Det. 2 94 0 6 

Clog. Det. 4 94 0 6 

 
TABLE 8. Result obtained through decision trees with modified error 

cost for the three applications 

 
 As it can be seen from table 8, the use of a cost 
matrix oriented to the detection of rare patterns leads to an 
improvement of the performance for the surface defect 
identification problem and for the visual data processing 
problem. In these cases the rate of detected rare patterns 
increased: from 0% to 17% in the first case, from 55% to 
68% in the latter one. Nothing changed for the clogging 

detection application, but generally the results obtained 
through this approach are encouraging. 
 The other following ad-hoc methods have been tested 
on the proposed applications: Learning Vector 
Quantization (LVQ) [14], RecBF,v-SVM, TANN. Each 
of these methods with several different settings (I.e. 
changing the number of hidden units in the TANN or the 
number of support vectors in v-SVM) has been used on 
all the problems. The most interesting results have been 
collected in table 9. 
 

Application Method Corr.% Unf. Det.% FA% 

Surf Def RecBF 10h 79 18 20 

Surf Def RecBF 15h 79 16 20 

Surf Def TANN 20h 97 21 2 

Surf Def TANN 10h 97 16 3 

Surf Def V-SVM 96 5 3 

Visual proc. SVM 87 65 1.5 

Visual proc. TANN 8h 83 77 3 

Visual proc. RecBF 10h 75 38 2 

Clog. Det. LVQ 97 0 0 

Clog. Det. RecBF 10h 72 44 27 

Clog. Det. SVM 97 0 0 

Clog. Det. TANN 77 67 21 

 
TABLE 9. Result obtained by different internal methods on the proposed 
industrial applications. For the RecBF and TANN-based approach, in the 

column “method” also the number of neurons in the hidden layer is 
reported. 

 
 Table 9 shows the validity of some of the tested 
approaches: within the surface defects detection the 
approaches based on RecBF and TANN achieve better 
results with respect to standard methods; in particular the 
TANN is able to detect 21% of rare patterns with an 
exiguous number of false alarms (2%). 
 A similar improvement is obtained within the visual 
data processing problem by TANN and SVM: in those 
cases the rate of defective products identified raises from 
55% to 77% and 65% respectively. It may be highlighted 
that also in this case the performance of TANN 
overcomes the other methods. 
 Finally within the clogging detection application both 
SVM and LVQ fail as they are not able to detect any of 
the clogging situations within the dataset as it happened 
with standard methods, while better results are obtained 
by RecBF and, most of all, by TANN, which detects 67% 
of clogging occurrences. 
 
C. Hybrid methods 
 
 From the wide set of tests performed on the three 
industrial applications, it emerges that the use of internal 
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and external methods can be helpful when coping with 
unbalanced datasets, especially when the detections of 
rare events and situations have a relevant importance, as it 
frequently happens in the industrial contexts, such as 
those that have been used as exemplar cases throughout 
this work. 
 In particular the techniques which led to the most 
promising results are:  
· undersampling, which between the proposed 
resampling techniques improved the performances on all 
the applications; cost modification which, when coupled 
with decision trees, raised the number of rare patterns 
correctly classified  
· TANN-based method which, among the internal 
approaches, obtained for all the applications, the best 
results. 
 
 On the basis of these results and considerations, some 
hybrid approaches have been developed and tested. These 
approaches try to combine the strong points of the best 
performing methods, in particular the following systems 
have been developed and tested: 
1. combination of a error cost matrix penalizing 
misclassification of rare patterns with undersampled 
datasets at various rates; this approach is managed within 
a decision tree architecture; 
2. combination of the TANN method with 
undersampled datasets at different rates. 
 
 These two techniques have been tested on the three 
industrial problems that have been discussed within this 
work. For each of them several configurations of the 
TANN and different error costs have been tested: a 
selection of the main results obtained is shown in Tables 
10, 11 and 12 for the problems of surface defect detection, 
visual data processing and clogging detection 
respectively. 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

DT, cost x1.5 10% 88% 44% 12% 

DT, cost x2.5 10% 87% 39% 13% 

DT, cost x1.5 20% 76% 50% 24% 

TANN 10h 10% 78% 61% 22% 

 
TABLE 10. Selection of the result obtained by the hybrid approaches on 
the surface defect detection problem. For the TANN-based approach, in 

the column “method” the number of neurons in the hidden layer is 
reported, while for the Decision Tree-based method the cost of missed 

detections is reported. 

 
 As depicted in Table 10, the selected combinations of 
internal and external methods led to fruitful results, by 
overcoming the purely internal or external techniques. For 
both the proposed approaches, the rate of detected 
unfrequent patterns grows up to 40%-60%, which 

represents a very satisfactory result for the industrial 
standard, by also considering the acceptable rate of false 
alarms that has been risen. In particular, the classifier that 
exploits decision trees with 1.5 missed detection cost and 
trained with the 10% minority class frequency dataset 
correctly classifies the 44% of defective products with a 
rate of false alarms equal to 12%. On the other hand, the 
TANN, although paying the price of 22% false alarms 
risen, is able to detect 61% of defective products and for 
this reason can be considered the best performing method 
according to the industrial criteria. 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

DT, cost x8 35% 77% 74% 16% 

DT, cost x4 50% 76% 75% 18% 

TANN 12h 35% 88% 71% 5% 

TANN 8h 75% 80% 74% 13% 

 
TABLE 11. Selection of the result obtained by the hybrid approaches on 

the visual data processing detection problem. For the TANN-based 
approach, in the column “method” the number of neurons in the hidden 
layer is reported, while for the Decision Tree-based method the cost of 

missed detections is reported. 

 
 Also in the case of visual data processing for defects 
detection (see Table 11) the combination of internal and 
external approaches is useful, as both decision trees and 
TANN based methods raised the classifying performance. 
In particular, decision trees with a cost of 4 for missed 
detection of defects and an undersampled dataset where 
rare patterns rate was fixed to 35% obtains a rate of 
defects detection equal to 75%. On the other hand, the 
TANN approach with an undersampled dataset with 
minority frequency equal to 35% leads to the 71% rate of 
defects detection, with a very low rate of false alarms; this 
latter aspect makes the TANN-based method preferable 
with respect to the Decision Tree-based one. 
 

Method  Minority 
freq. 

Corr. Unf. Det. FA 

DT, cost x3 10% 79% 77% 21% 

DT, cost x1.5 50% 81% 77% 18% 

TANN 5h 10% 82% 77% 17% 

TANN 3h 10% 89% 62% 11% 

 
TABLE 12. Selection of the result obtained by the hybrid approaches on 
the clogging detection  problem. For the TANN-based approach, in the 
column “method” the number of neurons in the hidden layer is reported, 
while for the Decision Tree-based method the cost of missed detections 

is reported. 

 
 Hybrid methods improved the classifier performance 
in the clogging detection problem as well. In this case 
decision trees and TANN obtained similar results, which 
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are very satisfactory from an industrial point of view. 
TANN with undersampled dataset and decision trees with 
unbalanced cost and undersampled dataset have been able 
to detect 77% of clogging occurrences with a rate of false 
alarms below 20%. The goodness of this approach is 
remarkable if compared to the results obtained through 
standard methods. 
 
 

V. CONCLUSIONS AND FUTURE WORKS 
 
 In this paper the problem of detection of rare patterns 
within a dataset has been dealt in the framework of three 
real world industrial applications.  
 The problems are mainly related to the identification 
of rare and significant situations whose detection is 
fundamental from the industrial point of view. 
 The problem has been faced firstly by using standard 
methods, then, once their inefficiency has been verified, 
by means of internal and external methods suitably 
designed to cope with unbalanced datasets and, finally, 
through a combination of these approaches. Within the 
internal approaches several ad-hoc methods such as 
RecBF, TANN and v-SOM have been testes and their 
performance have been assessed. On the other hand, the 
original datasets have been under and over resampled and 
used for the training of traditional classifiers. 
 The results obtained by internal and external methods 
are encouraging and lead to the development of new 
methods based on the fusion of both approaches in order 
to exploit the strong points of each of them.  
 The combination of internal and external methods 
leads to very satisfactory results from the industrial point 
of view, as the detection of as much defective products as 
possible is required also in spite of the generation of some 
false alarms whose effect, as discussed in the paper, is not 
particularly detrimental.  
 In the future, once more data become available, 
further tuning and tests will be carried out on the 
proposed method and, according to the obtained results, 
new algorithms expressly designed to deal with 
unbalanced dataset will be used coupled to undersampled 
datasets in order to improve the efficiency of the whole 
classification systems. 
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