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Abstract—Non-technical losses of electric energy are mainly
caused by electricity theft, causing damage to power utilities,
reducing profits, increasing the energy costs to other consumers,
and more. The methods of machine learning have been ap-
plied to detect electricity consumption anomalies. However, the
characteristic of unbalanced classes in this kind of data opens
a possibility to explore unbalanced data handling techniques,
that are not explored in most of the literature studies. In this
paper, the authors conduce a comparative study between several
strategies to balance data sets and applied several machine
learning techniques in order to select which machine learning
+ data handling techniques obtain the better results for the
simulations related to the electricity theft detection problem. In
this paper, the authors utilized the machine learning methods
Logistic Regression (LR), Random Forest (RF), Support Vector
Machine (SVM), and Artificial Neural Network (ANN), and the
strategies for data balancing Cost-Sensitive Learning (Weight-
ing), Random Undersampling (RUS), Random Oversampling
(ROS), K-medoids based undersampling (K-medoids), Synthetic
Minority Oversampling Technique (SMOTE) and Cluster-based
Oversampling (CBOS). The metrics utilized for the comparison
were Area Under ROC Curve (AUC) and F1-score, more suitable
for this kind of problem. The results show some combinations can
reach significantly better values than others, comparing both the
balancing techniques for a same machine learning method itself
as well as comparing these combinations between themselves.

Index Terms—Classification problem; Electricity theft; Unbal-
anced data; Machine Learning.

I. INTRODUCTION

Electricity losses occur in generation, transmission, and
distribution components of the power systems. One possible
definition for electricity losses is the difference between the in-
jected energy and the measured energy delivered to consumers
[1].

Electricity losses can be classified in technical and non-
technical losses (NTLs). Technical losses are related to phys-
ical properties inherent to electrical systems components and
their physical properties, as Joule effect [1], [2]. Electricity
theft is the main cause of NTLs. This theft can be caused
by bypassing or hacking the electricity meter, tampering the
meter reading, and more [3].

As mentioned in a study from 2015 conducted by Northeast
Group, NTLs costs US$ 89.3 billion per year to the World,
where India losses US$ 16.2 billion, Brazil losses US$ 10.5
billion, and Russia US$ 5.1 billion [4]. NTLs can cause
damage in power utilities, reduce profits of power companies,
increase the energy costs to other consumers, reduce future in-
vestments in power utilities, compromise the public investment
in other areas, and more [5]. In order to address this problem,
studies to detect electricity theft have been performed using
several techniques like statistics and machine learning models.
Classification methods have been very used, for example to
reduce the costs of on-site inspections [1].

However, data sets containing electricity theft class are
generally unbalanced, because most of the data are composed
by normal consumers, where the anomalous (thieves) are
a very small part of the data set [6]. The problem with
unbalanced data set is known in the literature: if the classes are
very unbalanced, the machine learning method will learn how
to classify the most common classes, while the less common
will not be learned [7]. The method, in fact, will just guess the
less common classes. Additionally, as these classes are small,
they will not be detected in the accuracy metric because most
of the classification will be performed in the most common
classes [7]. Therefore, the machine learning method will be
unusable for the aimed problem.

In order to illustrate this point, let’s get an example of
credit card fraudulent transactions [7]. Suppose in the whole
data set only 1% is composed by fraudulent transactions data.
If all transactions were classified as legitimate, the classifier
achieved 99% of accuracy but none of fraudulent transactions
were correctly recognized. Situations like the described here
can occur to any classification problem where the data set is
unbalanced.

There are some more sophisticated metrics to measure the
machine learning performance suitable for this kind of data
set, like Area Under ROC Curve (AUC) and F1-score [7].
Some studies, like [8]–[15], use these metrics for this kind of
problems.

In addition, in order to handle the unbalanced class problem,
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there are some techniques in the literature aimed to equalize
or reduce the difference between the size of the classes in the
data sets. Some of them are the Cost-Sensitive Learning [16],
Random Undersampling (RUS) [8], Random Oversampling
(ROS) [8], K-medoids based undersampling [17], Synthetic
Minority Oversampling Technique (SMOTE) [18] and Cluster-
based Oversampling (CBOS) [19].

This paper conduces a comparative study between sev-
eral machine learning techniques and unbalanced data sets
handling approaches applied to the electricity theft detection
problem. The objective is to verify how these approaches
can improve the results obtained by several machine learning
techniques to the problem using more suitable metrics for this
kind of problem, like AUC and F1-score. In addition, the paper
suggests both better balancing approaches for a same machine
learning technique, and the combinations of machine learning
technique and unbalanced data sets approaches such the results
are better than other combinations.

The paper is divided into the following sections. Section II
describes briefly some papers about how to handle unbalanced
data in several applications, including NTL detection. Section
III discusses the techniques to handle unbalanced data used
in this paper. The Section IV details the proposed study with
classifiers and the techniques to handle unbalanced data. The
results are presented and analysed in Section V. Lastly, Section
VI presents the conclusions and future works.

II. RELATED WORK

Several techniques to handle unbalanced data like Cost-
Sensitive Learning [16], RUS [8], ROS [8], CBOS [19], and
SMOTE (Synthetic Minority Oversampling Technique) [18]
are discussed in [20]. K-medoids based undersampling is other
technique described in [17]. The sampling techniques are RUS,
ROS, CBOS, SMOTE and k-medoids based undersampling.

[8] uses several machine learning methods for classi-
fication with RUS, ROS, SMOTE and CBOS in different
kinds of applications as software engineering measurements,
mammography, and other data sets from UCI Machine Learn-
ing Repository (glass, german-credit, solar-flare and more).
There is not a sampling technique that surpasses all others
in relation to all classifiers and the “intelligent” techniques
do not present a satisfactory performance. To evaluate the
performance were used AUC, Kolmogorov-Smirnov statistic
[21], geometric mean [22], F1-score, and True Positive Rate
(TPR).

In [17] the classifiers RF and SVM were implemented
using no balance, RUS, ROS, SMOTE and k-medoids based
undersampling. That paper describes an application with an
unbalanced dataset of neuro images for Alzheimer’s Disease.
The results show k-medoids based undersampling achieving
the best AUC results in most of the test cases.

The papers [9]–[15], [23] describes machine learning meth-
ods applied to detect NTLs or electricity theft. Considering
unbalanced data handling techniques in these papers, besides
using of class weights, sampling techniques were used in [10]–
[14].

In [9] a lot of classifiers were compared to each other
for NTL detection problem, but without any application of
an unbalanced data handling technique. The classifiers com-
pared were Logistic Regression (LR), Random Forest (RF),
Support Vector Machine (SVM), Artificial Neural Network
(ANN), Naive Bayes, Linear Discriminant Analysis, Quadratic
Discriminant Analysis, Stochastic Gradient Descent, Deci-
sion Tree, K-Nearest Neighbors (KNN), Adaboost, CatBoost,
LightGBM, and XGBoost. Except by LR, all other clas-
sifiers achieved precision, TPR and F1-score greater than
0.9. However, other features besides historical consumption
are considered, like ‘month-billing’ (month of billing), and
‘BilledAmount’ (amount billed in current month).

In [16] one type of cost-sensitive learning is weighting
and the idea is the minority class has a weight greater than
majority class. A cost-sensitive approach using class weights
(weighting) for the problem of NTL detection is suggested in
[9] but it is not utilized in that paper.

In [10] SVM and ANN with a combination of ROS and
RUS were applied to NTL detection, where different levels of
oversampling were tested. Linear SVM did not perform well in
comparison to Non-Linear SVM and ANN. The metrics used
to evaluate were TPR, precision, F1-score, True Negative Rate
(TNR), Fβ-score, AUC and Matthews Correlation Coefficient
(MCC).

In [11] to detect NTLs, AdaBoost was combined with RUS
to become RUSBoost. Maximal Overlap Discrete Wavelet-
Packet Transform (MODWPT) was used to extract features
in the preprocessing stage. RUSBoost with MODWPT out-
performs other machine learning frameworks (Linear SVM,
Non-Linear SVM and ANN) in almost all metrics such as the
same of [10] except by F1-score.

[12] uses the techniques LR, SVM, RF and KNN to
detect NTLs. The dataset was undersampled to generate dif-
ferent NTL proportions. The models used time series for all
the features (time series, neighborhood features and selected
master data). The models were evaluated using AUC. In the
first analysis, the training and testing used the same NTL
proportions varying in an interval. The best proportions found
in the first analysis were used in the second analysis to train,
and these were tested in all NTL proportions. For the first
analysis LR, SVM and KNN achieved the best results for a
balanced dataset of 50%, RF achieved the best results for 60%
using only time series and 40% using all features. For the
second analysis, KNN only achieved the best result in one
proportion, despite of the RF achieved the maximum AUC.

In [13] is considered the maximization of economic return in
the detection of NTLs. There are two datasets, one containing
synthetics frauds, the other a real fraud data with 6% of
fraudulent costumers and with other features besides historical
energy consumption. The second dataset was oversampled
and the techniques SVM, RF and ANN were applied. RF
presented the maximum economic return for the metrics F1-
score, precision, and TPR.

In [14] in an application for the detection of NTLs, the
majority class of honest customers are undersampled in two



Fig. 1: Unbalanced data.

ways: first based in bad inspections and second randomly. The
best machine learning technique applied without undersam-
pling in comparison with SVM, LR and KNN was XGBoost.
The metrics used for evaluation are AUC and precision-recall
curve, recall is the same of TPR.

[23] uses the same dataset of [15] and they applied
the classifiers CNN, Simple DNN (it will be referred as
ANN because it has only four layers), SVM, RF and LR to
detect electricity theft. In paper [23], the accuracy presented
good values (> 91%), however, other metrics like TPR, that
represents detection rate of anomalies, and AUC were not
presented. CNN achieved the highest accuracy in [15], [23],
but they did not apply techniques to handle unbalanced data
with the classifiers ANN, SVM, RF and LR.

According to the literature review performed, there is not a
paper applied to NTL detection comparing machine learning
classifiers combining the following unbalanced data handling
techniques: Cost-Sensitive Learning, RUS, ROS, K-medoids,
SMOTE, and CBOS. The contribution of this paper is to
implement and evaluate some common machine learning clas-
sifiers without and with these balancing data set techniques and
analysing them with metrics more suitable for the problems
whose data set is unbalanced.

III. TECHNIQUES TO HANDLE UNBALANCED DATA

In this paper the following unbalanced data handling tech-
niques were used to perform the comparison analysis: Cost-
Sensitive Learning, RUS, ROS, K-medoids, SMOTE, and
CBOS.

The respective techniques will be presented in following
subsections. Figure 1 shows an unbalanced data used as a
base for Figure 2, the elements of class 0 are represented with
a filled circle and the elements of class 1 are represented with
an ‘x’.

A. Cost-Sensitive Learning (Weighting)

Class weights (‘weighting’) is a kind of cost-sensitive
approach to handle unbalanced data sets. The weights are
defined inversely proportional to the frequency of the classes

[16]. This way, the class with less elements will have a high
weight, balancing the classes of the data set. This approach
has the same effect of sampling but the difference is that the
number of samples do not increase or decrease [16]. In general
the classifiers have support to the class weights, for example in
an ANN the loss function is adapted to deal with class weights.
Figure 2 - (a) shows the hyperplanes to separate classes for a
SVM with class weights (dashed line) and without (solid line)
in the unbalanced dataset presented in Figure 1. In Figure 2
- (a) SVM without class weights fails to classify elements of
the class 1 different from SVM with class weights.

B. Random undersampling (RUS)

In RUS [8] majority training samples are randomly removed
from the data set. This approach will put the same number of
samples for all the classes. A disadvantage of this approach
is the possible lose of important information because of the
removed samples [17]. Figure 2 - (b) shows an application of
RUS in the dataset presented in Figure 1.

C. Random oversampling (ROS)

In ROS [8] minority training samples are randomly selected
to be replicated. After the application of this technique, the
quantity of the minority elements will be equal or almost equal
to the majority elements. However, ROS can cause overfitting
due to the repetition of several elements in the training dataset
[17]. Figure 2 - (c) shows an application of ROS in the dataset
presented in Figure 1, some points are duplicated, because of
this they are overlapping each other.

D. K-medoids based undersampling

The majority class elements are clustered with k-medoids,
where the number of clusters is equal to the number of mi-
nority training examples [17]. The training phase is performed
using the medoids (centers of the clusters) and the minority
class, because for this case they are balanced. Clustering
makes it possible to extract general features related to elements
of the majority class in a less amount of them. From this point
of the paper, k-medoids based undersampling will be referred
as just ‘k-medoids’. Figure 2 - (d) shows an application of
k-medoids in the dataset presented in Figure 1.

E. Synthetic Minority Oversampling Technique (SMOTE)

Proposed by [18], artificial minority samples are generated
from the interpolation using the ‘feature space’ of existing
minority samples and their k nearest neighbors. This proce-
dure increases the number of minority samples to reach the
number of majority samples, consequently the classes now
have the same number of elements. Different from ROS,
SMOTE reduces the number of duplicated instances by using
interpolation. Figure 2 - (e) shows an application of SMOTE
in the dataset presented in Figure 1. New instances were
created interpolating each minority sample with its 2 nearest
neighbors, one neighbor at a time. According to SMOTE,
random values were used to create different synthetic samples
for the same pair of a sample and its neighbor.



(a) An example of weighting. (b) An example of RUS.

(c) An example of ROS. (d) An example of k-medoids.

(e) An example of SMOTE. (f) An example of CBOS.

Fig. 2: Unbalanced data handling techniques.

F. Cluster-based oversampling (CBOS)

Proposed by [19], each class is clustered separately by k-
means to determine the best number of clusters. After that,
random oversampling starts. In the majority class, all clusters
except the largest one are randomly oversampled to contain
the same numbers of elements of the largest one.

Let maxclasssize be the total number of largest class
elements. Each cluster in the minority class is randomly
oversampled until the size of each cluster is equal to
maxclasssize/Nsmallclass, where Nsmallclass is the
number of subclusters in the small class [19]. Finally majority
class and minority class have the number of elements equal
to maxclasssize.

CBOS takes into account between-class imbalance (imbal-
ance between two different classes) and within-class imbal-
ance (imbalance inside the subcluster of each class) [19].
Figure 2 - (f) shows an application of CBOS in the dataset
presented in Figure 1, CBOS makes use of random oversam-
pling, some points are duplicated and they overlapping each
other.

TABLE I: Number of elements for unbalanced data handling
techniques

Technique Number of elements
Raw data (no balance) class 0 = 30, class 1 = 3
Weighting class 0 = 30, class 1 = 3
RUS class 0 = 3, class 1 = 3
ROS class 0 = 30, class 1 = 30
k-medoids class 0 = 3, class 1 = 3
SMOTE class 0 = 30, class 1 = 30
CBOS class 0 = 36, class 1 = 36

Table I shows the number of elements in each class for
raw data in Figure 1 and for the unbalanced data handling
techniques showed in Figure 2. The unbalanced ratio of ‘class
0’ : ‘class 1’ is 10 : 1.

IV. PROPOSED WORK

This section describes the main characteristics and the steps
of the study performed.

A. Data set description

The data set was available by State Grid Corporation of
China (SGCC) [15] and contains electricity consumption data
from 42372 consumers, where 38757 (91.47%) are normal
consumers and 3615 (8.53%) are electricity thieves. The time
interval for the data collection starts in 01/01/2014 and ending
in 10/31/2016 (1035 days). One more day was added in order
to reach 148 weeks (1036/7 = 148).

The samples were chosen randomly to compose training and
validation sets, where 80% was used for training and 20% for
validation. Each classifier with each unbalanced data handling
technique was executed 10 times in order to obtain the results.

B. Preprocessing

Missing values, occurring when an instance does not present
a value for an attribute [24], were filled according to the
interpolation equation developed in [23] and presented in
Equation (1). For that equation, xi is the value of electricity
consumption in a day, NaN means ‘Not a Number’ to
represent missing values. The dataset contains approximately
25% of missing values referent to the values of electricity
consumption, and all of them were added.

f(xi) =

⎧⎨
⎩

0, xi ∈ NaN, i = 1;
xi−1, xi ∈ NaN, i > 1;
xi, xi /∈ NaN ;

(1)

C. Classifiers

The following classifiers were utilized in the paper in order
to compare the unbalanced data handling techniques in the
context of the problem aimed.

• Logistic Regression (LR): It is a basic model used for
binary classification. It is similar to a neural network with
only one layer and a sigmoid activation function [15],
[25].

• Random Forest (RF): It is an ensemble method composed
by decision trees. Random Forest can outperform a single



TABLE II: Algorithm arguments

Algorithm Arguments and Values
LR penalty: l2
RF max depth: 7
Linear SVC kernel: linear function
ANN 100 epochs

decision tree and avoids overfitting [24]. In a previous
study [26] it was used to identify power quality distur-
bances.

• Support Vector Machine (SVM): It uses the concept
that classes can be separated by a hyperplane, where
support vectors are used to find these hyperplanes [24].
Linear SVC (Support Vector Classifier) is a SVM for
classification with linear kernel, which is fast for large
data sets [27]. This SVM architecture was utilized in this
study.

• Artificial Neural Network (ANN): Also called multilayer
feed-forward neural network or multilayer perceptron, has
an architecture with one input layer, one or more hidden
layers, and one output layer [24]. Despite of [23], [25]
consider an ANN with two hidden layers a Deep Neural
Network (DNN), this paper will consider this architecture
an ANN, based on [28]. The ANN in this paper contains
one input layer, two hidden layers and one output layer.

The classifiers LR, RF, SVM, and ANN were used with
weighting, ROS, RUS, k-medoids, SMOTE and CBOS. The
classifiers used the same parameters utilized in [23], as pre-
sented in Table II. ANN is implemented in according to
[23] and the Table III shows the ANN architecture. The loss
function, the same utilized in [23], was categorical cross-
entropy with softmax as activation function in the last layer
- as the problem has two classes, this loss has the same effect
of binary cross-entropy [29]. In ANN the other layers use
rectified linear unit, the optimizer used was SGD and the batch
size was 128.

In SMOTE, the parameter k (number of neighbors) used for
testing were 2, 3, 5, 7, 10, 20, 30, 40, 50, 60, 70, and 100,
and the selected value was associated with the best value of
AUC.

CBOS technique was tested with the number of clusters for
normal and anomalous classes from 2 to 11, where the best
number of clusters for each class was determined by the elbow
method and the silhouette coefficient [24].

In weighting the classes have weights inversely proportional
to their frequencies. In RUS and ROS the normal and anoma-
lous classes have the same number of elements. In k-medoids
the number of clusters is equal to quantity of minority class
elements.

The programming language used was Python that allowed
use of libraries of machine learning algorithms, unbalanced
data handling techniques, and also algorithms related to the
database preprocessing. For the ANN implementation was

TABLE III: Model architecture

ANN
Input (1036)
layer1 (128)
layer2 (32)
layer3 (2)

Input

Output

Preprocessing

A technique to handle
unbalanced data

Classifier

Fig. 3: Steps of execution.

used Keras1 with Tensorflow2 as backend; Scikit-learn3 was
used to implement LR, RF, SVM, k-means in CBOS, and other
preprocessing and evaluation steps; for k-medoids implemen-
tation was used Pyclustering4. For RUS, ROS and SMOTE was
used Imbalanced-learn5. Numpy6 was used for preprocessing
tasks and to deal with arrays and matrices. Pandas7 was used
in the preprocessing being useful to deal with csv files. Figure
3 shows the program steps. The program ran on a Windows
10 with Intel Core I7 2.9 GHz CPU and 8 GB of RAM.

D. Evaluation metrics

The results were evaluated using accuracy, AUC (Area
Under ROC Curve), and F1-score.

Accuracy is the number of instances correctly classified
divided by the total of instances. It is calculated as presented
in equation (2), where, TP is True Positives, TN is True
Negatives, FN is False Negatives, and FP is False Positives
[24].

accuracy =
TP + TN

TP + TN + FN + FP
× 100% (2)

For the problem of electricity theft detection, the normal
consumers class in data set is much bigger than the theft
class - normal consumers correspond to 91.47% of the data set
utilized in this study. In this case, if the value of TN, related to
normal consumers, is very high, the value for accuracy itself

1https://keras.io/
2https://www.tensorflow.org/
3https://scikit-learn.org/
4https://pypi.org/project/pyclustering/
5https://imbalanced-learn.readthedocs.io/en/stable/index.html
6https://numpy.org/
7https://pandas.pydata.org/



will also be high, independent of the value for TP. For this
example, in terms of learning, the classifier does not care about
how to correctly classify the uncommon class because it does
not have any impact in accuracy metric. In the case, accuracy
is not the metric more suitable for this kind of problem.

There are metrics more suitable for classification problems
in unbalanced data sets, as AUC and F1-score.

AUC manages the trade-off between the rates of TP and FP.
For these metric, how higher is the TP rate and lower is the
FP rate, better is the performance of the classifier because it
is correctly classifying the classes of the problem.

The AUC can be visualized as the ROC (Receiver Operating
Characteristic) curve, that shows exactly the trade-off between
TP and FP rates. The area under ROC curve is represented by
AUC and its value varies between 0 and 1. If AUC is equal
to 1, the classifier is perfectly classifying the classes. In other
hands, if AUC is equal to 0.5, it indicates the classifier is
performing a random guessing [7].

Precision in (4) is the ratio of correctly classified the positive
class (TP) when compared to the total of positive classes (TP
+ FP). A high value for precision is related to low FP rate.

Recall in (3), also called sensitivity or True Positive Rate
(TPR), is the rate of correctly positive class classified (TP)
compared to all observations in the actual class (TP + FN).
This metric analysis, in the universe of the positive classes,
how many were correctly classified.

Recall =
TP

TP + FN
× 100% (3)

Precision =
TP

TP + FP
× 100% (4)

F1-score, also called F-measure, is presented in (5). This
metric is the weighted average of Precision and Recall [7]
and its values varies from 0 (the worst) to 1 (the best) [30].
F1-score is usually more useful than accuracy, especially if
the problem has unbalanced classes distribution. If the classes
are very unbalanced, it is better to look at both Precision and
Recall - and F1-score combine both in order to provide a more
suitable metric for this kind of data set [7].

F =
2× Precision×Recall

Precision+Recall
(5)

Next section shows the results using the metrics cited to
evaluate machine learning classifiers LR, RF, SVM and ANN
without and with unbalanced data handling techniques and it
discusses the results obtained.

V. RESULTS AND DISCUSSION

Each combination of machine learning method and unbal-
anced data handling technique was executed 10 times in order
to collect the results and perform the analysis. Tables IV to
VII shows the mean results of AUC, F1-score and accuracy
for each classifier.

The best results were highlighted in each table and metric
by using letters in bold style. For methods without balancing

TABLE IV: LR results.

Method AUC F1- Accuracy
score

LR + No balance 0.5624 0.2036 88.21%
LR + Weighting 0.6395 0.2284 61.14%
LR + RUS 0.6315 0.2208 58.81%
LR + ROS 0.6415 0.2302 61.7%
LR + K-medoids 0.61 0.2026 49.68%
LR + SMOTE 0.6501 0.2399 64.54%
LR + CBOS 0.6421 0.2303 61.44%

TABLE V: RF results.

Method AUC F1- Accuracy
score

RF + No balance 0.5229 0.009 91.63%
RF + Weighting 0.6652 0.3124 82.01%
RF + RUS 0.6759 0.2822 73.95%
RF + ROS 0.6771 0.3108 79.91%
RF + K-medoids 0.6777 0.2832 73.88%
RF + SMOTE 0.6617 0.2758 75.3%
RF + CBOS 0.6781 0.3116 79.91%

TABLE VI: SVM results.

Method AUC F1- Accuracy
score

SVM + No balance 0.5614 0.1842 85.52%
SVM + Weighting 0.5568 0.1676 82.03%
SVM + RUS 0.5931 0.2036 65.46%
SVM + ROS 0.5969 0.2056 63.91%
SVM + K-medoids 0.5943 0.2002 63.07%
SVM + SMOTE 0.6342 0.2281 62.39%
SVM + CBOS 0.5953 0.2124 76.37%

techniques, it is expected high values in accuracy. However,
for metrics more suited to data sets with unbalancing classes,
as AUC and F1-score, these executions have poor results - it
confirms the literature about the topic of unbalanced data sets
[7]. For instance, despite RF without balancing has 91.63% in
accuracy, this execution has only 0.52 in AUC - it implies the
method is performing a guessing in the task of classification.

In other hands, the AUC value for RF + CBOS is 0.67, 15%
better than the technique without data set balancing.

Table IV shows the results for LR. For this classifier,
SMOTE reach a better value in both AUC and F1-score.

Table V shows the results for RF. For this method, CBOS
reach a better value in AUC while Weighting reach a better
value in F1-score. However, F1-score has a close value for
both techniques (0.312 for Weighting and 0.311 for CBOS)
while AUC is a bit better in CBOS (0.678) than in Weighting
(0.665). So, for RF, CBOS is the best method for balancing
data set classes.

Table VI shows the results for SVM. Only SMOTE presents
an AUC value greater than 0.6. F1-score of Weighting was the
only with less than 0.2 value. For SVM technique, the results
present SMOTE as a better balancing method in both AUC
and F1-score.

Table VII shows the results for ANN. For this method,
SMOTE reach best values in both AUC (0.679) and F1-score



TABLE VII: ANN results.

Method AUC F1- Accuracy
score

ANN + No balance 0.5691 0.2201 91.46%
ANN + Weighting 0.6089 0.2516 49.42%
ANN + RUS 0.6575 0.2808 68.19%
ANN + ROS 0.6426 0.3103 79.51%
ANN + K-medoids 0.6465 0.2732 79.39%
ANN + SMOTE 0.6792 0.3169 80.36%
ANN + CBOS 0.6088 0.2707 68.72%

TABLE VIII: Best results.

Metrics Value Technique
Best AUC 0.6792 ANN + SMOTE
Best F1-score 0.3169 ANN + SMOTE

Fig. 4: ROC curves.

(0.316). Similar to LR and SVM, ANN + SMOTE achieved
results significantly better than the others unbalanced data
handling techniques.

Table VIII summarizes all results. In general the best AUC
is associated with the best F1-score. SMOTE achieved the best
AUC and F1-score in 3 of 4 classifiers (LR, SVM, and ANN).
Comparing all the classifiers methods utilized, ANN was the
best one in the main metrics utilized in this study, despite RF +
CBOS has reached a very close value (AUC: ANN + SMOTE
= 0.679, RF + CBOS = 0.678; F1-score: ANN + SMOTE =
0.316, RF + CBOS = 0.311).

Figure 4 shows the ROC curves for each classifier using the
best unbalanced data handling technique as measured by AUC
metric. As discussed previously and as presented in Tables
V and VII, the ROC curves of ANN with SMOTE and RF
with CBOS present a closer area. The dashed line represents
a random guessing and good curves must to be above it.

The Tables IX and X show the average computational time
for each method in all executions. In training and inference
time for each execution, SMOTE considers the time to find
the best number of neighbors. Only in training time, CBOS
take into account the time to find the best number of normal
clusters and anomalous clusters, while ANN the time for all
epochs. RUS is faster than no balance because the number of
instances is randomly removed and the number of instances is
less than when the data is unbalanced.

TABLE IX: Training time.

Technique LR RF SVM ANN
training training training training
time time time time

No balance 9.49s 6.83s 59.81s 11min 3.63s
Weighting 10.74s 6.19s 56.36s 14min 22.84s
RUS 2.18s 1.29s 9.55s 3min 29.35s
ROS 24.97s 13.99s 1min 59.02s 20min 6.65s
K-medoids 13min and 13min and 13min and 13min and

45.33s 8.20s 18.76s 18.69s
SMOTE 6min and 5min and 36min and 1h and

25.33s 4.44s 59.3s 7.56min
CBOS 15min and 14min and 28min and 1h and

24.56s 11.70s 39.93s 52.43 min

TABLE X: Inference time.

Technique LR RF SVM ANN
inference inference inference inference
time time time time

No balance 1.80s 1.33s 1.83s 6.60s
Weighting 1.77s 1.61s 1.55s 5.04s
RUS 1.88s 1.37s 1.49s 5.67s
ROS 2.02s 1.51s 1.56s 4.26s
K-medoids 1.50s 1.58s 1.53s 4.35s
SMOTE 17.07s 18.73s 18.80s 1min 13.98s
CBOS 4.05s 3.69s 7.53s 14.86s

VI. CONCLUSION

In this paper, a comparative analysis between several un-
balanced data handling techniques applied to several machine
learning methods was performed for the context of electricity
theft detection problem. The analysis conducted in the paper
is very important because the data set for this problem has
very unbalanced classes and, despite this characteristic, most
of papers related to this problem does not use balancing
techniques before the application of the classifier.

For the study, the balancing techniques compared were
Weighting, RUS, ROS, K-medoids, SMOTE, and CBOS. The
machine learning methods implemented were LR, RF, SVM,
and ANN.

The results obtained show ANN combined with SMOTE
reaches the best values for both AUC and F1-score, the
metrics more suitable to problems with unbalanced classes
than accuracy. However, RF combined to CBOS also reaches
good values in those metrics when compared to ANN +
SMOTE.

In short, the results obtained and discussed here can be used
to point interesting combinations of data handling techniques
and machine learning methods to be applied in the problem
of electricity theft detection, but the results can be better and
after an improvement this will become an interesting feature
to be deployed by power distribution companies in the context
of smart grids.

For future works, the authors would like to test different
approaches for balancing classes in data set as the recently
developed Generative Artificial Networks (GANs) and others,
and also test others machine learning methods like Convolu-
tional Neural Networks (CNNs). It is also in our planning



to test different values for parameters in machine learning
methods in order to improve the results obtained for AUC
and F1-score.
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Expósito, “Detection of Non-Technical Losses Using Smart Meter Data
and Supervised Learning,” IEEE Transactions on Smart Grid, vol. 10,
no. 3, pp. 2661–2670, 2019.

[15] Z. Zheng, Y. Yang, X. Niu, H. Dai, and Y. Zhou, “Wide and Deep
Convolutional Neural Networks for Electricity-Theft Detection to Secure
Smart Grids,” IEEE Transactions on Industrial Informatics, vol. 14,
no. 4, pp. 1606–1615, 2018.

[16] C. X Ling and V. Sheng, “Cost-Sensitive Learning and the Class
Imbalance Problem,” Encyclopedia of Machine Learning, 2010.

[17] R. Dubey, J. Zhou, Y. Wang, P. Thompson, and J. Ye, “Analysis of
sampling techniques for imbalanced data: An n = 648 ADNI study,”
NeuroImage, vol. 87, pp. 220—-241, 2014.

[18] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer,
“SMOTE: Synthetic Minority Over-sampling Technique,” Journal of
Artificial Intelligence Research, vol. 16, pp. 321–357, 2002.

[19] D. T. Jo and N. Japkowicz, “Class imbalances versus small disjuncts,”
SIGKDD Explorations, vol. 6, pp. 40–49, 2004.

[20] J. M. Johnson and T. M. Khoshgoftaar, “Survey on deep learning with
class imbalance,” Journal of Big Data, vol. 6, no. 1, p. 27, 2019.

[21] D. J. Hand, “Good practice in retail credit scorecard assessment,”
Journal of the Operational Research Society, vol. 56, no. 9, pp. 1109–
1117, 2005.

[22] M. Kubat, R. C. Holte, and S. Matwin, “Machine Learning for the
Detection of Oil Spills in Satellite Radar Images,” Machine Learning,
vol. 30, no. 2, pp. 195–215, 1998.

[23] D. Yao, M. Wen, X. Liang, Z. Fu, K. Zhang, and B. Yang, “Energy
Theft Detection with Energy Privacy Preservation in the Smart Grid,”
IEEE Internet of Things Journal (Early Access), pp. 1–1., 2019.

[24] J. Han, J. Pei, and M. Kamber, Data Mining: Concepts and Techniques,
3rd ed. Morgan Kaufmann Publishers Inc., 2012.

[25] S. Shalev-Shwartz and S. Ben-David, Understanding Machine Learning:
From Theory to Algorithms. Cambridge University Press, 2014.

[26] J. Diplock and D. Plecas, “The Increasing Problem of Electrical Con-
sumption In Indoor Marihuana Grow Operations in British ColumbIa,”
08 2019.

[27] R.-E. Fan, K.-W. Chang, C.-J. Hsieh, X.-R. Wang, and C.-J. Lin,
“LIBLINEAR: A Library for Large Linear Classification,” Journal of
Machine Learning Research, vol. 9, pp. 1871–1874, 2008.

[28] G. Cybenko, Continuous valued neural networks with two hidden layers
are sufficient. Department of Computer Science, Tufts University, 1988,
Technical Report.

[29] J. Patterson and A. Gibson, Deep Learning: A Practitioner’s Approach,
1st ed. O’Reilly Media, Inc., 2017.

[30] S. Bhattacharyya, S. Bhattacharyya, H. Bhaumik, S. De, and G. Klepac,
Intelligent Analysis of Multimedia Information, 1st ed. IGI Global,
2016.



<<
  /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 /Error
  /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 true
  /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
    /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
    /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
    /DoulosSIL
    /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
    /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
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-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
    /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
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /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
    /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
    /SILDoulosIPA
    /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
    /SymbolTiger
    /SymbolTigerExpert
    /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
    /Tiger
    /TigerExpert
    /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 150
  /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 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /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 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /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 <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




