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Abstract—Statistical Techniques and Artificial Intelligence 
are becoming much more a necessity in a fastened world rather 
than just a theoretical use case. In order to satisfy this need, the 
optimization process starts with data collecting and cleaning. 
The aim of this paper is to provide a short overview of the outlier 
detection methods and to explain the need for data cleaning in 
the field of energy consumption by analyzing the energetic 
profile data from the Technical University of Cluj-Napoca’s 
swimming complex. In the first and second parts of the article, 
a short overview of cleaning methods are presented. The third 
part compares the efficiency of the proposed methods. Finally, 
but not least the fourth part of the article is dedicated to 
conclusions and future work. 
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I. INTRODUCTION  

     Before developing high-end hardware and software 
machines, data analysis was often just an exercise of applied 
theoretical algorithms on various dummy data sets for 
validating an isolated perspective. Nowadays, the theory 
stands, yet the dummy data has been replaced by real-time 
data that needs to prove its efficiency in future analysis. In 
the process of getting the real-time data cleaning has become 
an impetuous step in order to avoid a “Garbage In, Garbage 
Out” scenario. Having data gaps, outliers, missing values or 
outranged values can be a consequence of data entry, 
measurement, distillation, or data integration errors [1, 2]. 
With the help of the newly rapid development of cloud 
computing technologies [3], storage has become a wildly 
used application that facilitates most of the companies to 
collect and to store large packs of data. With a large volume 
of data, the probability of error occurrence is increased, and 
dirty data can lead to wrong decisions, and questionable 
analysis which makes data quality to be a major concern. 
Other types of common errors are typos, mixed formats, 
replicated entries and violations of business rules which 
analysts need to take into consideration as the key point when 
exploring the research side of the databases [4, 5]. In the 
process of forecasting the Technical University of Cluj-
Napoca’s swimming complex energetic profile we 
encountered gaps and abnormal values in the data sets given 

by our data feed provider. Because the given issue we decided 
that an outlier detection analysis will be requested and 
implemented before doing any forecast. The contribution of 
this paper is to identify efficient outlier techniques over an 
energy data set through an inside built intelligent scoring 
algorithm. 

II. OUTLIER DETECTION TECHNIQUES 

     From the vast literature focused on outlier detection some 
definitions could be summarized; as a general one by Barnett 
and Lewis where they define an outlier as an observation or a 
set of observations which appear to be inconsistent with that 
set of data [6] or in short lines “Outliers do not equal errors. 
They should be detected, but not necessarily removed. Their  
inclusion in the analysis is a statistical decision” [7]. From a 
more consistent understanding of data we should take into 
consideration that outliers are indeed not necessarily to be 
removed or replaced in some cases, they can be a consistent 
observation in the long term, as a response for this, many 
different outlier detection methods were developed in the 
literature. [8, 9]. A detailed overview of methods used in 
outlier detection was presented in and distributed as: 
probabilistic models with parametric and nonparametric 
approaches, statistical models, and Machine Learning 
algorithms with clustering-based and classification-based 
techniques [10]. 
 

A. Probabilistic models 

Probability distribution functions were proposed to detect 
outliers as datapoints which have the highest probability to be 
outside the given threshold. In the two types of probabilistic 
approaches; parametric in which the data is analyzed with a 
predefine known distribution function and the nonparametric 
where the data is estimated based on a density or distance 
function , deviations are consider anomalies because they are 
not behaving like the majority of the tested population (data 
points) [11,12]. Gaussian distribution functions and median 
absolute deviation are usually applied in parametric 
probabilistic outlier detection methods [11]. Because most of 
the distributions are univariate and the primary distributions 
of the observation need to be known in advanced, 
probabilistic parametric models are failing to deliver when 
the data is not known [13].  



    The method of detecting outliers using the median, 
although similar to the mean, is very insensitive to the 
presence of outliers by calculating the central tendency. The 
median method together with Median Absolute Deviation 
(MAD) represents also the statistical dispersion of a data set, 
being much more robust than the mean and standard 
deviation methods. To determine the insensitivity of the 
median method, one of the indicators used is the “breakdown 
point” (see, e.g., Donoho & Huber, 1983) [14]. This indicator 
represents the maximum number of contaminated data that 
can be in a dataset, without affecting the final result. For 
example, as a comparison, if a record in a data set is of infinite 
value, the method of the mean gives an infinite result, while 
the method of the median has an unchanged result. The only 
problem for the median method arises only when more than 
half of the values are of infinite values [15, 16]. 
 
     Box-and-whiskers plots Fig.1 could be used for outlier 
detection as a numeric and graphical approach for tedious 
large sets of data and require human analysts in order to get 
accurate results. 

 
Fig. 1. Box-and-whiskers plot  

     The output can generally cut through a high density of 
outliers based on the studied time horizon still it’s a good 
graphic indicator if it is tested for different time stamps. To 
have better accuracy in the process of data outlier detection 
automated techniques have been developed in the literature 
[9, 36]. 
    The non-parametric methods are giving a more widely 
view being tested on multidimensional datasets [17,18] and 
can be combined with various clustering techniques as k-
nearest neighbor [19], density based  approaches (takes only 
global view of data sets) using kernel estimation and Parzen 
window [20-22] yet they are usually computationally 
expensive. Apart from the most common nonparametric methods: 
ranking or scoring data, based on differences and similarities 
[23]; Gaussian mixture models [24]; and probabilistic 
ensemble models using the density based local outlier factor 
(LOF) with distance based as k-nearest neighbor, are used 
[25].LOF itself is a calculation method that looks how close 
a certain point is to other points in its vicinity, in order to 
obtain the local data neighborhood density. This density is 
then compared to the density of the other points later on. This 
whole procedure is determined by a number k. This parameter 
dictates if the outlier detection will have a more local focus, 
in which case we use a smaller k, which is more erroneous 
the more noise is in the data. A large k however can miss local 
outliers.  In this paper we treat multiple cases of k values to 
determine a suitable one for our dataset. In the context of data 
cleaning for electrical energy consumption this algorithm 
offers an interesting opportunity beyond merely identifying 

problematic, faulty or abnormal consumption readings as 
LOF does not treat the property of being an outlier a binary 
property. Thus, the result could not only be used to identify 
but also used to determine an adjustment factor [26].  

B. Statistic approuaches 

     Residual analysis can be a good indicator for outlier 
detection when using statistical methods like auto regressive 
moving averages [27-30] even if it is hard to detect the 
polynomial function for the real time series data [31, 32]. 
Linear regression models were proposed in [33] where the 
dependent variables are the electric load consumption and the 
independent variables are the weather input. Because most of 
the times the parameters are calculated based on historical 
data, in general the statistical algorithms from the literature 
were developed only for offline anomaly detection, even if 
some of them were described as heavy online anomaly 
detection methods used in wireless networks [34, 35]. 

C. Machine learning algorithms 

     On the more advanced artificial intelligence perspective 
machine learning with supervised (classification based) and 
unsupervised learning (clustering based) were used to detect 
outliers in fraud, health care, image processing and networks 
intrusions [36-38]. In the clustering approaches each data 
point is assigned with a degree of belonging to each data 
cluster. The anomalies are detected by comparisons to the 
given clusters threshold and understanding the associateship 
of the tested data. A good example of a clustering method is 
the k-means algorithm where selecting the top n points that 
are situated on a biggest distance from the nearest cluster as 
outliers [39]. 
    The most feasible Machine Learning techniques for 
anomaly detection in an unsupervised environment are the 
clustering-based approaches represented by models like k-
means [MacQueen] [40] or DBSCAN [Ester] [41]. DBSCAN 
(Density-based spatial clustering of applications with noise) 
was proposed in 1996 and proved excellent results in 
extracting the density information from data. DBSCAN 
presents some advantages over k-nearest neighbors’ 
algorithm such as automatically adjusting the number of 
clusters to be computed and the ability to isolate the outliers 
in individual clusters.  
DBSCAN classifies the data points in three groups: core 
points, border points, and outlier points. This model divides 
the samples into different classes based on the proximity of 
the samples and by considering the two input parameters: the 
ε (eps) parameter that represents the maximum distance 
between two samples and the minimum points  that represents 
the number of samples in a neighborhood for a point to be 
considered as a core point. A sample is considered a border 
point if it is not a core point or an outlier point but it is a part 
of the cluster. As follows, the outlier points are the remaining 
points [40,41]. 
     In the AI literature we can also find Machine learning 
classification-based approaches like neural networks and 
support vector machines to mimic classifiers that are for 
anomaly detection. Neural networks were used in various 
domains [42-44] with the advantage of clearly differentiating 
between different outliers’ classes even if they need a 
rigorous definition for the cost function. In case of support 
vector machines, the algorithm is looking for the optimum 



hyperplane that split two adjacent data classes [44] and finds 
the maximum margin necessary to separate them. 
Hybrid methods were also proposed for finding outlier 
detection like Bayesian classifier which combine 
probabilistic and machine learning algorithms where Bayes” 
theorem is applied between the features and the given classes 
[45]. 

III. APPLIED OUTLIERS DETECTION TECHNIQUES 

A. Proposed outlier detection techniques 

 
     In the process of finalizing DR-BoB “Demand Response 
in Blocks of Buildings” project funded by the EU Horizon 
2020 innovation program under grant agreement No. 
696114/2016  [46,47] data was collected from Technical 
University of Cluj-Napoca’s (TUCN) buildings in order to 
develop an energy monitoring tool and targeting system with 
a Demand Response curve control strategy. In the process of 
gathering the electrical consumption data from the swimming 
complex of the Technical University of Cluj-Napoca, there 
were detected inconsistent data (see Fig. 2). “You can 
observe a lot by just watching”-Yogi Berra: 
 

 
 
Fig. 2. Energy consumption of the Swimming Complex of the Technical 
University of Cluj-Napoca 

     In order to confirm our descriptive observations, we 
proposed the LOF method to understand at more than a binary 
level the distribution of the data. To avoid seasonality 
scenarios, the data was distributed for each year to be tested. 
In our analysis we used the value of k equal with 2,3,4,5,25,50 
and we determine that the most suitable values for our 
scenario was 25 even if in the literature the most used 
parameters are usually 2 and 3 [26]. The reason for selecting 
a higher positive integer k was determined by the fact that we 
wanted to see the anomalous data from a more global 
perspective. It has been observed that on average 20% of our 
data is outlier. We consider that a point has a higher 
probability to be an outlier if it was selected by all the k values 
scenarios. After the first round of analysis there has been 
observed that from all outliers’ techniques anomalous data 
was detected for more than one month in 2017.The 
interquartile range method and median were also applied on 
the same data set and a similar outlier detection was observed, 
on average more than 20% of our data was an outlier.  Before 
adding the final results from detection algorithms, the data 
feeds were rechecked and the administration of the building 
was questioned in order to understand if a potential event 

could have been occurred in the tested period. During our 
investigation we determined that the anomaly from the data 
was determined by a mistaken collecting feed issue. 
 

 
 

Fig. 3. Adjusted energy consumption of the Swimming Complex of the 
Technical University of Cluj-Napoca 

     After checking and adjusting the data feed (see Fig. 3 the 
correct data feed), Interquartile range IQR and Median 
methods were recompiled to identify the real anomalous data. 
The testing was conducted over each year from the beginning 
of 2014 and also for the whole data set. It was observed that 
on average 552 data points from a total of 51120 were 
detected to be outliers, which lead to a percentage of 0.9% of 
the analyzed data (see Table 1):   

TABLE I.  THE NUMBER OF OUTLIERS DETECTED USING IQR AND 
MEDIAN METHODS 

Outliers 
IQR/Year 

      

2014 2015 2016 2017 2018 2019 Total 
140 149 74 92 123 103 681 

Outliers 
Median/Year 

      

2014 2015 2016 2017 2018 2019 Total 

103 65 49 63 105 38 423 

 
     The LOF method was recompiled after the data adjusting 
process and it has been observed that on average 2576 outliers 
were detected Table 2. It can be observed that there is still a 
large gap difference of 2024 detected outliers between the 
interquartile range IQR/Median methods and the LOF 
method which conducted into a different type of analysis. 

TABLE II.  THE NUMBER OF OUTLIERS DETECTED USING LOF 

Potential 
LOF 2014 2015 2016 2017 2018 2019 

 
Total 

k=2 561 538 578 596 703 541 3517 

k=3 227 219 268 276 366 278 1634 

k=25 10 10 2 6 11 4 43 

 
 
     To understand our data more, we also chose a clustering-
based method, DBSCAN to find the anomalous data. As entry 
parameters 0.5 for epsilon (ε) as a default value and various 
minim number of points were used: 5, 10, 20 and 50 
respectively. It was observed that the most relevant outliers 
were detected using 5 minim points. In order to cover more 
outliers, the process was conducted on different data variation 



which included tuples based on registered consumption value 
and hour or registration day and consumption value. 
 

 
Fig. 4. Estimated number of clusters by value and hour. 

     The results showcased an estimated number of 843 
clusters with a silhouette score of 0.97 for consumption value 
and hour which detected 614 outliers (see Fig. 4). The same 
exercise was done for the consumption values and weekdays 
and the output showcased 359 clusters with a silhouette score 
of 0.98 and 285 outliers. 
 
 

 
 

Fig. 5. Estimated number of clusters by value, hour and weekday. 

     Having a multi parameter approaches, a testing was 
conducted in outlier detection using consumption values with 
days of week and hours together, Fig. 5. The estimated 
number of clusters being equal with 66 having a silhouette 
score of 0.99 and a number of 123 outliers. It is important to 
specify that a higher silhouette scores indicate a high 
accuracy which qualifies the current testing as a relevant 
result. 

B. Intelligent Scoring Method 

After the first iteration we considered that the most 
relevant outliers are those who have the highest probability to 
occur in most of the tested scenarios. In order to create an 
automated system for anomalous data detection we decided 
to use an incidence factor for the values which are not in the 
pattern of the majority of data, in our case, for the tested data 
and methods we have the total number of common outliers 
equal to 123.  

In order to avoid counting as outliers the natural energy 
peaks, an intelligent scoring method has been implemented. 
The method was designed to take the outputs from any outlier 
detection technique and to compare them with the average 
energy consumption over four different data clusters for the 
same time interval (hour) and similar working or weekend 

days. The first cluster contains data for days from the same 
year and the same 2-month period as the investigate outlier 
data point. The second cluster contains energy consumption 
data from the same year and the same season (winter or 
summer). The third and fourth clusters contain data from the 
entire historical data set for the same 2-month period and for 
the same season respectively. The aim of the exercise is to 
validate the outlier data points through a scoring process if 
they are unusual consumption and/or damaged data values. 
The score over each data cluster is distributed from 0 to 5: 0 
meaning that the outlier detection output data point is a usual 
energy consumption data (an invalid outlier) while 5 means 
the outlier consumption data is much higher/smaller than 
90% of the cluster data points. A final scaled score was 
evaluated from the individual score over each analyzed data 
cluster. 

C. Final Results and Resolutions 

Because the last iteration was not enough to cover all the 
outliers and to help us understand which should be the best 
method or combination of methods for errors detection, we 
decided to filter the initial results through the proposed 
intelligent scoring method. Having a small amount of data, 
we combined IQR and Median methods results into a single 
data base for the computation. It has been observed that from 
a common ground of 413 outliers only 322 were validated 
trough the system. The same process was conducted over the 
combined data of DBSCAN results and 95.2% of the 
observation were validated as real outliers. Because the LOF 
method had a larger number of detected issues we decided to 
run the K2 and K3 databases independently. For both of the 
LOF computations the results were lacking accuracy having 
only 755 valid outliers out of 3512 detected for K2 and only 
292 outliers out of 1628 for K3 Table 3. 

TABLE III.  SCORED OUTLIER ACCURACY 

Applied 
Method 

Total Outliers 
Valid Invalid 

Data 
Points 

[%] 
Data 

Points 
[%] 

IQR/Median 413 322 78 91 22 

DBSCAN 728 693 95.2 35 4.8 

LOF K2 3512 755 21.5 2757 78.5 

LOF K3 1628 292 17.9 1336 82.1 

 

TABLE IV.  UNIQUE AND COMMON OUTLIERS 

Method Unique Overlap Common Outliers 

IQR/Median 72 4 Methods 23 

DB SCAN 393 3 Methods 63 

LOF K2 458 2 Methods 416 

LOF K3 43 Total 1468 

 
     After the scoring process the valid output was analyzed in 
one databased. It has been observed that from all the methods 
we have a total of 1468 unique valid outliers. Some of the 
methods validated the same data point as an anomaly: 23 
common data points were detected by all the methods, 63 by 
three of them and 416 by any two methods that had a common 



value Table 4. Having this common result between the 
methods we can be sure that there is a certain number of 502 
anomalous data points in the data set. 

IV. CONCLUSION 

     This paper presented various applied outlier detection 
methods for determining the sanity of the data collected from 
Technical University of Cluj-Napoca’s swimming complex 
and to prepare it for a future forecast exercise. During the 
analysis we managed to understand the need for an intelligent 
scoring method as the presented outlier detection methods 
were unable to differentiate between the natural energy peaks 
and anomalous data. The exercise is enforcing the idea that 
the outlier methods are not giving a high accuracy in a 
universal usage approach. For the current test we obtain the 
highest accuracy for the BDSCAN method. The LOF method 
will be reviewed in our next uncases, if low accuracy persist 
it will be removed from future work. For future analysis we 
will extend our outlier detection adding up more methods and 
new data sets collected during the DR-BoB “Demand 
Response in Blocks of Buildings” project. 
 

V. ACKNOWLEDGEMENT 

Renewable Cogeneration and Storage Technologies Integration for 
energy Autonomous Buildings, 815301-RE-COGNITION / H2020-
LC-SC3-2018-RESTwoStages, 2019-2022. 
 

REFERENCES  

 
[1] S.LakshmiMphil, Dr.S.v Prof,  “ An Overview Study on Data Cleaning, 

Itss Types and Its Methods for Data Mining,” International Journal of 
Pure and Applied Mathematics Volume 119 No. 12 2018, 16837-
16848J. Clerk Maxwell, A Treatise on Electricity and Magnetism, 3rd 
ed., vol. 2. Oxford: Clarendon, 1892, pp.68–73. 

[2] Berkhin, P. (n.d.), “A Survey of Clustering Data in Mining Techniques. 
Grouping Multidimensional Data,” August 2002, pp 25–71 

[3] Su, L., Li, L., Zhang, L., & Nie, X, “Research and Design of Electric 
Power Private Cloud Data Storage Model,” 2012 Fourth International 
Conference on Computational and Information Sciences, 2012 

[4] Johnson, T., & Dasu, T, ”Data quality and data cleaning,”  Proceedings 
of the 2003 ACM SIGMOD International 

[5] ErhardRahm, HongHaiDo, ”Data Cleaning Problems and Current 
Approaches,”  IEEE Data Engineering Bulletin, Volume 23, Decembre 
2000 

[6] V. Barnett and T. Lewis, “Outliers in statistical data,” Wiley, New 
York, NY, 3rd edition, 1994 

[7] Edwin de Jonge, Mark van der Loo, ”An introduction to data cleaning 
with R,” Statistics Netherlands, The Hague/Heerlen 2013 

[8] Hawkins D.M, “General theoretical principles. In: Identification of 
Outliers. Monographs on Applied Probability and Statistics”, 
Springer, Dordrecht 1980 

[9] N. K. Jajo, ”Graphical display in outlier diagnostics, adequacy and 
robustness,” Statistics and Operations Research Transactions, SORT 
29 (1) January-June 2005, pp 1-10. 

[10] Akouemo Kengmo Kenfack, Hermine Nathalie, ”Data Cleaning in the 
Energy Domain,” Dissertation thesis, Marquette University, Spring 
2015 

[11] G. Buzzi-Ferraris and F. Manenti, ”Outlier detection in large data sets,” 
Journal of Computers and Chemical Engineering, 2010, pp. 388–390 

[12] Rousseeuw, P. J., & Hubert, M, ”Robust statistics for outlier detection,” 
Wiley Interdisciplinary Reviews: Data Mining and Knowledge 
Discovery, January 2011, 1, (1), pp 73–79 

[13] M. Markou and S. Singh, “Novelty detection: A review - part 1: 
Statistical approaches,” Journal of Signal Processing, 2003, pp 2481–
2497 

[14] Donoho, D. L. and Huber, P. J, ”The notion of breakdown point,” In A 
Festschrift for Erich L. Lehmann (P. J. Bickel, K. Doksum and J. L. 
Hodges, Jr., eds.), 1983, pp 157–184 

[15] Leys, C., Ley, C., Klein, O., Bernard, P., & Licata, L. (2013), 
”Detecting outliers: Do not use standard deviation around the mean, 
use absolute deviation around the median,” Journal of Experimental 
Social Psychology, 49(4), 2013, pp 764–766. 

[16] Tang G., Wu  K., Lei J., Bi  Z., & Tang J, “From Landscape to Portrait: 
A New Approach for Outlier Detection in Load Curve Data,” IEEE 
Transactions on Smart Grid, 5(4), 2014, pp 1764–1773 

[17] E. N. Knorr and R. T. Ng, “Algorithms for mining distance-based 
outliers in large datasets,” In Proceedings of the International 
Conference on Very Large DataBases, 1998 

[18] E. N. Knorr, R. T. Ng, and V. Tucakov, “Distance-based outliers: 
Algorithms and applications,” The International Journal on Very Large 
DataBases, 8:237–253, 2000. 

[19] S. Ramaswamy, R. Rastogi, and K. Shim, ”E�cient algorithms for 
mining outliers from large data sets,” In Proceedings of the 2000 ACM 
SIGMOD International Conference on Management of Data ACM 
Press volume 29, 2000, pp 427–438 

[20] S. Hido, Y. Tsuboi, H. Kashima, M. Sugiyama, and T. Kanamori, 
“Statistical outlier detection using direct density ratio estimation” 
Journal of Knowledge and Information Systems, 26(2):309–336, 2011. 

[21] S. Liu, M. Yamada, N. Collier, and M. Sugiyama, “Change-point 
detection in time-series data by relative density-ratio estimation,” 
Journal of Neural Networks, 2013, pp 72–83 

[22] L. Tarassenko, P. Hayton, N. Cerneaz, and M. Brady, “Novelty 
detection for the identification of masses in mammograms,” In 
Proceedings of the 4th IEEE International Conference on Artificial 
Neural Networks volume 4,1995, pp 442–447 

[23] P. W. Wilson, ”Detecting outliers in deterministic nonparametric 
frontier models with multiple outputs,” Journal of Business & 
Economic Statistics, 1993, 11, (3), pp 319–323 

[24]  L. Tarassenko, P. Hayton, N. Cerneaz and M. Brady, "Novelty 
detection for the identification of masses in mammograms," 1995 
Fourth International Conference on Artificial Neural Networks, 
Cambridge, UK, 1995, pp. 442-447 

[25]  M. Bouguessa, ”A probabilistic combination approach to improve 
outlier detection,”  In 2012 IEEE 24th International Conference on 
Tools with Artificial Intelligence, volume 1, 2012, pp 666–673 

[26] Breunig, M. M., Kriegel, H. P., Ng, R. T., & Sander, J, ”LOF: 
identifying density-based local outliers”, In ACM sigmod record, 
volume 29, May 2000, pp. 93–104. 

[27] C. Fauconnier and G. Haesbroeck, ”Outliers detection with the 
minimum covariance determinant estimator in practice,” Journal of 
Statistical Methodology, 6,(4), 2009, pp 363–379 

[28] A. Gran´e and H. Veiga, ”Wavelet-based detection of outliers in 
financial time series,” Journal of Computational Statistics and Data 
Analysis, 2010, pp 2580–2593 

[29]  A. R. Weekley, R. K. Goodrich, and L. B. Cornman,”An algorithm for 
classification and outlier detection of time-series data,” Journal of 
Atmospheric and Oceanic 

[30] A. Zaharim, R. Rajali, R. M. Atok, I. Mohamed, and K. Jafar, ”A 
simulation study of additive outlier in ARMA (1,1) model,” 
International Journal of Mathematical Models and Methods in Applied 
Science, 2009, 3, (2), pp 162–169 

[31] G. E. P. Box, G. M. Jenkins, and G. C. Reinsel, ”Time Series Analysis: 
Forecasting and Control,” John Wiley & Sons, Hoboken NJ USA 4th 
edition, 2008. 

[32] G. E. Schwarz, ”Estimating the dimension of a model,” The Annals of 
Statistics, 6,(2),1978, pp 461-464 

[33] Akouemo, Hermine N. & Povinelli, Richard J., ”Probabilistic 
Anomaly Detection in Energy Time Series Data,” January 2015, 
unpublished. 

[34] H. Liu, S. Shah, and W. Jiang, ”On-line outlier detection and data 
cleaning,” Journal of Computer and Chemical Engineering,” 28, (9), 
2004, pp 1635–1647 

[35] K. Yamanishi, J. Takeuchi, and G. Williams, ”On-line unsupervised 
outlier detection using finite mixtures with discounting learning 
algorithms,” In Proceedings of the Sixth ACM SIGKDD International 
Conference on Knowledge Discovery and Data Mining ACM Press, 
2000, pp 320–324 



[36] S. Velilla, ”A note on the behaviour of residual plots in regression,” 
Statistics &Probability letters, 1998, pp 37:269 

[37] S. Hawkins, H. He, G. Williams, and R. Baxter, “Outlier detection 
using replicator neural networks,” Data Warehousing and Knowledge 
Discovery Lecture Notes in Computer Science, 2002, pp 170–180 

[38]  Z. Zhang, J. Li, C. Manikopoulos, J. Jorgensen, and J. Ucles “A 
hierarchical network intrusion detection system using statistical 
preprocessing and neural network classification,” In Proceedings of 
IEEE Workshop on Information Assurance and Security, 2001, pp 85–
90 

[39] S. Chawla and A. Gionis, “k-Means: A unified approach to clustering 
and outlier detection,” In The 13th SIAM International Conference on 
Data Mining, 2013 pp 189–197 

[40] MacQueen, James B, “Some methods for classification and analysis of 
multivariate observations,” Proceedings of the Fifth Berkeley 
Symposium on Mathematical Statistics and Probability, July 1965, pp 
281-298 

[41] M. Ester, H.-P. Kriegel, J. Sander, and X. Xu, “A density based 
algorithm for discovering clusters in large spatial databases with 
noise,” in KDD-96 Proceedings, 1996, pp 226-231 

[42] S. Hawkins, H. He, G. Williams, and R. Baxter, “Outlier detection 
using replicator neural networks”., Data Warehousing and Knowledge 
Discovery Lecture Notes in Computer Science, 2002, pp170–180 

[43] L. Tarassenko, P. Hayton, N. Cerneaz, and M. Brady, “Novelty 
detection for the identification of masses in mammograms,” In 
Proceedings of the 4th IEEE International Conference on Artificial 
Neural Networks, volume 4, 1995 pp 442–447 

[44] I. Rish, “An empirical study of the naive Bayes classifier,” In IJCAI 
2001 124 workshop on empirical methods in artificial intelligence, 
volume 3, 2001, pp 41–46 

[45] B. Bârgăuan, M. Creţu, O. Fati, A. Ceclan, L. Dărăbant, D.D. Micu, D. 
Şteţ & L. Czumbil, “Energy Management System for the Demand 
Response in TUCN Buildings,” 53rd International Universities Power 
Engineering Conference, September 2018 

[46] B. Bârgăuan, O. Fati, A. Ceclan, D.D. Micu, D. Şteţ, L. Czumbil & P. 
Mureșan, ”Demand Response on Blocks of Buildings – Romanian Pilot 
Site Innovation Project,” 7th International Conference on Modern 
Power Systems (MPS), June 2017 

 
 

 



<<
  /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


