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TEXHUYKU EJIABOPAT

IIpo0.ieM KOju ce TEXHUYKHUM pellieheM peliaBa:

To decrease reliance on fossil fuels and address the pressing issue of climate change, renewable
energy sources like solar panels and wind turbines have been implemented in recent years.
These sources, however, come with their own set of challenges. The stochastic nature of
renewable energy, which is the result of its high dependency on meteorological conditions,
makes it difficult to plan for their usage and this in turn affects the stability of the electrical
grid. The mismatch between energy production and demand can lead to power outages and
other disruptions in the grid. As renewable energy becomes more prevalent in the energy
market, accounting for a larger share of the overall energy mix, it is crucial to have accurate
predictions for accessible energy in order to maintain a stable grid. In this regard, the need for
accurate Renewable Energy Sources (RES) production forecaster is obvious, and it has been
considered as a crucial aspect of any technical solution aimed at improving the integration of
renewable energy into the grid. Amongst the various forms of renewable energy, wind energy
has been considered as one of the most promising options due to its large potential and
relatively low cost. Therefore, the forecast of wind turbine production has become a critical
part of ensuring a stable grid.

As a part of the research within this solutions, wind turbine production forecasting model has
been developed based on the forecasted meteorological conditions. Moreover, it was integrated
with the data storage platform, for both obtaining the relevant inputs and storing back the
provided outputs.

Crame pelieHOCTH TOT NpodJieMa y CBeTYy:

As the use of renewable energy sources (RES) continues to grow, the importance of accurate
production forecasting models becomes increasingly critical. With the increasing share of RES
on the production side, it is crucial to have a good understanding of the expected energy
production from these sources. This is why forecasting models for renewable energy
production have become a popular area of research in recent times. There are many different
types of forecasting methodologies, depending on the specific renewable energy source, the
time horizon, and the availability of data. Some of the most widely used methodologies include
statistical methods, machine learning techniques, and physical models.

In this report, the focus is on the available methodologies for forecasting wind turbine energy
production for the next day, using historical meteorological and production data. Day-ahead
forecasting is particularly important for wind energy as it allows grid operators and other
stakeholders to plan for variations in wind energy production and make adjustments to the grid
as necessary. Accurate forecasting of wind energy production is essential for ensuring a stable
and reliable energy grid, and for making effective decisions about the integration of renewable
energy into the grid.

As reviewed in [1] various data-based models do exist for day-ahead wind production
forecasting. The first once that appeared were probabilistic models proposed by Box-Jenkins



and its modifications for modelling various time series problems, such as Autoregressive
Moving Average (ARMA), ARMA with an exogenous input (ARMAX), etc.

Nevertheless, much more successful turned out to be various neural network architectures,
since they are capable of extracting relevant features and modelling complex dependences. In
that context, various types of networks could be found in literature for solving considered
problem:

e Multilayer perceptron [2];

e Radial basis function neural networks could be found in older papers such as [3] and

[4];

e Convolutional neural networks (CNN) have been presented in various papers. For
example, [5] were first to apply CNNss for solving wind production forecasting problem,
whilst [6] have proven CNN’s advantage against statistical and simpler machine
learning models such gradient boosting for short-term wind production forecasting;

e Long short-term memory (LSTM) networks for wind production forecasting have been
utilized in [7], whilst [8] included LSTM architecture hyper-parameter optimization by
introducing genetic approach.

Nevertheless, as stated by [1], the highest performances have been achieved by hybrid neural
networks. In [9], authors proposed combination of CNN layers and radial basis function neural
network with a double Gaussian function for 24-hour ahead production forecasting.
Furthermore, [10] proposed hybrid approach which combines LSTM and Gaussian mixture
model for successful forecasting performances and concludes that LSTM can greatly improve
forecasting performances.

Taking all of previous into consideration, it was concluded that neural networks achieves the
highest estimation performances, and thus have been chosen as the approach within this
research. In order to provide as highest prediction accuracy as possible, hybrid modelling
approach was chosen, as it is presented in the next section.

Onuc TEXHUYKOT peliemha ca KapaKkTepucTuKamMa, ykbyuyjyhu nparehe
WIyCTpaluje U TeXHUYKe LHpTexe:

Data collection

For the purpose of the development of the ML-based wind power production forecasting
model, historical production data (measurements) and metrological data were required. They
were obtained from the Krnovo Wind Plant (located in Montenegro at location 42° 53" 32.87"
N, 19° 3" 43.39" E). This wind farm contains 26 wind turbines — 20 with the capacity of 2.85
MW and 6 with the capacity of 2.5 MW, and hence, historical production with an hourly
resolution has been collected for 6-months period.
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Figure 1. Wind production and meteorological data

The modelling has been carried out using data for 2.85 MW turbines. Production data has been
collected with the hourly resolution, which was sufficient, since the goal is to provide a 24-
hours ahead hourly WT production forecast. Apart from the production data, for the training
and testing purposes, meteorological data was required, as well, due to high dependency
between the production and meteorological conditions. Thus, data has been collected from the
local meteorological station, and contained the following parameters: wind speed, wind
direction and temperature. This data had 10 minutes resolution, and therefore, was sampled
to match the production measurements. Even though it is expected that RES production is
highly dependant on the weather conditions, in order to corroborate this statement Figure 2 and
Figure 3 are given. The first one is intended to depict high correlation between the production
and wind speed, since peaks in the production coincide with the peaks in the wind speed and
vise a versa. Additionally, the second figure represents the dependency between the production
and wind speed obtained from the data, together with the expected theoretical curve from [2].
From all of the above, it could be concluded that obtained data is valid and it is justified to
exploit it for the training and testing purposes of the model.

After the collection, the data has been cleaned. Firstly, all the invalid measurements were
removed from the data set, such as negative production, production above the total capacity,
negative wind speed etc. After that, outliers were removed. For these purposes, joint



distribution between the production and the wind speed has been analysed. The production has
been divided into 200W wide bins and for each been joint distribution has been analysed. All
samples that were in the distribution tails were removed. Examples of the removed points are
circled in Figure 3. Finally, required data pre-processing has been carried out. Namely, wind
direction was measured in degrees, so transformation using trigonometric function over these
values has been carried out. After data exploration, analysis and cleaning was carried out, data
has been randomly divided into training, validation and testing set in the way that model input
parameters were meteorological parameters, while outputs were measured forecasted values.

Results

After the data was prepared, the model development process was carried out. The model was
defined as mapping between the meteorological parameters to the wind power production.
Therefore, model inputs were the available forecasted meteorological parameters — wind speed
and direction and temperature for the specific hour, whilst the output was corresponding hourly
production. The 24-hour ahead horizon with an hourly resolution was achieved by utilizing the
forecasted meteorological parameters with the same horizon and resolution as the model input.

For the modelling methodology, deep neural networks have been chosen, as they are capable
of extracting relevant features and modelling complex dependences. As already presented in
State of the art section, hybrid approaches are the most successful in providing precise
forecasting. Since main focus during the development of the production forecasting model was
to achieve as precise model as possible, a framework for optimizing the neural network
architecture was created. This framework enabled optimization of various hyper parameters
such as number and types of hidden layers and their corresponding hyper parameters, and
number of training epochs, as well as training parameters such as learning rate. For this
particular problem, in order to optimize the architecture, different numbers and types of neural
network layers have been tested, including different combinations of Long-Short Term
Memory (LSTM), Convolutional, Dense and Dropout layers. Apart from the optimization
regarding the number and type of the hidden layers, activation functions have been chosen
carefully, as well. Namely, since the value that should be estimated by the network is limited
with the turbine capacity, tansig activation function has been selected.

In total 250 have been tested, and the optimal one that achieved the lowest Root Mean Square
Error (RMSE) on the validation data has been determined, and presented in Table 1. Training
process for the final model has been carried out using ADAM optimization method with the
learning rate 0.001 and mean square error as the criterion function. Training has been carried
out for 500 epochs, but with model reaching minimal loss on the validation data in 378th epoch,
which is why this net has been chosen as the final one. It has achieved RMSE of 0.142 MW,
0.154 MW and 0.159 MW on training, validation and testing data respectively. Apart from
this numerical performance evaluation, performance characterization is given by estimation
example in Figure 4. From it, one could noticed that there are examples in which the model
fails to provide highly precise estimation, especially in period of peak or close to no production.
However, main trends and mid values are precisely estimated. It should be pointed out that
changes in wind speed and direction are very frequent, much more than on hourly basis, and
hence, estimation on of the hourly production for wind power plan is challenging, so these
errors are expected.
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Table 1. Architecture of the optimal deep neural network for wind production forecasting

Layer num. of filters | filter size | "o of actlvaflon factor
neurons function

LSTM - - 64 tansig -
LSTM - - 128 tansig -

Dropout 0.5
CNN 64 3 - tansig -

Dropout Layer - - - - 0.5
Dense Layer - - 300 tansig -
Dense Layer - - 150 tansig -

Dropout - - - - 0.5
Dense Layer - - 1 tansig -




Estimation on the testing set Estimation on the testing set

— real
‘ —— estimated
2500 | 2500 1
2000 ‘

m
IL’JIMJIJ.

— real
—— estimated

2000

1500 1|

production [kwh]
production [kWh]

1000 41

Wl )

wlli

Figure 4 - Example of model estimation performance on testing set

As presented within the State of the art section, hybrid neural network approaches intend to
provide improved estimation performances in comparison with other methods, which is the
main reason why authors have decided to choose the hybrid approach within this research.
Hence, as explained and analysed in the previous section, various layers and architectures have
been analysed, and thus, the main contribution of this approach is the development of a
framework for optimizing the neural network architecture for solving particular problem,
which was, in this case, day-ahead wind production forecasting. As a result a hybrid model was
developed which combines convolutional, LSTM, dense and dropout layers.

Integration

The main inputs to this service are the forecasted meteorological parameters. Therefore, they
are obtained from WeatherBit! web service and stored as a part of the MySQL data base on the
data storage platform on hourly bases. WeatherBit provides 120 hour-ahead forecast of various
meteorological parameters, including once relevant for the models developed. The service is
developed to be interoperable with any other energy related services since it could be integrated
with the rest of the platform through the data base i.e. all necessary inputs are obtained from
the data base, and outputs are stored within the data base as well, so other services could utilize
them. Finally, integrated and developed forecasting service has been dockerized and deployed
on the service and scheduled to be executed on hourly basis using cronjob.

Pedepenue:

[1] S. Hanifi, X. Liu, Z. Lin, and S. Lotfian, “A Critical Review of Wind Power Forecasting
Methods—Past, Present and Future,” Energies, vol. 13, no. 15, Art. no. 15, Jan. 2020,
doi: 10.3390/en13153764.

[2] B. Bilal et al., “Wind turbine power output prediction model design based on artificial
neural networks and climatic spatiotemporal data,” in 2018 IEEE International

! https://www.weatherbit.io/



[3]

[4]

[5]

[6]

[7]

[8]
[9]

[10]

Conference on Industrial Technology (ICIT), Feb. 2018, pp. 1085-1092. doi:
10.1109/ICIT.2018.8352329.

G. Sideratos and N. D. Hatziargyriou, “Probabilistic Wind Power Forecasting Using
Radial Basis Function Neural Networks,” IEEE Transactions on Power Systems, vol.
27, no. 4, pp. 1788-1796, Nov. 2012, doi: 10.1109/TPWRS.2012.2187803.

X. Wu, B. Hong, X. Peng, F. Wen, and J. Huang, “Radial basis function neural network
based short-term wind power forecasting with Grubbs test,” in 2011 4th International
Conference on Electric Utility Deregulation and Restructuring and Power Technologies
(DRPT), Jul. 2011, pp. 1879-1882. doi: 10.1109/DRPT.2011.5994206.

A. Zhu, X. Li, Z. Mo, and R. Wu, “Wind power prediction based on a convolutional
neural network,” in 2017 International Conference on Circuits, Devices and Systems
(ICCDS), Sep. 2017, pp. 131-135. doi: 10.1109/ICCDS.2017.8120465.

M. Solas, N. Cepeda, and J. L. Viegas, “Convolutional Neural Network for Short-term
Wind Power Forecasting,” in 2019 IEEE PES Innovative Smart Grid Technologies
Europe (ISGT-Europe), Sep. 2019, pp. 1-5. doi: 10.1109/ISGTEurope.2019.8905432.

I. Delgado and M. Fahim, “Wind Turbine Data Analysis and LSTM-Based Prediction in
SCADA System,” Energies, vol. 14, no. 1, Art. no. 1, Jan. 2021, doi:
10.3390/en14010125.

F. Shahid, A. Zameer, and M. Muneeb, “A novel genetic LSTM model for wind power
forecast,” Energy, vol. 223, p. 120069, May 2021, doi: 10.1016/j.energy.2021.120069.
Y.-Y. Hong and C. L. P. P. Rioflorido, “A hybrid deep learning-based neural network
for 24-h ahead wind power forecasting,” Applied Energy, vol. 250, pp. 530-539, Sep.
2019, doi: 10.1016/j.apenergy.2019.05.044.

J. Zhang, J. Yan, D. Infield, Y. Liu, and F. Lien, “Short-term forecasting and uncertainty
analysis of wind turbine power based on long short-term memory network and Gaussian
mixture model,” Applied Energy, vol. 241, pp. 229-244, May 2019, doi:
10.1016/j.apenergy.2019.03.044.

IPUJIO3U

e Jlokas: [IpoTokon o TecTHpamy O CTpaHe KOPHCHUKA
e Jlucra panuje npuxBaheHUX TEXHUYKUX pellena (TM0jeIMHAYHO [0 ayTOpy U 3a CBE

ayTope)



)1 | rebase.energy

Test protocol for software solution
Machine learning based renewable energy production forecaster

for wind power plant
developed by Institute Mihajlo Pupin, Belgrade Serbia

Herein, we confirm that the software solution Machine learning based renewable energy
production forecaster for wind power plant, developed by Institute Mihajlo Pupin,
Belgrade, Serbia (PUPIN), has been successfully tested by Rebasian Technologies AB,
Stockholm, Sweden.

Description This service provides production forecast estimation for a wind turbine at the
Krnovo plant in Montenegro for one day ahead with an hourly resolution.
The estimation is provided in accordance with the forecasted meteorological
parameters obtained from WeatherBit through PLATOON platform. The
Forecasting model is an optimised hybrid ensemble model.
Inputs 24-hour ahead forecast of the following meteorological parameters with an
hourly resolution:
e Wind speed
e Wind direction
e Temperature
Outputs 24-hour ahead forecasted wind power production with an hourly resolution

The testing has been organised in cooperation with experts from TECNALIA Research &
Innovation, Bilbao, Spain in the framework of the 2™ Open Call of the EU project
PLATOON. A benchmark test was conducted with the Enerflow (wind power forecaster)
provided by Rebasian Technologies AB. The archived results are satisfactory. There are two
options for using the PUPIN service: a) via PLATOON’s Marketplace; and b) by deployment
at premises.

This confirmation has been issued on request received by the Institute Mihajlo Pupin and in
relation to monitoring of innovation activities by the Ministry of Education, Science and
Technological Development of the Republic of Serbia.

Stockholm, Sweden

Date:
2023-01-16

Mihai Chiru,
CTO at Rebasian Technologies AB



Hea lNyjuh, nucTa TeXHNYKMX peLuera

M83

Hea TMyjuh, Mapko Jenwuh, Hukona Tomawesuh, Mapko Bbatuh: “Cuctem 3a ynpasrbarbe
NOTPOLUH0M ENEKTPUYHE eHepruje Ha 6a3m BU”, 2021, TP 32010

Mapko Jenuh, Hukona Tomawesuh, [dea [lyjuh, Mapko Bbatuh, “Cuctem 3a nnaHupamwe
cHabpeBara enekTpnUYHOM eHeprujom reorpadpckmx octpea”, 2021, TP32010

OywaH Monagwuh, Oea lMyjuh, Jlazap Bepbakos, BaneHtuHa JaHeB, Canwa BpaHelw: “CemaHTu4km
CUCTEM 3a npenopyynBake Mepa pagm nobosbluaka eHepreTcke eprukacHOCTU N CUTYPHOCTU Y
nameTHuMm 3rpaga”, 2020, TP32010

Hea MMyjuh, Mapko Jenuh, Mapko Bbatuh, Hukona Tomawesuh: “PaHrnpare KOpWUCHWMKA MO
eHepreTckoj edoukacHoCcTU kopuwhewem HeHagrnegaHor npuctyna”, 2020, TP32010

Hea lMyjuh, Hukona Tomaweswuh, Jlasap Bepbakos, Carwa BpaHew: “Cneuundmkanmja, passoj n
WHTerpaumja cuctema 3a HevHTPY3UBHM MOHUTOPWHI MOTPOLH-e enekTpudHe eHepruje”, 2019,
TP32010



BaneHTnHa JaHeB, NncTa TEXHUYKNX peLlena

M81
1.

M84

M85

10.

11.

12.

13.

14.

Byk Mwujosuh, Hukona Tomaweswuh, BaneHtnHa JaHeB, MnageH CrtaHojeBuh, Camwa BpaHewu:
"CMMynauuoHO U TPEHVHT OKyxere 3a 00yKy ocobrba aepogpoma”, 2013, TP32010

BanenTtnHa Janes, Cawa BpaHew, [lejaH MayHosuh: "MHTerpaumja u ynpasrbake ceMaHTUYKUM
‘lesepom nogaTtaka™, 2020, TP32010

BanentuHa JaHneB, Cawa Bpanew, [ejaH [NayHoBuh, [Oywad [Monaguh: “UHTerpucame wu
objaBrbmBare NoBe3aHMX nogaTaka y apmaueytckom gomeny”, 2021, TP32010

OywaH Monaguh, Oea MNyjuh, Jlazap Bep6akos, BaneHTnHa JaHes, Cana BpaHelu: “CemaHTnukm
CUCTEM 3a npenopyymBare Mepa pagum noborbliawa eHepreTcke emkacHOCTU N CUTYPHOCTU Y
nameTHuMM 3rpagama”’, 2020, TP32010

BanenTtnHa JaHes, JeneHa JosaHosuh: “Pa3Boj cepsuca 3a noMoh oany4meamy y NpOLECHO] U
npepahmeaykoj nHayctpuju”’, 2019, TP32010

Hukona Tomawesuh, BaneHtuHa JaHeB, Camwa BpaHew: “Pa3Boj cuctema 3a ynpaBrbame
KPUTUYHUM UMHppacTpykTypama y BaHpedHMM cuTyauujama 3acHoBaH Ha napagurmu obpapge
KomnnekcHux gorahaja”, 2018, TP32010

BaneHtnHa JaHeB, JeneHa JoBaHoBuh, Carwa BpaHew: “Pa3Boj reHepuykor mogena 3a OLueHy
KBanuTeTa BENMKUX KonnynHa nosesaHux nogataka (Big Linked Data)”, 2018, TP32010
BaneHntnHa JaHeB, CtedaH CTtojkoB, Mapko HaHkoBcku: “Pa3Boj apxutekType n uMmnriemeHTaumja
COhTBEPCKOr cepBuUC/anarta 3a aHanuay KBanuTeTa BenuKUX KonuMyuMHa rnoBesaHux nopaTaka’,
2018, TP32010

BaneHtnHa JaHes, [lejaH MayHoBuh, CtedaH CtojkoB, Mapko HaHkoBcku, JeneHa Krbajuh, Cara
BpaHew: "lMpumena Linked Open Data y oksupy enektpoHcke ynpase (e-government) 1 'y JOMeHy
ynpaBibakba BaHpeaHUM cuTyaumnjama (emergency management)”, 2017, TP32010

BaneHntnHa JaneB, [ejaH [MayHosuh, Cawa BpaHew: "MeTtogonorvja passoja Linked Data
annukaumja nomohy SOFIA anaTta”, 2017, TP32010

BanentnHa JaneB, [ejaH [MlayHoBuh, Byk Mwujosuh, Ypow Munowesuh, Camwa BpaHew:
"YHanpehewe NpPUMEHIBUBOCTU M OYHKLMOHANMHOCTM KOMMOHEHTE 3a MPOCTOPHO-BPEMEHCKY
aHanuay Linked Data", 2016, TP32010

BanentnHa JaneB, Hwukona Tomawesuh, [ejaH [layHosuh, Ypow Mwunowesuh, Jenena
JosaHoBuh, Cana BpaHeww: "LinkedData.rs Cappxaju 3a enektpoHcko yvere", 2016, TP32010
BaneHntnHa JaHes, Byk Mujosuh, Ypow Munowesuh, OrtoeH CtameHkoBuh, BorgaH MNMaskosuh,
Jlasap Bepb6akoB, Cara BpaHew:: "CodTBepcka KOMMOHEHTa 3a npahewe M aHanu3y naHua
cHabpeBaka Ha MobunHum ypehajuma", 2015, TP32010

Hukona Tomaweswuh, Mapko Batuh, JeneHa JoaHosuh, BaneHTtuHa JaHes, Byk Mujosuh, Camwa
BpaHew: "EmMynaTtop MepHOr OKpy>KeHa 3a TeCcTupare cucteMa 3a onTMMmn3aunjy TokoBa eHepruje
MefycobHO NnoBe3aHnX eHTUTETa ca pasnuunTum nssopuma eHepruje”, 2015, TP32010
BaneHTtnHa JaHes, [ejaH lMayHoBuh, Ypow Mwunowesuh, borgan lNaekosuh, Jlazap bepbakos,
Cana BpaHew: "CodTBepckn moayn 3a NpeumsHy Hasurauuvjy y 3atBopeHoM npoctopy”, 2015,
TP32010

BaneHntnHa JaHes, borgaH MaBkoBuh, Jlasap Bepbako, Mapko Bbatuh, MnageH CrtaHojesuh,
Jenena JoeaHosuh-Bacosuh, Byk Mujosuh, Cara BpaHeww: "Cneumndumkaumja TEXHNYKOr pellensa
cucTtema 3a ynpasrbake BaHpedHuM cutyauujama”, 2014, TP32010



15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

MnageH CrtaHojesuh, BaneHtuHa JaHes, [ejaH MNayHoBuh, Ypow Munowesuh, Cawa BpaHewu:
"CodTBepcka KOMMOHEHTa 3a MPOCTOPHO-CEMAHTUYKY BU3yanusauujy u npeTpaxusarwe Ha
MobunHuMm ypehajuma”, 2014, TP32010

Byk Mwjosuh, Borgan [laBkoBuh, BaneHTuHa JaHeB, JeneHa JoBaHosuh-Bacosuh, Ypouw
Munowesuh, Cawa BpaHew: "Paspaga cueHapuja 3a TecTupame pellera 3a yrnpaBrbahe
BaHpeaHuMM cutyaumjama”, 2014, TP32010

Mapko bBatuh, borgaH Naskosuh, Jlasap bepbakos, BaneHtuHa Janes, MnageH CtaHojeBuh, Byk
Mwjosuh, Hukona  Tomawesuh, Cawa BpaHew: "AHanu3a wu  cneuudukaumja
KOMYHMKaLIMOHNXMpeXxa NoTpebHMX HakoH BaHpeaHe cutyaumje, TokoM dase cnacaBawa”, 2014,
TP32010

Byk Mwujosuh, BanentnHa JaHeB, Ypow Mwunowesuh, [ejaH [MayHoBuh, Camwa BpaHew:
"CodpTBEpCKa KOMMOHEHTA 3a NPOCTOPHO-BpeMeHcKy aHanuay Linked Data", 2014, TP32010

Byk Mwujosuh, Hukona Tomaweswuh, BaneHtnHa JaHeB, MnageH CrtaHojeBuh, Camwa BpaHewu:
"CMMynauuoHO U TPEHWHT OKyxere 3a 00yKy ocobrba aepogpoma”, 2013, TP32010

BaneHtnHa JaHeB, Byk MujoBuh, Ypow Mwunowesuh, MnageH CtaHojeBuh, Cama BpaHelu:
"Linked data ctatuctudko okpyxere", 2013, TP32010

Byk Mujosuh, BaneHTtnHa JaHes, Ypow Munoweswuh, MnageH CtaHojeBuh, Carwa BpaHeww: "RDF
Data Cube Banugaunonn anat", 2013, TP32010

BaneHntnHa JaHes, Ypow Munowesuh, Byk Mujosuh, Cawa BpaHew: "Cpncku CKAN", 2013,
TP32010

BaneHntnHa JaHes, Byk Mujosuh, Lydia Kraus, Hukona Tomawesuh, JeneHa JosaHosuh, MnageH
CraHojeBuh, Cana BpaHeww: "OnepaTtnBHu cueHapwmju 3a aepogpom”, 2012, TP32010

BaneHntnHa JaHes, Byk Mujosuh, Lydia Kraus, Hukona Tomawesuh, JeneHa JosaHosuh, MnageH
CraHojeBuh, Camwa BpaHew: "Cuctem 3a mogpluky OAflyuuBawy y KPU3HUM cuTyauujama Ha
aepogpomy”, 2012, TP32010

Mapko Batuh, [ejaH NMayHosuh, BaneHtuHa JaHes, Byk Mujosuh, Lydia Kraus, Cawa BpaHeLu:
"MIHTerpmncaHun, cuctemcku Mogen MUKpO-Mpexe, KOju yKIiby4yje n3Bope, cknaguwita u crpery ca
cnorbalwHom enektpompexom”, 2012, TP32010

BaneHtnHa JaHes, [ejaH lMayHoBuh, JeneHa JoBaHoBuh, Mapko Batuh, Byk Mujosuh, Cama
BpaHew: "Pa3Boj cemaHTU4kor web noptana 3a e-konabopauujy n gucemuHauujy pesynraTa”,
2011, TP32010

Hukona Tomaweswuh, BaneHtuHa JaHe, MnageH CrtaHojesuh, Mapko Pubapuh, Mapko batuh,
Byk Mwujosuh, Camwa BpaHew: "Pa3Boj reHepunyke OHTOMOrMje NPOCTOPHMX U PYHKLMOHAMHMX
KOMMOHEHTN komnnekcHux objekara (CO2 — Complex Object Ontology)”, 2011, TP32010

Mapko baTtuh, Hukona Tomaweswuh, BaneHtuHa JaHeB, Mapko Pubapuh, MnageH CrtaHojesuh,
Cama Bparew: "Mpowwupere reHepuike CO2 oHTOMNOrMje 3a ynpaerbawe o0bjekTMa ca
MUKpOMpEXama nokanHux oOHOBIbMBUX u3Bopa eHepruje”, 2011, TP32010

Hukona Tomaweswuh, Byk Mwujosuh, BaneHtuHa JaHeB, MnageH CrtaHojeBuh, Cawa BpaHeLl:
"Mpownpene reHepudke CO2 oHTONOrMje 3a ynpaerbakwe aepogpommma”, 2011, TP32010

Cana BpaHew, Hukona Tomawesuh, [ejaH MayHosuh, Jenena JosBaHosuh, BaneHTnHa JaHes,
Mnagen CraHojeBuh: "PasBoj meTamogena nopgataka u “mark-up” jesnka 3a noTtpebe
KomyHukaumje ca SCADA cuctemuma", 2011, TP32010

Byk Mujosuh, Hukona Tomaweswuh, BaneHtuHa JaHeB, MnageH CtaHojeBuh, Camwa BpaHewu:
"AHanun3a 3axteBa W wu3paga UML wmogena codumctuumpaHor rpadguykor KOpUCHUYKOT
nHTepdejca”, 2011, TP32010

BanenTtnHa Jawnes, Byk Mwujosuh, Lydia Kraus, Hukona Tomaiwesuh, Jejan NayHosuh, Jenena
JoeaHoBuh, Cawa BpaHew: "OeduHncarwe moryhux cueHapuja npumeHe SOFIA okpyxera Ha
aepogpomy ,Hukona Tecna", 2011, TP32010



33.

34.

35.

36.

37.

Byk Mujosuh, Hukona Tomawesuh, BaneHTuHa JaHes, Mapko Pubapuh, Mapko batuh, MnageH
CrtaHojeBuh, Cawa BpaHew: "Passoj Hosor, myntunapagurmatnyHor CEP/ECA jeauka 3a
ynpaerbake komnnekcHum objektuma”, 2011, TP32010

Cama BpaHew, MnageH CtaHojesuh, BaneHTuHa JaHes, Byk Mujosuh, Hukona Tomawwesuh, Lydia
Kraus: "Cneumndukaumja 3axteBa 1 nspaga UML mogena apxutektype SOFIA okpyxera", 2011,
TP32010

Byk Mwujoswuh, Hukona Tomawesuh, Lydia Kraus, MnageHn CtaHojeBuh, BaneHtuHa JaHes, Carma
BpaHew: "Pa3Boj npee Bep3uje npototmna apxutektype SOFIA okpyxemna", 2011, TP32010
BaneHntnHa Janes, [ejaH MNayHosuh, JeneHa JosaHosuh, Mapko baTtuh, Cawa BpaHeww: "Pa3Boj
npoToTUNa cucTema 3a yrnpasrbarwe JOKyMeHTMMa Ha aepogpomuma”, 2011, TP32010

Byk Mujosuh, Hukona Tomawesuh, BaneHtuHa JaHes, Mapko Pubapuh, [ejaH MNayHoBuh, Jenena
JoBaHoBuh, MnageH CraHojeBuh, Cawa BpaHew: "Pa3Boj npBe Bep3uvje OEMOHCTpaLMOHOr
npotoTtuna npumeHe SOFIA okpyxena Ha aepogpomy “HukonaTecna", 2011, TP32010



Mapko Jenuh, nucTa TEXHUYKUX peLlera

M82

M83

M84

M85

Mapko Batuh, Hukona Tomawesuh, Mapko Jenuh, Cawa BpaHew: “PasBoj uHTerpmcaHor
ONTMMM3ALMOHOr anropMTMa 3a aHanuay yTtuuaja reKkCUOMNHOCTM NOTPOLUHE Ha OMTUMAarHy
KOHdUrypauujy xmbpmngHmx mmukpo-mpexa”, 2019, TP32010

Hea Tyjuh, Mapko Jenuh, Hukona TomawesBuh, Mapko batuh: “Cuctem 3a ynpaBrbarbe
NOTPOLUH0M ENEKTPUYHE eHepruje Ha 6a3n BU”, 2021, TP32010

Mapko Jenuh, Hukona Tomawesuh, Oea [llyjuh, Mapko Batuh, “Cunctem 3a nnaHupane
cHabpeBara enekTpNYHOM eHeprujom reorpadpckmx octpea”, 2021, TP32010

Mapko Jenuh, Hukona Tomawesuh, Mapko bartuh: “Cumynauuwja v eBanyaumja edpekata
GneKCMBUNHOCTM KpajHe NOTPOLLH-E ENEKTPUYHE eHepruje Ha reorpadckum octpeuma”, 2020, TP
32010

Mapko Jenuh, Mapko batuh, Hukona Tomawesuh, “Edektn ynpasrbara NoTPOLLH0M eNEKTPUYHE
eHepruje Ha ucnnatmeoct OUE”, 2021, TP32010

Oea Myjuh, Mapko Jenuh, Mapko Bbatuh, Hukona Tomawesuh: “PaHrnparwe KOpWUCHWKa MO
€eHepreTckoj edpukacHocTK kopuwhewem HeHagrnegaHor npuctyna”, 2020, TP32010



KaTtapuHa CTtaHkoBuh, NUcTa TEXHUYKNX pelwera

Hema NPeTXogHNX TEXHNYKUX peLleHa



