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Abstract— In this study, unit commitment (UC) problem for four-unit Tuncbilek thermal plant which is in Kutahya region in
Turkey, is solved for an optimum schedule of genetamg units based on the load data forecasted by umj the conventional
Artificial Neural Network (ANN) and an improved hyb rid method, ANN model with Weighted Frequency Bin Bocks (WFBB).
Fuzzy Logic (FL) method is used for solving the U@roblem. Since under forecasting results in the ragrement of purchasing
power from spot market or over forecasting brings &out an unnecessary commitment of generating unitsan accurate load
forecasting is the first step to solve the UC prokim. Total costs calculated for both actual and forasting load data are compared.
The data used in the analysis was taken from Turkfs Electric Power Company and Electricity GenerationCompany. All the
analyses are implemented using MATLAB.

Keywords -fuzzy logic, unit commitment, load forecating, artificial neural network, weighted frequengy bin blocks.

FL is a mathematical approach to problem solving. |

I. INTRODUCTION excels in producing exact results from imprecisedand is

Load forecasting is important in power system pilagrand
operation. The main problem of the planning is deenand
knowledge in the future. Basic operating functiGoeh as

especially useful in computers and electronic apgibns.
The use of FL has received increasing attentiomeoent
years because of its usefulness in problem soMimg-L

thermal and hydrothermal UC, economic dispatch,l fuapplications, output values become better in cdsgving
scheduling and unit maintenance can be performtee appropriate values for the input.
efficiently with an accurate forecast [1]. Theree anany Since UC solves for an optimum schedule of genggati
methods which have been developed for the shart lead units based on load forecasting data, an accuraae |
forecasting. The major methods are regression badetkcasting is very important for the operationknping in
methods [2], time-series approach [3], expert sgstgpower systems. Under forecasting or over forecgstiay
techniques [4], ANN models [5-6], fuzzy logic [Rliavelet improperly schedule the generating units, which regult in
transform [8] and ANN Model with Weighted Frequgncthe requirement of purchasing power from spot ntaoken
Bin Blocks [9]. unnecessary commitment of generating units. Thezetbe
UC problem is an important subject in power systeimprovement of load forecasting is first step tdamce the
optimization. The problem is a complex optimizatiob)C solution [21].
problem with both integer and continuous variabl€ke In this paper, our purpose is to solve UC problem f
exact solution for the UC problem can be obtaingdab four-unit Tuncbilek thermal plant which is in Kutahregion
complete enumeration of all feasible combinations @ Turkey, by using FL approach based on the loath d
generating, which could be very huge in number.[T0ere forecasted by the conventional ANN and the improfeiN
have been various methods for solving the UC problemodel with WFBB. The rest of this paper is arranged
They are based on mathematical programming andstieur follows: next day load forecasting is presented #mdN
based approaches such as dynamic programming [Mith WFBB model is discussed giving the sample kloc
heuristic UC [12], simulated annealing [13], evaunary diagram in Section 2. In Section 3, the FL appro@chJC
programming [14], constraint logic programming [15]problem is explained briefly. Applications and slations
genetic algorithms [16], and Lagrangiane relaxafiof]. for next day load forecasting and solving UC prablare
FL approach is used for solving the UC problemhiis t given in Section 4. At last, conclusion is drawrSection 5.
paper. FL was brought forward by Zadeh in 1965 .[1R]

appeared as a result of the studies of this relsearan
control systems; the interference of non-linearagigns in
the process for obtaining the control he desireeinch
confusion in the method and difficulty in reachiray
conclusion [19-20].
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II. NEXT DAY LOAD FORECASTING

The next day load forecasting is basically aimeglratlicting
system load with a leading time of one hour to delyich is
necessary for adequate scheduling and operatiqgowér
systems. The next day load forecasting traditigrizdis been
an essential component of energy management systeiihs
provides the input data for load flow and contingen
analysis. ANN-based methods are a good choiceutty she
next day load forecasting problem, as these tecesigre
characterized by not requiring explicit models &pnesent
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the complex relationship between the load and #wotofs . . ;

that determine it [22-23]. P, +P - z Pmali <0 (3)
The conventional ANN and the hybrid method (ANNHhwit i=1

WFBB) are used for predicting the next day loadugal
based on the previous two-day load values, resgti

FL approach is appropriate other than complex
mathematical methods for solving the UC problemictvlis

The hybrid method of ANN model with WFBB is dividedmportant for power system analysis because ofelarg

five steps:
1) The Fast Fourier Transform (FFT) algorithm iplagl
to all given data.
2) All data found from step 1 is arranged accordmthe
magnitude of frequency values.
3) The results of step 2 are multiplied by apprateri

economic benefits. FL is a superset of conventidogic
that has been extended to handle the concept télpanth-
truth values between “completely true” and “comgliet
false”. As its name suggests, it is the logic ulyileg modes
of reasoning which are approximate rather than texéte
importance of FL derives from the fact that mostde® of

weighted values. Higher frequency values of the FHRIuman reasoning and especially common sense regsar

signal are multiplied lower weighted values.

4) Inverse FFT algorithm is applied to the resoftsstep

3.

5) The results of the inverse FFT algorithm aredufes
the input of the ANN Structure.
The sample diagram of ANN model with WFBB is givien
Figure 1.
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Fig. 1. Sample diagram of the ANN models with WFBB

lll. FL APPROACH FOR UC

UC is an operating scheduling function, which
sometimes called pre-dispatch. UC schedules thendnoff
times of the generating units, and calculates ti@nmm
cost hourly generation schedule while ensuring $tiatt-up
rates
deciding the practicality of interregional powerchanges,
and meeting daily or weekly quotas for consumptafn
fixed-batch energies, such as nuclear, restricedral gas
contracts, and other fuels that may be in shorplyuhe
objective function and associated constraints eftttermal

UC problem are given as follows [24]: The objective

function can be represented mathematically as:

T N
MinC=Miny > [u ()OGIR.()]+SG A-u, ¢ -)] (1
t=1 i=1
The constraint models for the UC optimization pewbl
are as follows: Load Balance:

> uORO =P @

Spinning Reserve: There are various classifications
reserve and these include units on spinning resamdeunits
on colds reserve under the conditions of bankedeboir
cold start. Unit constraints are generation oulipuits.

approximate in nature. A fuzzy set is a set whelsenents
have degrees of membership. That is, a membersef aan

be full member (%100 membership status) or a partia
member (eg. less than %100 membership and grdear t
%0 membership). To fully understand fuzzy sets, onest
first understand traditional sets [25].

A membership function is a mathematical function
which defines the degree of an element's membeiishgp
fuzzy set. Various types of membership functions ased
such as triangular, trapezoidal, generalized belped, and
Gaussian.

A{(% () [xe X} @)

The basic configuration of a FL system is showfim
2. The components of FL system are fuzzificatiozzy rule
base, fuzzy output engine and defuzzification. Mwueg,
input and output data can be added. The input itatel
contains the input variables which the event todistl
exposed and every data concerning them.

Rules

Input Data
Fuzzifier
Y

" Inference Engine .j—

Fig. 2. Block diagram of FL system

Quiput Data

Defuzzifier ——m

is

is considered. The function sometimes include The transmission network is equivalent to singlenpl

bus to which all generators and all loads are cciede and
total plant output equals the total system loace Z4-h day
is subdivided into discrete intervals or stagesamplified
in Fig. 3.

Load
(MY

Stage Mumber

Fig. 3. Discrete levels of system load for an exiendaily load cycle

Fuzzy variables associated with UC are generatad lo
capacity, start-up cost, incremental cost, load/imgr and
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production cost. After defining the variables, foezy sets Rule 1: If GLCis L and SCis L and C is 0 and L3/
are selected and normalized between 0 and 1. Ttiien PRC is L.

normalized value can be multiplied by a selectedeseector Rule 2: If GLC is BAand SCis M and IC is S and lsvV
to accommodate any desired variable. Since genei@d M Then PRC is BA.

capacity, start-up cost, and incremental costHerunits are Rule 3: If GLC is AV and SC is M and IC is Z and LV
among different values, the variables can be défiwéh is M Then PRC is AV.

fuzzy sets. Similarly, load variation and produnticost Rule 4: If GLC is AAV and SCis L and IC is S and
values are also defined with fuzzy sets given below LVis H Then PRC is AAV.

Generator Load Capacity (GLC) {Low (L), Below Rule 5:If GLCis Hand SCis H and IC is H and lsvV
Average (BA), Average (A), Above Average (AAV), Hig H, then PRC is H.

(H)}
Start-up Cost (SC) = {Low (L), Medium (M), High (H) Defuzzification is used for finding the crisp vaduafter
Incremental Cost (IC) = {Zero (Z2), Small (S), Largaletermining the input and output values and forntirggrule
(LG)} table. Centroid method which is one of the defieatfons is

Load Varying (LV) = {Base (B), Medium (M), High (1) used for obtaining the PRC.

Production cost is defined as an objective functijiven n
below: Z:,u(F’RC)i XPRC,

Production Cost (PRC) = {Low (L), Below Average PRC = =t (5)
(BA), Average (A), Above Average (AAV), High (H)} 0

After defining the fuzzy sets If-Then rules thanoect Z;,ﬂ(PRC)i

the inputs in the data base to output variablescamposed. . .
“If" condition is an antecedent to the “Then” cogaence of Where HPRQs the membership value of the clipped output,

each rule. Generator load capacity, start-up @ostemental PRG s the quanti@ive value of thg clipped outpgt, anes
cost and load varying are considered as the inpriables the number of points corresponding to quantativeis/af

and production cost is treated as the output viridhput LN OUtPuL.
and output relation is given as:

PRC = {GLC} and {SC} and {IC}and {LV} IV. APPLICATIONSAND SIMULATIONS

This expression is written as fuzzy set notation: Next Day Load Forecasting: In this paper, the

PRC = GLCNh SUPN ICN LV performances of the conventional ANN structure ainel

The membership function of the production cost pPR@proved ANN model with WFBB are tested separately.
is computed as follows: Feed forward back propagation is used in both ANN

MPRC = uGLQY uSUPN pIC N pLVv structure and the hybrid model. The daily data coseg

MPRC = min { uGLC, uSUP, uIC, uLV} some periodicities which are similar from one daythe

where WGLC, uSUP, pIC are pLV memberships ofther. But some unexpected events such as holitkkses
generator load capacity, start up cost and incréaheost, on power plants, and weather condition changingcéfthe
respectively. load values. In this model based on the parametethods,
Fuzzy rule table is formed based on input and dutptiis assumed that the data sequence is statiombaeyhourly
variables by using the experiences. The numbeutaf tules load values for January is given in Fig. 5.
is determined as 135 considering the membershigtiturs.

4

The relationship of some rules is given in Fig. 4. 20
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Fig. 5. The hourly load values for January

The conventional ANN and the hybrid method are used
for predicting the next day load values based erpttevious
two-day load values, respectively. The conventiof&IN
h | din the followi . structure has 2 layers. First layer and output rlagee
;I; (?Eg rlg ((a‘;' ::13 ?g??;i d 'Irg ((§ aonc(i)\ll_v{?g( T'?’rlqg;rc composed of 48 and of 24 neurons, respectivelg.site of

) ’ ’ ) the input and output vector are 48x10 and 24x1Qhis

() ; e
Some of these rules are as follows: structure, respectively. ANN is trained 15 epochs.

Fig. 4. Relationships for some of the rules
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The FFT algorithm is applied to all given data tbhe $550". Similarly the subsets for other variables @ also
hybrid method. The FFT structure of this data iegiin Fig. linguistically defined.
6. Frequency response of the training set is dlgngn Fig.
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Fig. 6. FFT structures of the data Fig. 8. Membership functions of a) GLC, b) SP,&) &nd d) LV
120 . . . . .
= The membership function of PRC is shown in Fig. 9.
T 10op The fuzzy sets corresponding to the range of vatifethe
g eop production cost are described as follows: A “lowsttas
= . . - . .
£ ool defined as being in the range of $320 - $1250. ISityia

40
o

- . - - ) “high cost” may be described as lying in the rafs@&70-
Normalized Fr-equency (>.<J'[ radlsamble) $4700. Similar eXpI‘eSSion can be giVen to desdhibeother

: : subsets of production cost. The rules are writterelate the
fuzzy input variables. Units are committed fromitHewest
incremental cost to highest one. Mamdani min-mdg rsi
used as the inference engine in this analysis.

Phase (degrees)

-8000 : : :
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Hero)
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Fig. 7. Frequency response for the training data.

The results of the IFFT algorithm are used forittpait of
the ANN structure, this structure has 2 layersstHayer and
output layer are composed of 48 and 24 neurons, .
respectively. In this cases, the sizes of the igma output 320 1050 1250 2010 2330 ~ 2870 3010 3670 4290 4700 PRC(S)
vectors are 48x10 and 24x10 in this structure, getbely.
ANN training is finished at the end of 16 epochk [9

FL UC: The UC problem for 4-unit Tuncbilek thermal
plant is solved by using the FL structure. The dated in In this study, the 24-h day is subdivided into 8cdéte
the analysis is taken from Turkish Electric Powen(any stages. The actual load demands for these stagegven in
and Electricity Generation Company. The charasties of Table 2 and the range of predicted load variatoraken

Fig. 9. Membership function of production cost

four units are given in Table 1. equal to £ 5%.
TABLE I: UNIT CHARACTERISTICS TABLE II: LOAD DATA (MW)

Unit GLC (MW) Stage Load Stage Load
No Min Max SC®) | ICEMwh) 1 154.74 5 186.55
1 8 32 60 33.73 2 145.66 6 182.31
2 17 65 240 28.952 3 160.35 7 186.78
3 35 150 550 27.005

4 30 150 550 27.659 4 | 19Lva| 8 | 19265

The membership functions of describing GLC,, $C Forecasting load values for each stage found bygusi

and LV are shown in Fig. 8. The ranges of eachetulie the conventional ANN method and the ANN with WFBIR a
chosen in a subjective manner. For example, gikkah $C given in Table 3 and 4, respectively.

that can be served by the largest SC is betwee@”“46d  TABLE II:FORECASTING LOAD VALUES FOR CONVENTIONAL
“$550". The subset “low SC” may be chosen betwek60" < AN’\I'_MiTHO':;t(MW) —

and “$210” also high SC can be chosen with a r4$g§80- | Stage| tload | Stagd Load|
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1 157.96 5 188.67 [4] K J. Hwang, G. H. Kim an&. H. Kim, “Development of a
2 148.81 6 185.33 sze(Aakly Iaad fo;%%agt;rgg 12);%ert system Trum. KIEE,vol.
, no. 4, pp. -370, .
3 163.98 ! 189.83 [5] H. Mori and A. Yuihara, “Deterministic Annealing @itering
4 194.58 8 196.24 For Annbased Short-Term Load ForecastinglEEE
Transactions on Power Systems, vol. 16, no. 3, pp. 545-551,
2001.
TABLE IV:FORECASTING LOAD VALUES FOR ANN WITH [6] T. Senjyu, H. Takara, and T. Funabashi, “One-Hobead
WFBB (MW) Load Forecasting Using Neural NetworkEEE Transactions
Stage Load Stage Load on Power Systems, vol. 17, pp. 113-118, 2002.
1 153.91 5 185.91 [7] K. B. Song, Y. S. Baek, D. H Hong., and G. S. J4dBfort-
2 144.91 6 181.74 Term Lo_ad Forecasting for The quidays Using Fukimear
Regression Method, 'EEE Transactions on Power Systems,
8 | 15967 7 | 18597 vol. 20, (2005) 96-101.
4 190.85 8 192.01 [8] I-K Yu, C. I. Kim,, and Y. H. Song,, "A Novel Sheiterm

Load Forecasting Technique Using Wavelet Transform
Analysis, " Electrical Machines and Power Systems, vol. 1,
pp. 537-549, 2000.

[9] M.Kurban, and U Bgaran Filik, “A New Approach for Next

UC schedule for Tuncbilek thermal plant for actaadt
forecasting load values is given in Table 5.

TABLE V- UC SCHEDULE OF TUNCBILEK THERMAL Day Load Forecasting Integrating Artificial Neurdetwork
PLANTS FOR LOAD VALUES AND FORECASTING OAD VALUES Model with Weighted Frequency Bin Blocks”, LNCS
Feasibie UC Springer, vol. 4985, 703-712, 2008.
casiole Feasible UC Feasible UC [10] J.A. Momoh :Electric Power System Application and
( ANN model dVal L
with WFBB ) ( Load Values) (ANN) Optimization, 2001. _ _
1 [11] C.L Chen,. N. Chen, “Strategies to Improve the Dyita
5 8 8 i i 8 8 i i 8 i i i Programming for Unit Commitment Application’Trans.
3 00 Chin. Inst. Eng., vol.9, 2002.
11 0011 0111l 12] R. Nayak, J.D. , “Hybrid Neural Network and Simeft
4 01 11 01 11 1111 [12] R. ayak, J.D. , “Hybri eural Network an imel )
5 00 11 00 11 1111 Annealing Approach to the Unit Commitment Problem”,
6 00 11 00 11 0111 Comput. Elect. Eng., vol. 26, 2000.
7 00 11 0111 1111 [13] R.C. Asir,. M.R. Mohan, K. Manivannan, “Refined Silaited
8 0111 0111 1111 Annealing Method for Solving Unit Commitment Praiolg
TC $37385 $37142 $38129 Proc. Int. Joint Conf. Neural Netw., vol. 1, 2002.

[14] K.A. Juste, E. Tanaka, J. Haegawa, “An Evolutionary
It is clear that accurate load forecasting is very Programming Solution to the Unit Commitment Problem
; : |EEE Trans. Power Syst., vol. 14, no.4, 1999.
important for the UC solution. The total cost ofeth ' '
forecasting load values for ANN method is more ttiaat of [15] éc:{mr:'tﬁzgt H'TAgﬁgg};: L J;r;% A(’:\loergt;rat;r?tr maInggic
actual load values by $987. Additionally, the tatast of the

g ; . Programming”|EEE Trans. Power Syst., vol. 13, no.3, 1998.
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