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Application of Neural Based Fuzzy to Unit Commitment

S. Senthil Kumar', Dr. V. Palanisamy?

ABSTRACT

A new approach using Neural Based Fuzzy (NBF) is
proposed for the unit commitmené of a power system.
The objective of the paper is to find the generator
scheduling such that the total operating cost can be
minimized, when subject to a. variety of constraints. This
method-allows a gqualitative description of the behavior
of a systém, the system’s characteristics, and response
without the need for exact matheinatical formulations. It
is demonsirated through numerical example that 2 Neural
- based fuzzy approach achieves a logical and feasible
economical cost of operation of the power system, which
is the mﬁjor objective of Unit Commitment (UC}. The
Neural: Network is a powerful tool for optimization
. problems that has been successfully applied to 2 number
" of combinatorial optimization problems. It has the ability
to avoid entrapment in local minima by employing a
flexible memory system. Fuzzy logic is having the
capability of qualitative representative of reéults in terms
of input variables. The solution of Unit Commitment is
a two stage process and it uses the ‘adva'gtage of both
approaches. In the first stage the géﬁerafo} schedule is
prodl_iced using Neural Nétwork and in the second stage
the production cost is calculated using fuzzy logic model.

By doing so, it gives the optimum solution rapidly and
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efficiently. The Neyveli Thermal Power Station (NTPS)
unit I1 in India has been considered as a case study and
extensive studies have also been performed for different
power systems consisting of 10, 20, and 26 generating

units. Numerical results obtained by NBF are compared

" with conventional methods like DP and Lagrangian

Relaxation (LR} to reach proper unit commi_tm?nt.
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1. INTRODUCTION

In all power stations, investment is quite expensive and
the resources needed to operate them are rapidly
becoming more sparse. As a result, the focus today is on’
optimizing the operating cost of ?ower stations. In the
present world, meeting the power demand as well as
optimizing generation has become 2 necessity. Unit
Commitment in power systems refers to the optimization
problem for determining the on/off status of .genérating
units that minimise the operating cost subject to a variety
of constraints for a given time horizon [1}. The solution
of the Unit Commitment Problem (UCP) is complex
optimization problem. Thé exact solution of the UCP can
be obtained by complete enumeration of all feasible
combinations of generating units, which could be huge

number. The unit commitment is commonly forraulated

" as a nonlinear, large scale, mixed-integer combinational
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optimization problerm.
Review of UCP may be found in reference [2]. The DP
method [3-4] based on priority list is flexible, but the
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computational tlme suffers from dimensionality.

Lagrangian Relaxatwn (LR) for UCP [5-6]was superior

" to DP due to its higher solution quality and faster

conmutatidn:ai.ﬁme. However, numerical Convergence
- and solution qﬁality of LR are not satisfactory when
“identical units exist [7]. With the advent of heuristic

approaches, Genetic Algorithm (GA) [8], Evolutionary

Programming (EP) [9], Simulated Annealing (SA) [10],

and Tabu Search (TS) [11] have been proposed to solve
the UC problems. The results obtained by GA, EP, TS
- . and SA requiréd a considerable amount of 60mputatioua1
: ﬁme-espec_ially for large sys_tcm' size. '

Considering the characteristics of the daily Unit
- Comﬁiiﬁnent, one can ﬁpd that the load demand profile
_ vLsué.lly follow some ‘.basi'c'patterns. If the previous
‘sc'heduling information is effectively utilised, a

sigm'ﬁcaut amount of calculation for DP and LR method
* will be saved. In this respect alternate method for UC
has been presented by the authors who employ Artificial
Neural Network (ANN) as the globall optimization
- support.

The use of fuzzy logic has received increased attention

existing scheduling information for various load profile,
and passes the pre-schedule to Fuzzy programming
approach to obtain proper commitment schedule and

allocate the system demand among the committed units,

The effectiveness of the proposed technique has been

* demonstrated by unit commitment on Neyveli Thermal

Power Station in India, which consists of 7 therma units.
The proposed ANN is a typical three layer network, with :

back-propagation learning scheme. Under Fuzzy
environment generation cost and load ‘de'x’ﬁand are all -

expressed in Fuzzy set notation. Integrating ANN and
Fuzzy shows the potential applicability and advantage
in terms of reducing execution time and preserving the

solution feasibility without trading off the solution

cfuality.

2. Unst CoMMITMENT PROBLEM

The unit commitment problem can be mathematically

- described as follows

in recent years because of its usefulness in reducing the

need for complex mathematical meodels in problem
solving. Rather, fuzzy Iogic' erhploys lingnistic terms,
" which déal with the causal relationship between input

-and output. variables. For this‘?re;as_dn, Fuzzy logic

_approacl_z.makes it casier to manipulate and solve many
. problems, particularly where the matheniai;ical model is
ﬁot expiicitly known, or is difficult to solve. Furthermore,
fuz.zy logic is a technique, which approximatés Teasoning,

.. while allowing decisions to be made eﬁ”iciently.

“The pfoposed NBF is a two stage process which consists
of ANN and Fuzzy programmmg approach for the short

* term UC problem. The proposed mtelhgent system

retrieves a pre-schedule by. ANN, which is trained by
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MinF(F)= 33 [(a,+bP +c(P)Y)

+ST:'.: (1- U:',J—l)]Ui,t (1) ; o

where F(P/) is generator fuel cost function in quadratic .

form, a, b, and ¢, are coefficients of unit 7, and P;" is the
power generation of unit 7°at time 7,
Subject to the constraints

{(a) Power baiance constraint

ZP,L;, =B, +P, @

where P} is total load demand at time # and P/ is power
loss at time £.
(b) Spinning reserve constraint

P;)+RI_Z R Gt ¥ <0

i=l

®
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where R’ is spinning reserve constraint at time 7 and NV is
the total number of generator units.

(¢} Generation limit constrajnt
3
where £, . is the minimum generation limit
and P, _is the maximum generation limit of unit 7.

Minimum up and down time constraint

o }‘ Z.f T:',on < z',up
Ur',l = 0 1-f T:',a_[f <T:',a'own (5)
0oFl, otherwise .

where T, is minimum up time, 7, is minimum down
time, 7, , is continuously on timeand 7, 7 is continuously
off time of unit 7,

(e) Startup cost
T, ﬂSo,-[l _Dj e(~Toﬁ‘-.’Tdown,-) ]+E1 (6)
Where S, is cold start-up cost, [, and E, are start-up

cost coefficients for unit {

3. ArTeFicial, NeuraL NETwoRK COMPUTING

In recent years, ANN computing has become an important
branch of the artificial intelligence. The ANN is the
functional imitation of a human brain which simulates
the human intuition. In this study, ANN 1s applied to the

short_term unit commitment.

As shown in figure 1 a three layer (input, hidden and
output layer) model is used for this application. The input
layer of the ANN is configured to adapt to a load demand
profile, which consists of M neurons, with M being the
total hours in the schedule span. For the daily scheduling,
~ there are 24 neurons in the input layer to represent the

forecasted load demand for the next 24 hours.

Input 1
Wi
Output
Input 2
Wl ? Transfer
Function
Input nn
w1

Figure 1 Structure of artifieial neuron

The neurons in the output layer form the output schedule,
which is NxM matrix, and N corresponds to the number
of units to be scheduled. A commitment schedule
contains on/off states of each unit every hour within the
scheduling time span. The state variable can only take 1
or 0 values. When the training is completed, ANN will
produce the corresponding schedule pattern for any input
load profile. However, if the input load profile is not
exactly the same as any of the profiles used in the training,
some of the output neurons will take values between 0

and 1.

4. Fuzzy-logic computing
Fuzzy logic provides not only a meaningful and powerful

representation for measurement of uncertainties but also |
a meaningful representation of vague concept expressed
in natural language. Fuzzy logic is a mathematical fheory,
which encompasses the idea of vagueness when defining
a concept or a meaning. For example, there is uncertainty
or fuzziness in expressions like ‘large‘ or ‘small’, since
these expressions are imprecise and relative. Variables
considered thus are termed *fuzzy* as opposed to ‘crisp®.
Fuzziness is simply one means of describing uncertainty.
Such ideas are readily applicable to the unit commitment

problem.
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‘4.1 Fuzzy UCP model

The objective of every electric utility is to operate at
minimal cost while meeting the load demand and spinning
reserve requirements. In the present formulation, the

l fuzzy variables associated with the UCP are

1. Load capacity of generator {LCG)

2. Incremental fuel cost (1C)

3, Start-up cost (SUC)

4. Production cost (PRC)

The Load capacity of generator is considered to be fuzzy,

_as it is based upon the load to be served. Incremental

fuel cost is taken to be fuzzy, because the cost of fuel

: may change over the period of time, and because the

“cost of fuel for each unit may Be different., Further, the
start-up costs of the units are assumed. to be fuzzy,

“because some units take more time than others to be
placed on line. The start-up cost of each unit depends
npor the recent unit temperature history; for cold starts,
the cost will be higher than for hot starts. The
maintenance costs and crew expenses of the units are
also included in the start-up cost, as are some repair costs.

B Finally, production cost {which includes no-load cost)

of the system is treated as a fuzzy variable since it is
directly proportional to the hourly load. Certain other
variables, such as mmlmum up and mininum down times,
spinning reserve and generator limitations, are considered
to ble crisp variables in the umt commitment problem.

- 4.2 Fuzzy set associated with Unit Commitment

 After identifying the fuzzy variables associated with unit

commitment, the fuzzy sets defining these variables are

- selected and normalized between 0 and 1. This

normalized value can be muitiplied by a selected scale

- factor to accommodate any desired variable. The sets

o deﬂning the load capacity of the generator are as follows:

LCG (MW) = {LOW, Below Average, Average,

Above Average, High}
The incremental cost is stated by the following sets:
IC (Rs) = {Zero, Small, Large}
The sets representing the start-up cost are shown below:
SUC (Rs) = {Low, Medium, High}
The production cost, chosen as the objective function, is
given by:
PRC (3) = {Low, Below Average, Average,
Above Average, High}
Based on the aforementioned fuzzy sets, the membership '
functions are chosen for each fuzzy input and output
variable. _
For convenience, a triangular shape is used to illustrate
the membership functions considered here. Once these
sets are established, the input variables are then related
to the output variable by If~then rules as described in the
next section.
4.3 Fuzzy If-Then Rules
If fuzzy logic based approach decisions are made by
forming a series of rules that relate the input variablesto
the output variable using If-then statements. The If

(condition) is an antecedent to the then (consequence)

 of each rule. Each rule in general can be represented in
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the followihg mannetr:

If (antecedent) ... then (consequence)

Load capacity of generator, incremental fuel
cost, and start-up cost are considered as input variables
and production cost is treated as the output variable. This
relation between the imput variables and the output
variable is given as:

Production cost {Load capacity of generator}
and {Incremental fuel cost} and {Start-up cost}

In fuzzy set notation this is written as,

PRC = LCG )" IC )" SUC

Hence, the membership function of the preduction cost, -

uPRC is computed as follows:
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uPRC = pLCG)” pIC )" pSUC or

uPRC = min {pLCG, pIC, uSUC}
where uLCG, pIC and pSUC are memberships value of
load capacity of generator, incremental fuel cost, and
start-up cost respectively.
Using the above notation, fuzzy rules are written to
~ associate fuzzy input variables with the fuzzy output

variable. Based upjgn these relationships, a total of 43

E ~ rulescanbe composed since there are 5 sub sets for load

capacity of generator, 3 subsets for mcremental cost and
3 subsets for start-up cost (5*3*3—45)
For example, rule 1 for the load capacity of the 'gencrator
can be wﬁtten as follows:
Rule 1:

If  Load capacity of génerator irs low and

_ Incremental fuel cost is small and
- Start up cost is low,
then Production cost is low.

.A'ftcr relating the input variable to the output variable,

the fuzzy results must be defuzzified through what is

called a defuzzification process to achieve crisp
" numerical values. |

4.4 Defuzzification process

- Ome of the most commouly used methods of
' defuzzification is the centroid or center-of-gravity
method. Using this method, the prod_uétion cost is

obtained as follows

Z p(PRC) * PRC,
= (7
Z#(PRC),-

i=l

- ‘Productioncost =

where - u(PRC), is the membership value of the clipped
.output, PRCl.is the quantitative value of the clipped outﬁut

- and n is the number of the points corresponding to

quantifative value of the output.

5, Neuro-Fuzzy Implementation

The solution process consists of two steps. In the first
step the forecasted load demand profile is giveﬁ as input
to the trained ANN. The ANN is trained with input/
pattern data for most of the typical commitment
schedules. Therefore the output represents a schedule
for the given load profile with a degree of uncertaihty.

This output is denotcd as a pre-schedule.

The second step consists of removing uncertainty in the
schedule, allocating the system demand among operating
units and calculating total production cost for the period

of 24 hours.

In the proposed method,:_each hour represents a stage, -
and according to the content of the pi’e-schedﬁle at this
hour, a stage belongs to determined stage or undetermined
stage. The determined stage represents an hour in the
pre-schedule when all the units have certain states.
Undetermined stage represents an hour in the pre-

.schedule when some units have uncertain states.

Obviously, in order to obtain a complete commitment
schedule, undermined stages need to be processed further.
Uncertain states are presented by their probabilities
(valued between 0 and 1) in the ANN. A higher
probability indicates that the unit is more likely to be
committed at the current hour. This motivates us to
arrange all the uncertain units according to their .

probability values computed by the ANN.

Certain uncertain states are made to certain state based :
on minimum uptime and mn:umum down time, If at hour
j unit § has uncertain state, but at hours j-1andj+l, it has
the certain state of 1, and its minimum down time is
greater than one hour, then unit / is a must-on unit at
hour j. . If at hour j unit £ has uncertain state, but at hours
j-1 and j+1, it has the certain state of 0, and its minimum
up time is greater than one hour, then unit 7 is a must-off

unit at hour j.
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Based on minimum up/down time and full load average
production cost a generator schedule is arrived. The
-. economic dispatch is simultaneously solved via a
guadratic programming routine. The production cast of
each uiiit at each hour is calculated based on its
_ 'membershi;.: value. _

. -Eigure 2 shows the flow chart of the proposed NBF
algorithm.

The major steps of the algorithm are summarized as

o ,follows.

I. Input the load and generator data

2. Identify fuzzy input and output variables.

3. Trained Neural Network generates a pre-schedule.
4. All the uncertain state in the pre-schedule is made

certain state.

Lh

Generate units schedule.
6. Conduct economic dispatch
. 7. Defuzzify the output variable (Production cost) from

its membership value.

Start

L Read load and generator data |
v
lecntify the fuzzy variables ]
' ¥

Relate input and output vaniable
using Fuzzy (if-then) mles

¥
. ' ANN generates a pre-Schedule l

I Generate a units schedule ! :

L Perform Eccnomic dispatch |

v

Defuzzify the membership value of
production cost to obtain crisp value

Display the resuit

Figure 2 Neuro-Fuzzy Programming algorithm

6. NuMmERICAL REsuLTs

A total of 25 training patterns are used in this study which
is generated by the Lagrangian relaxation method. The
wraining of each load pattern takes approximately two to
three minutes. To minimise the dimensions of ANN, the
base units with high minimum up/down time units are
not included in the output layer because their schedules
are already determined. Figure 3 shows that the proposed
ANN takes 380 epochs to make the sum squared error to
ZEero 'during training,

0.8 4
0.7 4
0.6 4
0.5 1
0.4 -
0.3 -
0.2
0.1

0 ‘ - T -
0 100 200 300 400

Epochs

Sum squared error

Figure 3 Sum squared error and epochs required
6.1 Case Study

A NTPS in India with seven generating units has been
considered as case study. A time period of 24 hours is
considered and the UC problem is solved for these seven
units and also compared with 10, 20 and 26 generating
unit power systems. The cost coefficient and maximum
real power generation of each unit of NTPS are given in
Table 1 and load demand for 24 hours is given in Table
2.

The UC schedule generated by the proposed ANN is -
supplied as input to the Fuzzy programming approach,
which calculates the cost of real power generation, Using
production cost as the output variable, and the load
capacity of generator, incremental fuel cost and start-up
cost as input variables, the fuzzy sets describing LCG,
IC, SUC, and PRC are illustrated in
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TFable 1 Cost coefficient of NTES 7 unit system

Running cost Start-up cost Min. | Min.
. Pmin Pmax . llp dOWIl
Unit ¢ by & So; Di E; . .
MW) | MW) | b | RyWh | R/Wh? | Rs | Rs | Rs t‘('g"' t‘(‘;f’
i 15 60 750 70 (.255 4250 | 29.5 | 10 3 3
S 2 20 20 1250 75 0.198 5050 {2951 10 3 3
3. 30 100 2000 70 0.198 5700 | 285 | 10 3 3
4 257 120 1600 70 0.191 4700 | 3251 9 3 3
5 50 150 1450 75 0.106 5650 32 9 5 5
6 50 150 4950 65 0.0675 14100 | 37.5 | 45 5 5
7 75 200 4100 60 - 0.074 11350 | 32 5.5 6 6
Téble 2 Load hour data for 24 hour
| Hour (11;:;;1;) Hour (Ii,(;&?) Hoyr éﬁ;‘}) Hour L:F Gnand,} Hour (11(:;;3) - Hour é‘;?;,l)
1 840 5 770 9 770 13 545 17 449 21 460
2 757 6 778 10 764 14 538 i8 439 22 434 |
3 775 7 757 11 598 15 535 19 466 23 530 .
4 773 8 778 12 595 16 466 .20 463 24 840
- figures 4, 5, 6 and 7. It is to be noted that the ranges of
each subset are chosen in a subjective manner. ¥For 1
example; if the load range thatcan be served by the largest 7 zero
generator is between 0-200 MW, then high LCG could iG :SL’A"‘::;
be chosen within a range of 170-200 MW. This allows a
relative comparison of the linguistic definitions with the /N b -
: & —& A "
numerical values. Similarly, the subsets for other T T T T IC (Rs}

94 99 108 130

variables can be linguistically defined.
' Figure 5 Assigned membership function of

A
' Lo cLow Incremental fuel cost
1L BAY AV AAV H BAV -Below Average
AV -Average A
1 AAV -Above Average
. H  -High z 8 LG
&) i
8 ' Z  Zero
E o s -Small
' 8 LG -Large
e
. =
™ Ll
FTT T T e
o b tua s s ) v ——
61 o5 129 170 200 T T T SUC(Rs)
‘ Q3 7 12 17 28 X10°

~ Figure 4 Assigned membership function of load

capacity of generator Figure 6 Assigned membership function of

start-up cost -
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value of the production cost of unit 1 is calculated as"
& '
: L Low follows:
L BAV. AV AAV H BAV -Below Average
: AV -Average
AAV -Above Average PRC 0.5(5000+ 6100+ 7200}
H -High = -
i - (3*0.5)
=Rs.6100
- B The same method is used to find the production cost of
T 1 e - ~
‘ other units. From the above procedure, the total cost for
5| 8 |nas 157 |isas
6.876 9.876 1325 17 20 X10°

- Figure 7 Assigned membership function of -
' Production cost

-Calculations are shown below for one period in which
all seven units are on line and supplying a total load of
840 MW (Period 1 in Table 3). These units are committed
“according to their incremental fuel costs from lowest to
‘highest. The production cost for unit 1 which supplies
. 60 MW is arrived at using rules 1and 2,
-Rule 1:
If  Load capacity of geheratdr is low and
' Incremental fuel cost is small and
- Start up cost is low,
then Product:on cost is low.
| WPRC) = Minfi(LCG), W(IC), u(SUC)]
. W(PRC) = Min[0.6,0.5,1]71 0.5 |
_ Rule 2:
- Jf Load capacity of generator is low and
' Incremental fuel cost is large and
Start up cost is low, .
then Production cost is low.
 (PRC) = Minlu(LCG), 1(IC), W(SUC)]
- W(PRC) = Min[0.6,0.2,1] 1 02

period one can be calculated as
= 6100+9130+9820+10500
+15300+15400+18800

Total Cost

= Rs. 85050

0.5

PRC(Rs)

3000 7200

Figure 8 Crisp value of production cost of unit 1

A graphical representation of the above defuzzification
is depicted in figure 8. A PC-based code was developed
to compute the valu.es of the oufput using MATLAB, Tt
calculates the crisp values of outputs for given inputs.

The complete set of results of this approach for a given '

- load pattern is shown in Table 3. In Table 3, zero indicates

. that the unit is off and real power generation shows that

V'-Since the output of the above rule is in the low -

- region of the Production Cbst, these output values are
combmed using the max operatxon
H(PRC) = Maxf0.5,0.2] *! 0. 5
" The next step is to defuzzify the fuzzy -output by fhe
centrbid method using Equation (7). "I‘hcfe_fore, the crisp
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the unit is on. A comparison of results shown in Table 4
indicates that the NBF outcomes are comparable to those
of conventional methods like dynamic programming and : ‘
lagrangian relaxation.. The dynamic programming and -
lagrangian relaxation have been implemented uéing C
language and Neural Network method has been

implemeﬁted in MATLAB for comparison,




Application of Neural Based Fuzzy to Unit Commitment

The CPU times shown in table 4 of NBF, DP and LR are obtained from a PentiumIV,2.9GHz and 256 MB RAM

peisonal computer. However the CPU times of NBF are smaller than those of other methods. Moreover the CPU time

of NBF increases linearly with system size which is favorable for large scale implementation.

Table 3 Generator schedule and power generation of Neyveli Thermal Power Stafion 7 unit system

Tﬁble 4 Comparison of cost and CPU time

Total Cost CPU time
System  Methods PU (Seq)
DP 1 180
NTPS NN 0.98089 20
7 units LR 0.97913 169
NBF 0.97837 5
DP i 246
. NN 0.96521 27
10Units 0.94430 230
NBF 0.94301 3
DP g 502
: NN 0.97531 32
| Zoumts g 005484 485
NBF 0.04357 11
DP i 1849
. NN 0.98437 43
26Units  7p 0.95724 1838
NEF 0.94132 - 17

Ho Load Generation of units (M'W)
MW) 1 2 3 4 5 i 7
1 840 60 80 982 101.8 150 150 200
2 757 60 0 9673 10027 150 150 200
3 775 60 0 100 115 150 150 - 200
4 773 60 0 100 113 - 150 150 200
5 770 60 0 100 110 150 150 200
6 778 60 0 100 118 150 150 200
7 757 60 0 9673 100.27 150 150 200
8 778 . 60 0 100 118 - 150 150 200
9 770 60 0 100 110 150 150 200
10 764 60 0 100 104 150 150 200
13l 598 0 0 0 98 150 150 200
12 595 0 0 0 95.86 14914 150 200
13 545 46.11 0 0 61.56 87.33 150 200
14 538 4463 0O 0 59.5% 83.78 150 200
15 535 4400 0 0 58.74 82.26 150 200
i6 466 0 0 0 116 150 0 200
17 449 0 0 0 .. 9 150 0 200
18 439 0 0 0 93.72 14528 0 200
19 466 0 0 0 116 150 0 200
200 463 0 6 0 113 150 0 200
21 460 0 0 0 110 150 0 200
22 434 0 0 0 91.93 14207 0 200
23 530 60 0 0 120 150 0 200
24 340 60 80 98.2 101.8 150 150 200

Total operating cost Rs. 15,63,830
Conclusion |
A new technique using Neuro Fuzzy programming has
been developed for UC of a power system. As the size
of the system grows and more complicated constraints
are imposed, it is often insufficient to rely on human

intuition to achieve the optimal solution. Hence ‘more

" Tigorous programming like NBF is implemented for

solving the UC problem. The existing methods isuch bp
and LR provide effective alternative for evaluating -
commitment plans, However, they demand a vast amount

of calculating power.
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_The redundancy involved 'in the {:uathematical
programming is effectively avoided and depending on
the siinilarity between the given load profile and ité
matched set inside the Neurai Network, various savmg

*in execution time can be achleved
The developed algorithm is applied to the UCP of NTPS

- in India and 10, 20 and 26 unit systems. Results from the

‘ presont study reveal that fhe proposed NBF is very
-gffective in reaching an optimal commitment schedule,

It is demonstrated by the case study that the hybfid

_algorithm preserves the opﬁmizat_ion accuracy by the

_Lagf_ahgian Rrelaxation procedore and overcomes
unnecessary calculations for similar load profiles.
VA_c'co_rdiugly, NBF is suitable for UC due to the
substantial production cost saving and ,fa-tst computing

" time.
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