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Abstract: Dissolved gas-in-oil analysis (DGA) isme of the most useful techniques to detect the ipdént faults in
large oil-filled transformers. Various methods havebeen developed to interpret DGA results. Among tha are the
Key Gas, Rogers Ratio, Logarithmic Nomograph, Doeranburg, IEC Ratio and Duval Triangle. This paper ugd the
DGA data from 69 different cases to test the accumy and consistency of these methods in interpretinghe
transformer condition. The key gases considered foevaluation are hydrogen, methane, ethane, ethylenand
acetylene. MATLAB programs with and without using Fuzzy logic were developed to automate the evaluaticof
each method. The difference on accuracy and congisicy of each method using and not using Fuzzy logis
presented.

Index Terms— DGA interpretation method, Fuzzy Logig fault gases.

accuracy of each method in predicting the fault &mel
I. INTRODUCTION consistency of each method.
) ] These methods commonly use the multiple numeric
The DGA methods have been employed widely in thgesholds and gas ratio boundaries to classifyifes of the
transformer industry  for  condition assessmenfissolved gas data as to membership in variousvilte
Stemming from breakdown or decomposition of tene interval membership information is used to finée
insulation oil, cellulose or paper, gases at Va&iOWiagnosis. When a fault is intermittent or of lomtensity,
concentrations, such as hydrogen;)(Hmethane (Ch), some of the input features may fall near but oetside
ethane (GHy), ethylene (GH,), acetylene (@), carbon eynected intervals, with the result that no diagnds
monoxide (CO), and carbon dioxide (gOmay be released gpiained. There is a possibility to smooth thesestolds
and partly dissolved in the oil. The causes ofttfeakdown 5.4 ratio boundaries by using Fuzzy Logic [1-3].
or decomposition of the insulation material areilaited to Fuzzy Logic is known as one of the expert systemas t
electrical and thermal stresses in the transforenciples ;1 pe used to diagnose the faults because obilityan
have been developed in the D@ethod for the judgment giqring knowledge and using it to make decision Hére,
of the fault conditions according to the resultenir gas he final diagnosis rules are automatically deteedi and
chromatographic analysis. ~ Currently there are rS&Veje membership functions of the corresponding fuzzy
methods developed to do the interpretation of &t type gypsets are simultaneously adjusted. This can éteer
from the dissolved gas data. In this paper, then&ihods of j qgment on the diagnosis of transformer faults. this
?nterpretation of the fault gases of mineral oile @lpaper, evaluation of DGA methods was firstly domsing
investigated and compared. They are: Key Gas, Roggf|y hasic coding and construction of Simulink loc
Ratio, Doernenburg, Logarithmic Nomograph, IEC Rat'diagram. Then the same set of DGA data was evaluate
and Duval Triangle. The study was done to evaldh€® sing a Fuzzy Logic controller. The results arenthe

analyzed and compared.
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TABLE 1:
SET OF DATA USED IN ANALYSIS
Fault Type Fault Type Number of
Code cases

Thermal fault at low Fu 1
temperature

Overheating and sparking F 33
Arcing Fs 22
Partial Discharge and Corong Fq 8
Normal Fs 5

The testing method should be the same for each D
interpretation method in order to compare theiuaacy and
consistency. Each method diagnosis was groupeddingo
to the faults type code for comparison. This isvaihan
Table 2.

TABLE 2:
GROUPING FOR FAULT TYPE CODES
Method F1 Fa Fs Fa Fs
Roger Slight Conductor Flashover. PDs Normal
overheating | overheating
<150C Arcing PDs with
Winding tracking
Overheating | circulating Continuous
150°C-200C | current sparking.
Overheating | Core/tank
200°C-300°C | circulating
current.
IEC Thermal fault| Thermal fault |Discharge | PDs of low | Normal
<150°C 300°C-700C |of low energy
energy density
Thermal fault | Thermal fault
15(°C-300C | > 700C Discharge | PDs of high
of high energy
energy density
Nomograph Heating Heating and | Arcing Arcing, Normal
Discharge heating and| (<L1)
Arcing and | discharge
heating
Arcing and
discharge
Doernenburg Thermal Thermal Arcing Corona Norma|
decomposition decomposition| (<L1)
with very high
ratio 4
Duval Thermal fault|[Thermal faull Low PDs Normal
<300°C 30C°C-700C energy (<L1)
discharge | Mix thermal
Thermal fault > and
75C°C High electrical
energy faults
discharge
Key Gas Principal Principal gas:| Principal Principal Normal
gas:CHand | CH, gas: GH, gas: H (<L1)
CoHg

A. Basic coding and Simulink diagram (Without Fuzzy
System)

The comparison for each method was done using
MATLAB programming. A program was developed to run

the test based on each method rules for diagndsantaults.
This involved several coding and Simulink block gieams
to run the test. An example is shown in Figurenlgeneral,
the diagrams consist of three main sections. Trise dection
is for checking the limit value of the fault gasés
applicable. The second section is for calculating tatio
and finding the ratio coding if applicable. Thetlasction
provides the diagnosis based on the ratio codiggesee or
ratio value or fault gas value.

Fig 1: Example of Simulink block diagram develogedtesting.

B. Fuzzy diagnosis systems

i. Roger’'s Ratio Fuzzy System

This fuzzy system consists of 4 ratio codes astspthe
output comprises 13 interpretation results basedhenll
fault types shown in Table 3 plus one ‘normal’ ameé ‘no
prediction’ to cover those ratio code sequencesnubided
in the table.

TABLE 3:
CLASSIFICATION OF FAULTS BASED ON ROGER'S RATIO
CODES[5]
i i k 1 Diagnosis
0 0 0 0 Normal deterioration
5 0 0 0 Partial discharge
1-2 0 ] ] Slight overheating
=150 C
1-2 1 0 o Owerheating
150" c-200° C
o 1 ] o Owerheating
200" C-300"C
4] 0 1 o General conductor
overheating
1 0 1 ] Winding circulating
currents
1 0 2 1] Core and tank
circulating currents,
overheated joints
t] 0 ] 1 Flashover without
power follow through
(V] (4] 1-2 1-2 Arc with power follow
through
(V] (8] 2 2 Continuous sparking
to floating potential
5 0 ] 1-2 Partial discharge with
tracking (note CO)

The 4 ratios are classified as either Low (Lo), Med
(Med), High (Hi) or Very High (Vhi) according to
membership intervals as defined below:

| = CH,/ CH, ={Lo, Med, Hi}

i = CH, / H,={Lo, Med, Hi, Vhi}
k = GH,/ CHg = {Lo, Med, Hi}
j = C,Hg / CHy={Lo, Hi}

. (5 Lo Uu < ol 0 Lo U<
=10 Med o01< U <10 'TJIMed @ <U <30
1 Hi 10 < U <30 2 Hi U >3

2 Vhi U > 30
_ [0 Lo U <10 (0 Lo U <10
_1Med 10 < U S3OJ_{1 Hi U >10
2 Hi U > 30

The membership boundaries are fuzzified by usirg th
following functions:
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a) Triangular function Fault(1)=min[i=Med ,j=Lo, k=Lo, I=L0]
0 for u<a Fault(3)=max{ min[i=Hi, j=Lo, k=Lo, I=Lo],
T(u;a b c)3u-a)/-a  for asu<b minfi=Med, j=Lo, k=Lo, I=L}j
(c—u)/(c-b) for b<u<c
0 for u>c

il. IEC Ratio Fuzzy System
This system has 3 ratios as inputs and 10 conditésn
outputs (including “no prediction” output and the 9
Trapezoid1 (u; a, b, ¢, d ) u-8/b-3 for  asu<b conditions from Table 4). The 3 ratios are simptifiand
1 for  b<us<c classified as either Low (Lo), Medium (Med) or HigHi)

b) Trapezoidal function
0 for u<a

(d-u/d-9 for c<us<d according to membership intervals as defined below:
0 for u>d
c) Linear function declining (L-function) I = CH, / GH, ={Lo, Med, Hi}
1 for u<a i = CH, / Hy={Lo, Med, Hi}
Lwab)Iy_aib-g for a<uct k =GHs/CHs ={Lo, Med, Hi}
0 for u>b
d) Linear function increasingI{-function) |=[0 Lo U <ol [t U<
0 for u<a 1 Med 01<U <3 {0Med Ql<U <1C
F(U?a-b):(u—a)/(b—a) for a<u<b 2 Hi U >30 2 Hi  U>10
1 for u>b k=L U<D

1Med 10<U <3

An example of fuzzy membership function for the Bog 2 H  U>D

4 ratio input classifications is illustrated in Gig 2.
TABLE 4

CLASSIFICATION OF FAULTS BASED ON IEC RATIO CODES]

Lo Med Hi VHi - —
1 1 i k Characteristic fault
0 0 0 Normal ageing
_ * | ] Partial discharge of low
a b c d e f u

energy density

1 1 0 Partial discharge of high
energy density
Fig 2: Input code i membership function for Rogéatio Method -1 0 I-2 | Discharge of low energy
2 (Continuous sparking)
Fuzzy inference consists of two components whiehtlae b0 2 D}‘;:‘Cﬂﬁl:’fﬁﬂ%‘;&g‘
antecedent (IF part) and the consequent (THEN .pdete, ' thmr:lgh)
the fuzzy inference rules are based on the fault 0] o0 I Thermal fault <150°C
interpretations given in Table 3. 18 inference sutan be 0] 2 | 0 | Thermalfault 150™300°C
derived out of the total of 72 possible rules (43&). With N e
the fuzzy logic technique, the partial membershipym o 2 2 Thermal fault S700°C

improve the number of matched cases as comparéueto
ordinary crisp set theory. The following are sormaraples

of the fuzzy rules: The types of fuzzy membership functions used agestime

as the previous method. Only 11 inference rulesod27
possible rules (3x3x3) can be derived. The infezeand

Rules 1: IF i=Med AND j=Lo AND k=Lo AND I=Lo diagnosis vector for this method was developedgusire
THEN Faults(1) same technique as for the Roger’s Ratio method.

Rules 3: IF i=Hi AND j:LO AND k=Lo AND I=Lo iii. Doernenburg Ratio Fuzzy System

THEN Faults(3) Rules 4: IF i=VHi AND j=Lo AND This method first checks the measured concentstién
k=Lo AND I=Lo THEN Faults(3) the key gases against the limits L1 as specifiedable

5(A). If all are within the limits then the diagnesvould be

“normal”. Otherwise, it indicates a fault conditjoand 4

ratios are then calculated based on the gas coatiens

and used to classify the fault.

The output of the fuzzy inference can be obtaingidgu
the Mamdani's Max-Min composition technique. Hehe t
logical ‘AND’ is replaced with the minimization opsor
and the logical ‘OR’ is replaced with the maximinat
operator [3]. Based on the Roger’s ratio rules,ftfiewing
are some examples of the diagnosed equations:
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TABLE 5:

CONCENTRATION L1 (A) AND FAULT DIAGNOSIS FOR

DOERNENBURG RATIO METHOD (B) [8]
. TABLE 6:
Key Gas Concentrations L1
epm L1 LIMITS FOR DUVAL TRIANGLE METHOD[9]
Hydrogen (Hy) 100
Methane (CHy) 120
Carbon Monoxide (CO) 350 Gas L1 Limits
Acetylene (CyHj) 35 Hz 100
Ethylene (C;Hy) 50 CH. 75
Ethane (C,Hg) 65 CaHa 3
(A) CaHe 75
Ratio 1 (R1) Ratio 2 (R2) Ratio 3 (R3) Ratio 4 (Rd) Cahe 5
CHy/H, CH,/CyHy CyH,y/CHy C,Hy/C,H, CO 7oo
Suggested Fault Extracted From Extracted From Extracted From Extracted From COq 7,000
Diagnosis 0il Gas Space 0il Gas Space 0il Gas Space 0il Gas Space
1-Thermal -1.0 0.1 0.75 <10 <03 <0.1 =04 =02
Decomposition .. . .
{P Lo w1 oo vesmiom 03 o1 s o The 3 gas percentages are divided into intervdlsoZZ7
Tmeasity PD) for CH, percentage, SO to S6 fogH, percentage, and PO to
inensin) G0y T me e P7 for GH, percentage. These are shown in Figure 3 and
(B) defined as follows:
The 4 ratios give 8 different input parametersedsrred i d
to Table 5(B) (4 for first column and 4 for secarmumn) —

and 5 conditions (normal, thermal, corona, no mtéuti and
arcing) as output parameter. The input ratios ¢&assified
as either Low, Medium or High according to membigrsh
intervals as defined below:

Z2
60 /-
% CH, /
A

40 £

R1=CH/H,
R2 = GH,/ CH,
R3= GHg/ CH,
R4= GH¢ CHs

R11 ={Lo, Med, Hi} R12 ={Lo, Med, Hi}

o d

R21 ={Lo, Hi} R22 ={Lo, Hi} E 8o w M 20 R
R31 ={Lo, Hi} R32 ={Lo, Hi} : —
R4l ={Lo, Hi} R42 ={Lo, Hi} Fig 3: Duval Triangle classification.
R11=f0 Lo U <a R12-/0 Lo U <1 71 U <50 S1 U<2
1Med @<U <10 1 Med 1<U <01 72 50<U <83 o2 oo
2 H U >10 2 Hi U >al o CHz | 28 63<U <80 % GH. = 2<U <20
R21=[0 Lo U<O075 R22=(0 Lo U <10 o CH, Vs 6GH:=|s3 20<U <23
{1 Hi  U> 075 {1 Ho U >10 Z4 80<U <88 S4 23<U <37
R31=[0 Lo U<03 R32=(0 Lo U <Ol 25 88<U <96 S5 37<U <50
{1 Hi  U>o03 {1 Hi  U>o01 Z6 96=<U <98 S6 U >50
R41=(0 Lo U<04 R4250 Lo U<02 Zz7 U =98
{1 Hi  U> 04 {1 Hi  U> 02 P1 U<?2
The fuzzifying membership functions are the ¢ P2 2sU<4
uzzifyi ship functions s
used in the Rogegr’s Ratio metFt)wd. The fuzzy infeéwn?;s %CH,=| P3 4<U<l2
are based on the fault interpretation shown in @&B). In P4 12<U <14
this case, only 6 fuzzy inferences (3 for firstuoh and 3 P5 14<U <28
for second column) can be derived out of the tofati8 P6 28<U <77
possible rules (3x2x2x2 + 3x2x2x2). P7 U=x>77

iv. Duval Triangle Ratio Fuzzy System

The types of fuzzy membership function used fos thi

This system consists of 3 gas percentages as JESIN nethod are the same as for previous methods. Based
and the 7 regions in the Duval triangle as the WSIP mempership functions of the inputs, this systemteare up
Similar to the approach used in the previous methbteast 14 294 rules (7x6x7). However as the total %,GH% CH,

one of the gas values must exceed a specified () in | o5 CH, must be 100, some rules are not used. The rules
order to be considered as having a fault. Tablst§ the gas |yqre developed based on the regions shown in Figure
limiting values for the Duval Triangle method.
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TABLE 7:
RESULT ANALYSIS FOR EACH TYPE OF FAULTS WITHOUT

FUZZY (WF) AND WITH FUZZY SYSTEM (FS)

Method | Faults | Number of | Number of % Consistency
Code | predictions | correct | Successful ©)
60 P) predictions | prediction
% CHy / ® ©)

WF | FS | WF [ FS | WF | FS | WF [ FS

Roger 5 1 1 0 0 0%| 0% 26%30%

F 13 16 13 16| 39%48%
R 13 17 12 14| 55%64%
F4 3 3 3 3 | 38% 38%
Fs 1 1 0 0 0%]| 0%

56 IEC 1 1 0 1 0%| 0% 29% 40po
8 80 w0 ¥ onF T 2 14 | 26| 14| 26| 42%79%
%G Fs | 17 | 19| 15| 18] 68%82%
Figure 4: Regions used to develop Duval Trianglezlfisystem Fa 1 3 1 3 | 13% 38%

Fs 1 1 1 0 | 20% 0%
6 0 0| 0%| 0% 68%68%)
23 | 23| 21| 21| 64%64%

Only 70 rules were created for this method. The®e anomograph
based on the rules covering each region in Figuae Usted

below: 19 | 19| 17| 17| 77%77%
D1 = 24 rules D2 =7 rules 15| 15| 8 8 [ 10094009
DT=13 rules T1 =10 rules 6 6 | 5] 5 [100%4009
T2 =11 rules T3 =4 rules Doernenburg 0 0 0 0 0%| 0% 36%63%
PD =1 rules Total = 70 rules 15| 23| 15| 21| 45%64%

9 13 8 13| 36%59%
1 1 0 1 [ 0%| 139
10044009

The rule components and the output inferences ©f th
method were derived using the same technique as |the
previous method.

Duval 2 [ 2] 1] 110094009 82% (84%)
31| 31| 29| 28| 88%85%
0, 0,
v. Key Gas Fuzzy System ";6 246 221 22 ;:0 0%3%2/
. . (]
This system is based on the values of the faukgaden 5 T 6 1 51 5 1o0dao0o
at least one exceeds the threshold value. Hervallkey Key Gas > 1 21 11 1110092000 77% 779

gases were used as inputs and the output is theltStypes 28 | 28| 33| 33| 10008000
as classified in Table 2. The membership of theyuzet 11 | 11| 10| 10| 45%45%

“Lo” “Med” or “Hi” was used for each fault gas. F2 | 3| 3| 3| 3] 38%38%
F | 5[ 5] 5] 5 [10091009

PRl ALY e Ul P el P o P Il P IN AR P (Pl Rl Pl Pl e
o
=
a

vi. Logarithmic Nomograph Fuzzy System
This method combines the fault gas ratio concetfit thie The results are presented in Table 7. For systdthsut
Key Gas threshold value. It consists of a seriesesfical fuzzy logic, it clearly shows that those methodscivake
logarithmic scales representing the concentratiohshe into account the limit value of fault gases befahaing
individual gases. Straight lines are drawn betwagjacent diagnosis have better success in predicting themabor
scales to connect the points representing the sadfighe condition. On the other hand, methods that haveimib
individual gas concentration. The diagnostic ciiefor values of fault gases always fail to predict thernmal
determining the type of fault are based on theedayf these condition. This affects the consistency result. éNtite low
lines. There are 28 fuzzy inference rules (2x2x7cthis consistency value (<50%) with some of the methdiis
type of slope multiplied with type of faults andmiber of found that the Duval Triangle method is the mostsistent
vertical axes). The membership functions are thesli type method followed by the Key Gas, Nomograph,
L-function andI” -function. Doernenburg, IEC Ratio and lastly the Roger Rataihmd
(when tested without using fuzzy logic).
. RESULTS By applying fuzzy logic, the analysis shows thaé th
consistencies of most methods are improved. Thepgxms
Each method was tested against all the 69 cas#seinare the Nomograph and the Key Gas method where
data set. The percentages of successful prediciioth consistencies remain at the same values. The Ouiaxigle
consistency are calculated using the following folem: method is still the most consistent method with 2%

R consistency improvement followed by Key Gas with no
S, = En x100 (1 ; ; ;
Fn T Nlumber of cases of En improvement, Nomograph with no improvement,
=5 Doernenburg with 27% improvement, IEC with 11%
(= 2 s Ser %100 2) improvement and lastly Roger's method with 4%
Number of fault types improvement.
where: It was also found that for both types of systerhe, liest
F, = fault type code (n=1,2,3,4,5) methods for predicting fault types F1 and F2 aee Duval

Triangle and the Key Gas method. The Duval Triangle
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method also is the best method for predicting fagdes F3 fuzzy logic was explored. The results show thats¢ho
and F5. Other than the Duval Triangle, the Nomolgresp methods using specific codes in their interpretatimve

the best method for predicting fault types F5 add F

higher value of accuracy for predicted cases i lsgstems

In addition to consistency, the accuracy of eacthaweis (with or without fuzzy logic) when compared to athe
another parameter used for comparison. Here, ttoaracy However, the accuracy is somewhat worsened whezy fuz
is calculated in two different way#, when considering Systtm was applied. This is because the number of
only the predicted casek, andA; when considering the Predictions when using fuzzy system is increasedi tais

total number of casé€k.. Their formulas are:

increases the possibility of incorrect predictioRawever,

there are some improvements on the accuracy bastatad

Te

cases and the consistency when using fuzzy systethdse

A, = —Fx100 (3 methods even though the values are still less titaer
Te methods.
T, The reversed results were found for those methbas t
Ar = _I_—><100 (4 use direct values of fault gases in their integdieh as

c
TABLE 8:

COMPARISON OF ACCURACY VALUES.

Roger IEC  [NomographDoernenburg Duval | Key Gas

WF |FS| WF |FS| WF [FS|WF | FS | WF | FS| WF |FS

Total cases,| 69 | 69| 69 | 69| 69 | 69| 69 [ 69 69| 69 69 | 69

Tc

Number of | 31 | 38| 34 | 50 69 | 69| 31 54 69| 69 69 | 69

%Accuracy | 41 | 48| 45 | 68 74 | 74| 41 58 84| 84 75 | 75
( total cases;
Ar

2.

The results are summarized in Table 8. Without gisin
fuzzy logic, the results based on the predictecesahow
that all methods have accuracy more than 70 perdémt
most accurate is the IEC Ratio method followed bg t
Roger Ratio, Doernenburg, Duval Triangle, Key Gad a
Nomograph method. As can be seen from the tabteseth 3:
methods that used specific code in their diagnosige high
accuracy (>90%). On the other hand, methods thetirect
interpretation based on each value of fault gasesless
accurate. However, the accuracy based on therataber
of cases shows a different trend. Because of tjte fuimber
of cases with no prediction, the accuracy dropsifsogntly
(<70%) for methods that used specific codes in the
diagnosis.

When fuzzy logic was applied, the accuracy basethen g
total number of cases improves as the number of ‘no
predictions’ is now smaller. The accuracy of they&oRatio
method has increased by 7%, IEC method by 23%,
Doernenburg by 17% and Duval Triangle by 2%. A8.
Nomograph and Key Gas are the two methods thadivset
values of fault gases, the application of fuzzyidatpes not
affect their accuracy values.

IV. CONCLUSION

In this paper, a comprehensive investigation ofousr
methods for interpreting DGA results was carried aod
the possibility of improving the diagnosis with tlaéd of

against methods that use specific codes. Theseodgettave
higher consistency and accuracy based on totals dase
have low values of accuracy based on predictedscase
compare to other methods in both systems. Thigpeaed
because they attempt to provide predictions forcabes.
But as they have all the interpretations, the mtésh is

No 383135 |19 o o3| 15[ o] d of d FE _ -
predictions, likely to be incorrect for certain cases. Indeed floese
Tne methods, the application of fuzzy system does mprove

predictions, the diagnosis results. This is because these nmethoel
T direct methods and do not have multiple numeriegholds
Cr‘:(;‘i*ccﬁ‘ons 28| 33| 81| 47| 51 |51f 28| 40 | 58] 51 52 [ 52) and gas ratio boundaries that can be improved plyiag

-’?R ’ fuzzy membership function.

Incorrect 3 5 3 3 18| 14 3 14 11| 1q 17 | 17
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'R. Rejathy, Bidding Strategies for

'R. Gnanadass,
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K. Manivannan, Generation Companies | ———
2 H . . . Energy and Avtificial Intelligence
Farish Kumar using Differential

Evolution

Abstract— The emerging electricity market behaves more like raoligopoly than a perfectly competitive market. Tte profit of
each supplier is influenced to varying extents byitferences in the degree of imperfection of knowlegk of their rivals. This paper
discusses the optimal bidding strategies of Geneiag companies (Gencos) solved using Differential Blution (DE) algorithm for
the first time. It is assumed that each Genco bids linear supply function, and chooses the coeffait in the linear supply function
to maximize their benefits, subject to expectationabout how the rivals will bid. A normal probability distribution function (pdf)
is used to describe the bidding behaviors of rivaland the problem of building optimal bidding strategies for Gencos is formulated
as stochastic optimization problem. The proposed gbrithm is tested for six generating companies withllifferent risk coefficients
and load price elasticity factor. The obtained reslis are compared with those obtained by Referencd 4].

Keywords — Electricity market, Gencos (Generating ©mpanies), Bidding Strategy, Stochastic Optimizatio, Monte Carlo
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due to special features, such as large investnien{(Isarrier
I. INTRODUCTION to entry) and economy of scale in the generati@mosgand
In the past several years, the power industry, anyn therefore more akin to oligopoly.
countries around the globe, has been undergoingiveas In oligopolistic electricity markets, Gencos coelercise
changes to introduce competition. Accordingly, aietyt of strategic bidding to maximize their own profits.eTproblem
restructuring models have been proposed, considangd of how to develop optimal bidding strategies fompetitive
experimented with in different countries. Among e Gencos in the electricity market environment wadresised
models, the power pool (Pool co-type) market stmects the for the first time in [1]. A comprehensive review aptimal
most popular. bidding strategies in Electricity market has beeported in
The power pool acts, effectively, like a broker fof2].The main factors which affect the bidding bebavare
managing energy suppliers, bidders and large custgrand the demand variation, generator production cosgratng
establishes a market clearing price (MCP). MCPhés tid (or) some regulatory constraints and other comgrstit
price of the most expensive supplier that is neetied bidding behavior etc. Among them, the most uncerfiactor
completely meet the demand and is used as the foagise is rivals bidding behavior that compounds the diffiies in
settlement of market commitments. Regardless obithding bidding strategy decision process due to specialr@eof
prices from suppliers, all selected bidders are i@ MCP. electricity compared to the other commodities wheaeh
This approach is adopted to encourage suppliersa inplayer tries to play game to maximize their ownfipro
competitive market to price energy close to thearginal At present most of the research work is based en th
costs. The sealed bid auction is widely used inpbel-co estimation of rival's bidding behaviors by emplayin
type electricity market. Each supplisubmits a sealed bid toavailable information such as historical biddingtada
the pool to compete for the supply of the foret@atl that is Bidding decision based on incomplete informationll wi
broadcast by the pool. Theoretically, in a perfectsurely incur certain risks to the Gencos concerrieak
competitive market, suppliers should bid at, oryvelbse to example, if the estimations of a Genco about raral higher
their marginal production costs to maximize returnghan their actual bidding prices and this will lgadthe risk
However, the electricity market is nperfectly competitive of not being dispatched or the dispatched generdtuvel
significantly lower than expected.
IR. Rajathy is with Pondicherry Engineering Colleg@ndicherry, David and Wen [3]-[5], have modeled the strategic
India. She can be reachedajathy harishkumar@rediffmail.com bidding as a stochastic optimization problem fongk
_1R. Gnanadass is with Pondicherry Engineering Cell&pndicherry, period auction where competitor's bidding behavisr
India. He can be reachedgtanadass@pec.edu . . .
K. Manivannan is with Pondicherry Engineering CgdlePondicherry, estimated through stochastic Monte Carlo simulatidante
India. He can be reachedkahani_2k@yahoo.co.in Carlo simulation [6] is a techniqgue which provides
_2Harish Kumar is with P(_)ndicherry Engineer_ing (_:odie@ondicherry, probabilistically approximate solutions to matheioslt
India. He can be reachedratrishkumarholla@rediffmail.com . . . . .
physical and engineering probletog performingstochastic
simulation using random numbers. It can be direafiplied
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to problems with inherent probabilistic structuresd p gng p are also specified by the bidder. Upon
requires the physical or mathematical system tddseribed " o

by probability density functions. receiving bids from Gencos, the pool determinestof

Markov decisi lied in 171 t i generation outputs that meets the load demand and
arkov decision process was applied in [7] to 5 I” " minimizes the total purchasing cost. It is cleatttlispatch

stage probabilistic bidding decision problem. Réchand : )
Sheble have applied genetic algorithm GA [8]-[9]Genco ??f’)the generated power should satisfy the followkapn. (1)

strategies and schedules in which an intelligerddibig
strategy was developed using GP-Automata algorftithe
bidding strategy. Although GA has an advantage of
searching the solution space more thoroughly, they
sensitive to the choice of parameter such as tbssevver n

parameter and mutation probabilities. The othegufestly P=Q(R 2)
applied Al techniques [10]-[12] such as Simulateth@aling i1

(SA), Evolutionary Programming (EP) and ParticleaBw

Optimization (PSO) also suffer from proper selactiof Pu SP<
parameter such aemperature in SA, scaling factor in EP,

and inertia weight and learning factors in PSO pBegt al., ) . ) .
[13] have studied the bidding strategy in uniforricg@ spot where, R is the market clearing price, a€@(R) is the
market using Fuzzy Adaptive Particle swarm Optirtiira total demand given by

Ma et al., [14] have developed the risk constraioptimal

biddiqg .strategies for single sided auction using a QR = Q- KR (4)
optimization based method.

Although the importance of risk management in biddi . .
decision-making is widely recognized [14], very ilied K, |sanor1qegat|ve constgnt use.d to repregentmb—lo
research work has been done in this field up to and/the Price elasticity. When the inequality constrairgs gre
research outputs achieved so far are very prelipina ignored, the solutions to (1) and (2) are,

This paper suggests an alternative framework of

a+fP=R (j=12.n (1)

J

FJ)max (3)

developing optimal bidding strategies for Gencos ain u

deregulated market with associated risks takenastmunt. Q +Z(0’J I5)

A normal probability distribution function (pdf) issed to R= ‘:: (5)
descnbe_ the bidding pehgwors of rivals. The peablis K+Z(1/ﬂ)

stochastic in nature which is solved by Monte-Cankethod o !

and the optimal solution is obtained by Differehtia

Evolution method [16] for the first time. Differeat

evolution method, a modified GA, which is an affit and P - (R_O’j) (6)

robust method, is used that can generate bettémalpt ! B,
solution in less calculation time with stable comence

characteristics compared to other population basetthods. o
The technique presented in this paper can be atiaptthe The calculated values @* should be checked for violation
more complex situation, and this will be accounfedin of limits as follows

later studies. if P <P
This paper is organized as follows. Section |l ek the oo
formulation of the problem for the single sided te setP =0

Section Il describes the proposed solution algaritising and the Gencoj should be removed from the competition
Monte Carlo and Differential evolution methods. &&TIV o . e dispatch is less than the minimum ougfuthe

illustrates conceptual analysis for a test systefhe results supplier and
and discussions are presented in the Section VclGsive

remarks are given in section VI. if P>F

j max

set F’l:P

j max

Il. PROBLEMFORMULATION . . . s
i ) _ . _and fix the dispatched level of this generator eiiicis no
Consider there are independent Gencos participating ifonger a marginal unit. Repeat this procedure | uhg
a pool based single-buyer electricity marketwhich the dispatched levels of all generators are fixed ar@ n
sealed auction with a uniform MCP is employed. ASsu constraints are violated. In this case we havecoosidered
that each Genco is required to submit a linearplyup the transmission losses into account.
function to the pool together with the generatiampot The profit of Gencoi (i =1,2,..n) in a unit time can be

th

limits and the | Genco's supply function is described as

B,(P)=¢, + B P, where P is the generation output and 7, =RP-C(P) @)
a, and B, are the bidding coefficientsin a well If P does notviolate the constraints (3), the eqncér) be
competitive situation, the bidding coefficients i equal rewritten as

to the production cost coefficient$Seneration outpuimits
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~ R(R-«a) o R-«, : we fixed ¢« and the values off are searched through
i B T B, Differential Evolution technique [16].
where C (P) is the production cost function of th€' ||| PROPOSEDALGORITHM
Genco.

The stochastic optimization problem formulatedthe
Since thei" Genco does not know the rivals bidding pricerevious section has been solved using Monte-Carlo
before the auction, the optimization problem of imazing simulation, a technique which obtains a probalplist
the profit of Genco is not possible. But the rigaiidding approximation of a mathematical problem by usirgistical
behavior can however be estimated using the histodiata, sampling technique. It performs stochastic simatatising
load forecast and any other available information. random numbers and repeatedly calculates the eqsatd
We assumed that the rival’'s bidding coefficients and arrive at asolution. A recent population based heuristic
: algorithm, Differential Evolution has been used fioe first
B, (j#i) as estimated by" Genco, obey a jointly normal time in this paper to obtain the optimal biddingatgy of a

distribution as follows, Generating Company.
/U:a) (Jja))z pJO'J(a)O-J(”) . .
(e ,8)0N , 9) A. A Brief Introduction to the Monte Carlo
i i ) (a) __(B) (B)y2
i %9 C method

where,p, is the correlation coefficient between The Monte Carlo method provides approximatat®ns
to a variety of mathematical problems by performing

a,andg, . The marginal distributions of, and 8, are both statistical sampling experiments on a computers Tinéthod

normal with mean values” , 4”, and o, & can be directly applied to problems with inherent
_ o i ' i ' probabilistic structures. It requires that the ptak or
respectively. mathematical system be described by probabilitysitgn

From the well developed investment theory, it i®Wn functions (pdf's). Simulation can be done by random
that the variance of the potential profit could b&ed to sampling from these pdf's and necessitates a fast a
evaluate the risk of an investment. Following tb@scept, effective way to generate random numbers uniformly
the problem of building an optimal bidding stratefgy the distributed in the interval [0, 1]. The outcomediuése trials
i" Genco with associated risks taken into accaumtld be are accumulated or tallied. Many simulations aeqmed
formulated as the following stochastic optimizatipoblem. and the desired result is taken as an averagepeceation

Maximize over all the trials.
Y(e,,8)=(1-A)E(r )-AD(z) (10) B. Differential Evolution
Differential Evolution (DE) is an optimizanh
Subject to algorithm developed by Storn and Price, which s®lkesal-
E(R -« valued problems based on the principles of naewalution
imin = 8 S R 11 [16]. DE uses a populatiorP of sizeN , composed of

floating point encoded individuals that evolve over
G generations to reach an optimal solution. Eachviddal

where E(z) and D(r) = V{Var(ﬁi )} are the expected X, is a vector that contains as many parameters @s th

value and standard deviation of the profit and E(R) is problem decision variablés. The population sizeN  is an

the —expected value = of MCP.  Risk coefficientl orithm control parameter selected by the useiclwh
A(0< A4 >1) is used to represent the degree of risk 9 P y

) remains constant throughout the optimization preces
averseness of Gento The value 41 =0 denotes the

G G G) 9T .
situation that the only objective is to maximizefirwithout Xi( ) =[X1(j e Xr(u)] o 1=10N, 12)
consideration of risks, antl= 1 represents the other extremd he optimization process in differential evolutisncarried
where risk minimization is the unique objective.nideforth out with three basic operations viz, mutation, soe®r and
Genco should balance these conflicting objectivies.,), selection. This algorithm starts by creating antiahi

profit maximization and risk minimization. Hence eth population of N, vectors. Random values are assigned to

problem of building an optimal bidding strategy  ftte each decision parameter in every vector accoraing t

« th . . .
i~ Genco with risk management can be described asa for Xf:” = X" (X = X™) (13)

given risk coefficient , determine bidding coefficients, :

and g so as to maximiz& (e, , 4 ) subject to (11). where i=1,.N, and j=1..D; X" andX/™ are the

-th P .
While maximizing¥ (e, ), with the constraint (11), lower and upper bounds of thg'decision parameter; and

since two bidding coefficients cannot be optimizatdthe 7, iS an uniformly distributed random number with(y1]
same time, one of the coefficients is fixed anddtieer can

. (0) -
be searched using any optimization procedure. isvtork, generated a new for each value of. X 'is the

j" parameter of thé" individual of the initial population.
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The mutation operator creates mutant vect()bsl') by Totally ten different working strategies have beeaposed
by Price & Storn [16].

The algorithm used in this paper is the seventh
difference  of  two  other  randomly  selectedrateqy of DE (i.e.,) DE/rand/1/bin in which ‘DEEpresents
vectorg( X, andX_ ). differential evolution, ‘rand’ is any randomly clersvector

© o G Gy . for perturbations, ‘1’ represents the number ofedénce

X=X+ F(7 = X)) i=1,..N (14) Vectors to be perturbed and ‘bin’ is the binomigdet of
whereX_, X, andX_, are randomly chosen vectorsrossover used. Price and Storn [16], [20]-[21]éhgiwven
. some simple rules for choosing the parameter of@Eny
efl,...N } anda=b=c#i. X, , X, andX, are selected gien application. According to them, the followingnges
newly for each parent vector. The scaling consténtis an are the good initial estimates while using the tetja
algorithm control parameter used to control theiypbation DE/rand/1/bin: F = [0.5, 0.6], C,= [0.75, 0.9], andN =
size in the mutation operator and improve algorith?%
convergence.

perturbing a randomly selected vectdiX ) with the

p

*D, 8*D]. Values of scaling factor lower than 0.5 may
. . . result in premature convergence, while greater thend to
The crossover operation generates trial vectoXs) by slow down convergence speed. To avoid local optanass

mixing the parameters of the mutant vectors with tdrget over constant should be reduced to provide morersiiy of

vectorg(X,), according to a selected probability distributionParameters. Large populations help to maintain rdeve
individuals but slow down convergence speed. Tloeeein

©) 5 ' = . .
X it <Gorj=q, order to avoid premature convergence, eitfeor N

X[ =1 (15)

Xff) otherwise should be increased oC_should be decreased. Larger

wherei=1,.N and j=1,..D; gis a randomly chosen values of F result in larger perturbations and better
t%robabilities to escape from local optima, whilevés C,

. preserves more diversity in the population, thusidiuag
at least one parameter from the mutant vectpr; is a local optima.

uniformly distributed random number within [0,1]rggated 1h€ solution algorithm used in the present studysfiving

newly for each value ofj. Crossover constanC, is an the optimal bidding problem for Gendois as follows
Specify ¢, for thei” Genco, Q,, K, P, P

index e{1,...,N }which guarantees that the trial vector ge

algorithm parameter that controls the diversity thie 1) j max
population and aids the algorithm to escape frowallo (j=1,2.n) and the parameters of pdf's of the
optima. X7, X® and X~ are the |" parameter of the rivals bidding strategies as (18).

e 2) Create the Differential evolution algorithm
i" target vector, mutant vector, and trial vectogereration
G, respectively.
Finally, the selection operator determines gbpulation thei” Gencoin the interval of(0.55,, 53 ).
by choosing, among the trial vectors and their pcedsors 3) Initialize DE population and the maximum
(target vectors), those individuals which presenbedter generation numb@r_.
fitness or are more optimal according to en

whose population members repres@nt for

X X ) < (X9, i=1, N 4)  Setthe iteration counter =0.
X" —{ '(G) | | ’ (16) 5)  Execute a Monte-Carlo simulation for every
X, otherwise member of the population to calculate the expected
The optimization process is repeated for sevenatigeions, profit and standard deviation as follows:
allowing individuals to improve their fitness agyhexplore a. Specify the maximum number of Monte-
the solution space in the search for optimal values Carlo simulationMC.
DE has three essential control parameters: scéicipr b. Set the Monte-Carlo simulation counter
(F), crossover constantQ(,) and population size N,). mc=0.
) ) ) C. Generate random samples foy
The scaling factor is a value in the range (0,h2} tontrols
the amount of perturbation in the mutation proceEse B, (i=12,.n) (=i ), based orheir
crossover constant is a value in the range (Chdt)dontrols pdf's,as given in (9).
the diversity of the population. The population esiz d.  Determine the market clearing pri¢
determines the number of individuals in the popotaand using (5) and calculate using (7). ,
provides the algorithm enough diversity to seartie e co:JnnCt:eerrnT:g:nr;ch Monte-Carlo  simulation
solution space [20]. DE offers several variantstategies £ If mc <MC, go .to celse goto g.
for optimization. These can be denotedDE/x/y/z, where 0. Calculate the expectation valu(r)
x refers to the vector used to genenamgtant vectors, yhe and the standard déwiaD () and

number of difference vectors used in the mutatiprecess

. , then calcul -, [ ) using (10).
and z the crossover scheme used in the crossoeeatam. Be(a;. ) g (10)
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6) Use y(a,pB) as the fitness function for theV. RESULTSAND DISCUSSION

population members. A. Case 1

& Increment,,, = t,,+1. In this case, we compare the resultdigpatched
8)  Perform mutation, crossover and selectiogower of all six gencos. The figure (1) shows tiadues of

operation. dispatched powers obtained by the proposed methaihst
9) If t  <T,.. goto5c. Elsego to 10. those given in Reference [14]. It is seen fromdregph that

10) Obtain the fittest member of the Differentiafhe dispatched power of genco 2 for a given risk

Evolution as the optimal bidding  strategy, anaoefficientﬂfo.S and K.= 20 is more .than 'Fhe gther
print the results. method proving the effectiveness of the differdraialution

method. More the power dispatched, more the piefénd
IV. NUMERICAL EXAMPLE hence the benefit to the consumers is also more.

Consider six independent Genco’s paridng in an
electricity market, and the production cost functad the j”
(j=1,2..n) Genco is given by,

1
CJ(FJ?):ql:i)+_(i"F;J 17)
2 I Reference [14]

The production cost function coefficients and otitfuits I Proposed method

of all six genco’s are given in Appendix3uppose that the g
second Genco is our subject of research, and steanation E
of the rivals bidding parameters i.e. the expeesi@des and E
the standard deviations are specified as follows:

@ _ » _
wo =12 pu” =12

30" =0.1% ,%” = 0.1§

] (18) 4
pi =_-0.1 Number of Generatora
j =1,3,4,5,6 Fig. 1. Optimal Dispagchpowers of Generators

The specifications of these parameters aresdéinge as in [3].
From (18) it is known that thexpected values o, and f,

60

are specified 20% abovbj and c; respectively and the

standard deviations of, andp, are specified to make them h
fall in the domains
[105:)1 , 1.35%]:[#](&) _ a_J(a) luj(n) + 8,](&):| and

() ) ) ()
[1'05(:1 ' 1'351]:[”1/3 - ajﬁ “jﬁ + aiﬂ]
respectively. Herep, is specified to be negative becaus:

when a Genco decides to increase one of its biddi
coefficients, it is more likely that in a matureeetricity
market it will decrease rather than increasingdtier one.

Certainly, it is also possible that takes a positive value for
some Gencos who want to change the bidding pattems . variation of profity with respect to bidding coefficieng  for
significantly. ’
Now for Genco 2 fix ¢, =1.75 and determine 3, by
solving the optimization problem as described byngis
Differential Evolution method [16]. Obviouslyg, should

differentA

B. Case 2
Table | shows the comparative simulation resfalts
not be less than 06, otherwise it will be a loss. The searciproposed method and the optimization based methddl [
for various parameters, and it is found that fagiaen A

DE gives lesser values of the bidding coefficight than

m=05m=5 since this range is wide enough. ThE . 1o method, thereby increasing the dispatgueeer,

simulation parameters are listed in Appendix II. market clearing price, expected profit and the alcpuofit.
This shows the robustness and effectiveness of the
differential evolution method. From Figure 2 it céde
clearly seen that when the rigloefficient 4 increases the

100
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profit decreases and when it is very high, say 0.9 the

participating in pool-based single buyer electyiaitarkets

profit is very less. Wheni varies from 0.9 to 0.915 there iswith risk factor. An example with six suppliers hzeen used

a considerable change in the variance of the ¢ggqurofit

which implies that the expected dispatched geiverdevel

of a rival is beyond its lower limit and hence thel quits

from the competition. Therefore risk factor shoutbe

considered in such a way, that the genco’s shautdve in

the market and also get the maximum benefit contbsoe
their rivals.

C. case3

This case demonstrates the effect of load pri
elasticity factor, with increase of, on different bidding
parameters. When the load price elasticity fadtorvaries
from 15 to 20 and from 20 to 25, with the increasel , it
can be noted from Tables II-IV,
dispatched power of the genco 2 is increasing,witit a
little decrease in the optimal bidding coefficiens,,

expected market clearing priBe as well as the expecte
value and variance of the profit.

to demonstrate the method, and it has been revéfaé¢dhe
power suppliers can increase their profits by biddi
strategically. The results obtained, using Diffeien
evolution, are more optimal compared to those abthiin
Reference [14]. The market power of the suppliess i
analyzed for different load price elasticity factofo show
the effectiveness of the proposed method, the hiddi
strategies of the suppliers is also discussed urider

ce

increased load condition. The simulation studiesevearried
out in Matlab environment and executed in Pentiovn |
processor.

that the expected
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TABLE |: COMPARATIVE RESULTS OF BIDDING STRATEGIE&ND ASSOCIATED VARIABLES FORK = 20

A B, P, R E(~,) Var(r,) 4
Proposed Reference Proposed Reference Proposed Reference Proposed Reference Proposed Reference Proposed Reference
method [14] method [14] method [14] method [14] method [14] method [14]
0'80 0.037032 0.037042 61.8000 61.78 4.0444 4.0386 00.97 74.698 28.010 28.309 74.970 74.698
0'050 0.037000 0.037041 62.1800 61.79 4.0423 4.0386 38.93 74.698 26.444 28.309 34.8832 34.829
0.530 0.035463 0.037030 64.3349 61.80 4.0315 4.0386 84.43 74.698 25.999 28.303 2.8584 2.6817
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APPENDIX | RENDIX Il

PRODUCTION COST COEFFICIENTS AND GENERATOR OUTPUIMITS OF GENCOS SIMULATION PARAMETERS

Gencos

o b ($/hr) | ¢ ($/MWhr) P .. (MW) P o (MW) C, E N, MC - Q,(MW)

1 2.0 0.00875 50 160

0.7 0.55 50 1000Q 100 450

2 1.75 0.035 20 100

3 1.0 0.0625 30 80

4 3.15 0.00334 30 80

5 3.0 0.015 10 60

6 3.0 0.015 10 60
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