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Abstract —Electric power system is called reliable if the system is able to provide power supply without

interrupted. However, in large systems changing on the system or disturbance may affect the power supply.
Critical clearing time is the time for

deciding the system is

a stable or an unstable condition. 34

Critical clearing time has also relationship with setting relay protection to keep the system in the stable

condition. Prediction of critical real time for online assessment is expected to be used for preventive action



system. Extreme learning machine is able to perform faster prediction of neural network. With the greatest

prediction error rate is 0.0091 percent. Keywords:

critical clearing time, neural network, extreme learning machine I. Introduction The 31

Analysis development of electric power system is growing rapidly by entering the use of artificial intelligent in it.
The use of conventional method is being abandoned because this kind of method takes a lot of time in the
computation process, especially on transient stability analysis with its complicated non linear models, as well as
the more complex problem that demand fast and accurate assessment results which is use for controlling
system can be easily solved by artificial intelligent. The ability of artificial intelligent in terms of fast analysis,
estimate even prediction made artificial intelligent as a main tools to execute electric power system
assessment rather than another traditional method that was used previously. The use of neural network as tools
that is used in transient stability assessment becomes the attractiveness of many research [1-4]. From several
research that are used as reference, according to A.L. Bettiol, the use of Neural Network gives satisfactory
performance results to judge system performance if we compare it with transient stability evaluation that need
complicated calculation process and a lot of time to gain non linear solution. According to Sharefean Amir, the
use of artificial intelligent in transient stability assessment has a weakness in terms of input measurement. But,
still according to Amir, the solution of this problem is using neural network that has capability and knowledge in
terms of learning and input processing process. Neural Network was widely used and recognized excellence to
perform non linear mapping estimate from several inputs. Besides that, neural network can model artificial
system as natural as possible. However, with the development of artificial intelligent science, the use of neural
network was regarded as the old method because of its learning algorithm process that is getting slower than
required. The learning process that require more than couple hours, even several days, make this neural network
is classified as a conventional method. Therefore, the development of neural network that rely on learning and
calculating rate becomes the focus of several research recently. According to Guang-Bin Huang, et all, several
research recently investigate the capability of feed forward neural network with many layer. This research
conclude that continue activation function can gives better result than before. In fact, neural network perform a
research that is called training by using several data that has been defined before. When perform forecasting for
specific number of data, still according to Huang and Babri, it appears that the result of feed forward neural
network with single layer and some specific hidden N node and the using activation function non linear indicate
that the observation is fixed or unchanged at some specific hidden N node. This means that input weight which

is the layer



between input layer and first hidden layer and hidden bias layer 24

need arrangement so that the result is as good as the learning algorithm result of feed forward neural network.
Old algorithm of neural network indicate that the parameter of feed forward neural network has to be
determined first and depend on weight and bias layer. This research will perform analysis of time estimate of
critical severance by using Neural Network and fa1l XP1,Q1 w(x1)a1 w(x3)a1 x1 w(x2)a1 fa2 XP2,Q2 x2 fa3 fa4
fb1 fb2 fb3 y CCT XP9,Q9 x 9 fb24 fa54 Fig 1. Neural Network Architecture Extreme Learning Machine and the
result from both method will be compared. To examine the effectiveness from the method that has been used,
IEEE 3-machine 9-bus system and Java-Bali 500 kV 54-machine 25-bus system will be tested. Il. Methodology

This research contains the use of artificial intelligent to calculation technique of critical clearing time.

Neural Network and Extreme Learning Machine are used for performing big estimation 20
of
critical clearing time in  appraisal of transient stability of electric power system.

I1.1. Neural Network When neural network was introduced for the first time at 1948 by McCulloch and Pitts, it
attract the researches attention because the neural network can adopt the working process of human brain and
can be used for solve the problem by model system linear function to gain desired result. . This research use
back propagation with several layer that capable to arrange weight from input to hidden layer by error way from
hidden layer more than by error way from output layer. Besides that, the capability of BP Neural Network that
can be used for non linear activation function and network with many parallel calculation and can model linear
function make this neural network become option to solve the problem rather than another method. The steps
from the neural network stages are starts with input unit that accept input xi that is passed down to hidden layer
in front of them [6]. Input unit (x) is through several weight (w) and interconnected for output (y). In every hidden
layer, input unit will be multiplied by weight and will be summed and bias will be added to the equation In this
research, input are consist of two neurons, each represents active power and reactive power of system. Hidden
layer are consist of two layer, the first layer use tan-sig activation function and second layer use log-sig
activation function. The weight of hidden layer can be calculate use this equation below : Z _in j = w(x1)a1x1 +
w(x2)aTx2 +.... + W(x9)a54x9 Z _inj= V0 j+ Y wij+ xi ni =1 (1) Every neuron weight and bias of learning

process are obtained by activation function: Zj = f (Z_in ) (2) The activator that is used are sigmoid function



that follow the equation below : Z j =1+exp(-z_inj) 1 (3) Next step is output unit that can be achieved by multiply
weight and sum the result as well as add bias at calculation process. Output layer use one neuron with purelin
activation function : Y_ink = WOk + ¥ Z jW jk p j =1 (4) When the result of feed forward learning process was not
the same with the target output, then algorithm process of back propagation was started. In fa1 XP1,Q1 x1 fa2

this back propagation algorithm, output that is different with target
willbe sent back to hidden layer toward the input layer.

fb1 fb2 & XP2,Q2 x fa3 2 fb3 y CCT fa4 XP9,Q9 x9 fb24 fa54 Figure 2. Architecture Back Forward This process
will be called as back propagation that can be seen at figure 2 . Learning process of back propagation neural
network are supervised learning form, which is by seeing the suitability between output and target. Back
propagation is started by compare output and target. If output not suitable with target, then the error that has
been appeared will be use to improve weight so that the desired compatible output will be obtained. This weight
improvement process is performed by set back the unsuitable output to hidden layer to be forwarded to input

layer and then fix the weight by equation : Wkj (t + 1) = WKj (t) + a .8 k .Z j (5) Every hidden unit (zJ) will calculate

activation valueand send itto outer layer. Eachunit thatcalculate output layer
activation (yk) and compare it with target value (tk) to determine error factor (3k)

will be used toreturnoutput (yk) tothe next layer.

I1.2. Extreme Learning Machine The use of tuning process at

input weight and hidden bias make algorithm  of 33

neural network require time at the learning process

(Huang, G.B., Zhu, Q.Y and Siew, C.K 2006). Learning 10

process with gradient descent at neural network algorithm that use many iteration make this algorithm of neural

network require much computation time. Calculation process that use algorithm of neural network is growing



with the discovery of new algorithm which is Extreme Learning Machine. First discovered by Guang-Bin Huang
(2004), this method can choose input weight and bias at hidden layer randomly. Therefore, this method does not
require much time to calculation process like algorithm of neural network. Besides that, this method can achieve
small training error and weight and capable to give a good and fast generalization performance. The

architecture of

extreme learning machine can be described as
figure 3. The architecture of

extreme learning machine above canbe explained as

- ai = the vector of input weight that connect hidden node to i and input node or center from hidden node to i. bi =

threshold from

hiddennode to i pi= theweightvector thatconnect hiddennode with 19

output node.

I1.3. Normalization Initial normalization was performed at extreme learning machine to make activation function
to produce output between [0,1] or [1,1]. In accordance with reference (Huang, G.B., et. all 2004), it was

formulated as: X n =2 x (

Xp-min{Xp})/(max{Xp}-min{Xp 15

}) = 1 (6) With : Xn = the value of normalization result that goes between [-1,1] Xp = the value of real data that is

not normalized yet. min {Xp} = minimum value at data set. Mathematically,

Extreme learning machine can be translated as follows.



Refer to N sample that can be expressed as
(xi,ti) with: xi=[xi1,xi2,...xin]TeRn (7) ti=[ti1,ti2,...,tim]T ERm

(8) Determine

activation function g and number of node at hidden layer L. 30

For

N hidden layer and activation function in g(x) then: N? 29

N? 3 Bigi(xj) = 2 Big

(wi.xj+bi) =oji =1i=1

XP1,Q1 x1 XP3,Q3x 13 B 1XP4,Q4 x4 XP5Q5x5iBiXP6Q6xo0jcct6XP7,Q7 x (ai,bi) 7XP8,Q8x8LBL
XP9,Q9 x 9 n 9 500 XP2,Q2 x 2 n input neuron L hidden neuron Output neuron Figure 3. Architecture Extreme

Learning Machine
j=1,...N  (9) With wi=[wi1,wi2,...,win]T = weight vector

that connect i hiddennodeandinputnode.

Bi =[Bi1,Bi2,...,Bim]T = weight vector that 28

connect i hiddennodeandoutputnode wixj =multiplyfromweightvectorandinput bi=thresholdfromhiddennodetoi

From standard



SLFN with N? hidden node with activation function g(x),

sample with zero error whichismean that > Nj ?=1

oj-tj=0whichismeanoj=tjthen:N?

> Big(wi.xj +bi) = tj,j=1,...N i =1 HB=T(10) Canbe

explained below : = (

it can predict N

o]

16

11

[gw1.x14b1) 2 gwN2.x1+bN2)] = | | 222 [I[gw1.xN +b1) 2 gwNz.xn +bN?2) lINknz [ (17)

[g1rlp=l2Il1 =l

17 U enT2 JIN2xm [N Lnxm (12)

His hidden layer of matrix output from neural network; ith column from His

hidden output of ith

12

that connect with input x1, x2,....XxN . g(w1x1 + b1) is output of hidden neuron that connect with input xi,

B is the matrix of input weightand Tis

desired target or output. UMnalcikheinec,oinnvpeunttiwoneaiglhmt(ewthi)

oda,ndathiEddxternembeiasLoefarlnaiynegr (bi)

21




do not need tuning and hidden layer of matrix output (H) can 22

be obtained without iteration. Output weight can be determined from H 3 = T from the solution by using Least-
Square (LS) with B” for linear system : $” = H 1T (13) Il.4. Denormalization After output had been obtained from
learning process, denormalization was performed, in accordance with (Zhu, Q.Y., dkk 2005), it can be formulated

as:Xd=0.5(Xn+

1) (max{Xp}-min{Xp }+min{ Xp 25

} (14) With : Xd = data value after denormalization Xn = output data after denormalization min {Xp}=

minimum value of set datamax {Xp}= maximum value of set data 17

After learning that use extreme learning machine gave result, then extreme learning machine testing was

performed with data that has never been taught before.

Weight, bias and number of hidden 14
were using
weight, bias and number of hidden 14

that had been used at learning process. To see the effectiveness of extreme learning machine method, error
percentage calculation that occurred was also performed, and was formulated by : MSE = N1 YiN=1 (yi - ti) 2
(15) where N= number of data yi= estimate data output ti= actual weight data MAPE =1 N N i=1 Y y prediction -
yt arg et yt arg et 100% (16) where yprediction = prediction value JST ytarget= actual value that occurred N =
number of data that has been processed II.5. Compare the result of Extreme Learning Machine and Neural
Network From the simulation of proposed method, then calculate the speed of the simulation predictions using

neural network and extreme learning machine. From the result, we can see that extreme learning machine can



predict CCT faster thanNN. Plotting picture from both method will show in the result. lll. Simulation To examine
the effectiveness of the method that has been used, simulation was perform at 3 Generator 9 Bus system that
can be seen at this picture below. The second simulation was done with Java Bali 500 kV 54-machine 25-bus
system. Simulations done by giving disturbance at some point and calculate the critical clearing time. Neural
network method has been tested to perform prediction from critical clearing time above, and then prediction
was performed again by extreme learning machine method. The result from both method above will be compare
to see the effectiveness of them by calculating the speed of both of these methods in predicting the critical
clearingtime27BGI9C3G2FHG3564DE1AGT Figure 4. Fouad Anderson 3 Generator 9 Bus System V.

Result Analysis IV.1. System Fouad

Anderson3 Mesin 9Bus Onthe system of FouadandAnderson 3 Machine| 13

9 Bus system,

simulation was done by  perform three phase short circuit interference at 32

several point in point A, B and C that we call as Fault 1, 2 and 3. We change one load bus with various capacity
then give three phase short circuit in every load changes. From the simulation that has been run, the prediction
critical clearing time was obtained as below : Table 1. Prediction CCT Using Neural Network on System 1 INPUT
CCT ON (s) PQ FAULT 1 FAULT 2 FAULT 395105115125 1351451553545 5565 75 8595 0.3485 0.3635
0.38050.3995 0.4205 0.44450.47150.2145 0.2165 0.2195 0.2215 0.2245 0.2265 0.2295 0.2335 0.2375 0.2405
0.2435 0.2475 0.2505 0.2535 The following table is the result prediction critical clearing time

using extreme learning machine Table2. Prediction CCT Using Extreme Learning | 23

Machine

on System 1 INPUT CCT ON (s) P Q FAULT 1 FAULT 2 FAULT 395105115125135 1451553545 55 6575 85
950.3487 0.3633 0.3802 0.3979 0.4197 0.4441 0.47350.2151 0.2163 0.2194 0.2215 0.2245 0.2265 0.2289
0.2341 0.2368 0.2406 0.2439 0.2470 0.2509 0.2533 The next step is to compare the speed of artificial

intelligent in predicting cct. By changing

26 |



the number of neurons in the hidden layer neural network, the

simulation was doing to see the speed neural network in predicting cct and compared with the speed of

extreme learning machine in  predicting cct. The results of the 11

comparison of the speed predictions can be seen in the following plot picture 5. Figure 5. Prediction of critical
clearing time between neural network and extreme learning machine for system 1 From figure 5 we can see that

the time required to predict

the critical clearing time shows thatthe extreme learning machine s |E|
able to provide faster predictions than neural network. The next step is calculating

the critical clearing time for the |E|

second system Java Bali 500 kV 54- machine 25-bus system. Figure 6 is the second system interconnected in
Java Bali island. The system have 54 machine and 25 bus to supply electric demand in Java Bali island. Three
phase short circuit is given on three points, on point B, C and G are referred to Fault 1, Fault 2 and Fault 3. The
simulation results are to be obtained critical clearing time as follows on table 3. Table 3. Prediction CCT Using
Neural Network on System 2 INPUT CCT ON (s) P Q FAULT 1 FAULT 2 FAULT 31162 1187 1207 1232 1252
1272 1277 355 340 360 385 405 425 430 0.6678 0.6936 0.7159 0.7402 0.7839 0.8076 0.8128 0.2545 0.2554
0.2564 0.2570 0.2580 0.2587 0.2588 0.1906 0.1914 0.1917 0.1926 0.1921 0.1934 0.1937 1297 450 0.8388
0.2592 0.1928 1302 455 0.8319 0.2591 0.1931 Table 4. Prediction CCT Using Extreme Learning Machine on
System 2 INPUT CCT ON (s) P Q FAULT 1 FAULT 2 FAULT 3 1162 1187 1207 1232 1252 1272 1277 1297 1302
355340 360 385 405 425 430 450 455 0.6542 0.6862 0.7170 0.7537 0.7769 0.8043 0.8128 0.8528 0.8634
0.2546 0.2556 0.2561 0.2570 0.2572 0.2577 0.2579 0.2596 0.2601 0.1923 0.1924 0.1922 0.1933 0.1938 0.1938
0.1938 0.1946 0.1951 9 Cilegon 12 Cibinong 1 24 Suralaya Balaraja 10 Kembangan Gandul 11 Cawang 13 2
Muaratawar Depok 20 15 Cibatu 4 Saguling Bekasi 14 3 Tasikmalaya 21 Cirata 16 Mandiracan 17 5 Pedan
Bandung Selatan Tanjung jati 22 19 Surabaya Barat Ngimbang 25 18 Ungaran Kediri 23 6 8 7 Paiton Figure 6.
Java Bali 500 kV 54-machine 25-bus system



To see the effectiveness of the proposed method, the 27

calculation speed of both methods

in predicting the critical clearing time obtained the
following results in figure 7. V. Conclusion From the

simulation results show that the prediction of critical clearing time

using extreme learning machine method proven faster and more accurate when compared with neural network

method. Therefore, when
used to predict critical clearing time inreal time, the

proposed method can be used. References Figure 7. Prediction of critical clearing time between neural network
and extreme learning machine for system 2 From the simulation results shown in figure 5 and figure 7 shows
that the extreme learning machine is [1] Yorino N, Sasaki H, Tamura Y, Yokoyoma YR. able to predict critical
clearing time faster than neural Generalized analysis method of auto-parametric resonances in power systems.
IEEE Transaction on Power Systems network. By changing the number of hidden layers in 1989; A 4(3):1057-
1064 neural network, results obtained showed extreme [2] Vega DR, Erns D, Fereira CM, Pavella M. A
Contingency learning machine fixed faster and gives accurate filtering ranking and assessment technique for
on-line results. transient stability studies. International conference on electric utility deregulation and
restructuring and power Calculation error of prediction using neural technologies. 2000 network gives the
greatest error result is 0.0079. [3] Fuji W, Wakisaka J, Iwamoto S. Transient stability analysis While extreme
learning machine method gives a based on dynamic single machine equivalent. 39th North prediction error of
0.0244 for system 1. American Power Symposium. 2007. [4] Haque MH. Further developments of the equal-area
criterion The graphic of critical prediction error can be seen on for multi-machine power system. Electric Power
Systems figure 8. Research.1995. [5] Chiang HD, Wu FF, Varaiya P. A BCU Method for Direct Analysis of Power
System Transient Stability. IEEE Transaction on Power Systems 1994; Vol 9 No. P 1194- 1208 [6] IEEE Power



Engineering Society. Inter-area oscillations in power systems. System Dynamic Performance Subcommittee
Special Publication 95TP 101 1995. [7] IEEE Power Engineering Society. Voltage stability assessment: concepts
practices and tools. Power System Stability Subcommittee Special Publication SP101PSS 2003. [8] Zarate-
Minano R, Van Cutsem T, Milano F, Conejo AJ. Securing transient stability using time-domain simulations within
an optimal power flow. IEEE Transactions on Power Systems 2010; 25(1): 243-253 [9] Anderson PM, Fouad AA.
Power System Control and Figure 8. Percentage error prediction critical clearing Stability, vol. 1. lowa State
University Press: Ames, IA 1977 [10] Yorino N, Saito T, Li HQ, Kamei Y, Sasaki H. A new time for system 1
method for transient stability analysis. The Papers of Technical Meeting on Power System Technology, IEE
Japan While the calculation error of the predictions made on 2003, no. PE-03-83, PSE-03-94 (in Japanese) the
second system can be seen in figure 9. [11] Yorino N, Kamei Y, Zoka Y. A new method for transient stability
assessment based on critical trajectory. Proceedings of the 15th Power System Computation Conference
(PSCC), 2005, Paper ID 20-3 [12] Yorino N, Priyadi A, Zoka Y, Yasuda H, Kakui H. A novel method for transient
stability analysis as boundary value problem. Proceedings of the International Conference on Electrical
Engineering (ICEE), Okinawa, July 2008 [13] Priyadi A, Yorino N, Eghbal M, et al. Transient stability assessment
as boundary value problem. IEEE Proceedings on Annual Electrical Power and Energy Conference, Vancouver,
Canada, October 2008; 1-6 [14] Yorino N, Priyadi A, Zoka Y, et al. Transient stability analysis as boundary value
problem. Proceedings of the XI Figure 9. Percentage error prediction critical clearing Symposium of Specialists
in Electric Operational and time for system 2 Expansion Planning (XI SEPOPE) Belem, PA, March 2009, SP-
032;1-11 [15] Yorino N, Priyadi A, Kakui H, Takeshita M. A new method for obtaining critical clearing time for
transient stability. IEEE Transactions on Power Systems 2010; 25(3): 1620- 1626 [16] Yorino, N., Priyadi, A.,
Ridzuan, B.A.M., Sasaki, Y., Zoka, Y., Sugihara, H., “A Novel Method for Direct Computation CCT for TSA Using
Critical Generator Conditions”, TENCON, Fukuoka, Japan, 23 November 2010, pp 1-6. [17] Priyadi, A., Yorino, N.,
Sasaki, Y., Tanaka, M., Fujiwara, T., Zoka, Y., Kakui, H., and Takeshita, M., “Comparison of Critical Trajectory
Methods for Direct CCT Computation for Transient Stability,” IEEJ Transactions on Power and Energy, pp. 870-
876, October 2010, vol. 130, no. 10. [18] Priyadi, A., Yorino, N., Tanaka, M., Fujiwara, T., Zoka, Y., Kakui, H., and
Takeshita, M., “A Direct Method for Obtaining Critical Clearing Time for Transient Stability Using Critical
Generator Conditions,” European Transactions on Electrical Power, Vol. 22, no. 5, pp. 674- 687, Juli 2012. [19]
Yorino, N.,Priyadi, A., Zoka, Y., Sasaki, Y., Sugihara, H., “A New Method for Direct Computation of Critical Clearing
Time for Transient Stability Analysis,” Proc. on IREP, Rio De Janeiro, Brazil, August 2010, pp 1-9. [20] Yorino, N.,
Priyadi, A., Ridzuan, B.A.M., Sasaki, Y., Zoka, Y., Sugihara, H., “Direct Computation of Critical Clearing Time for
Transient Stability Analysis”, Proceeding on 17th PSCC, Stockholm, Sweden, August 22-26, 2011. [21] Lin, Y.J.
2010. Explaining Critical Clearing Time With The Rules Extracted From A Multilayer Perceptron Artificial Neural
Network. Journal of Electrical Power and Energy Systems, Vol. 32: [22] Karami, A. 2011. Power System
Transient Stability Margin Estimation Using Neural Network. Journal of Electrical Power and energy Systems Vol

33:983-991 [23] Huang, G.B., Zhy, Q.Y. and Siew, C.K 2004. Extreme Learning Machine: A New Learning Scheme



of Feed- forward Neural Networks. Proceedings of International Joint Conference on Neural Networks [24]
Huang, G.B., Zhu, Q.Y. and Siew, C.K 2006. Extreme Learning Machine: Theory and Application. Journal of
Science Direct neuro-computing 70: 489-501 [25] Zhu, Q.Y., Qin, A.K,, Suganthan, P.N. and Huang, G.B. 2005.
Evolutionary Extreme Learning Machine. The Journal of The Pattern Recognition Society, Vol. 38: 1759-1763 [26]
Kakimoto N, Ohsawa Y, Hayashi M. Transient stability analysis of electric power system via Lur’e type Lyapunov
Function. Transactions of the Institute of Electrical Engineers of Japan 1978; 98-E(5/6): 63-79 [27] Maria GA,
Tang C, Kum J. Hibrid transient stability analysis. IEEE Transactions on Power Systems 1990; 5(2): 384-393. [28]
Xue Y, Wehenkel L, Belhomme R, et. al. Extended equal area criterion revised. IEEE Transaction on Power
Systems 1993; 7(3): 1012-1022 [29] Mansour Y, Vaahedi E, Chang AT, et. al. BC Hydro's on- line transient
stability assessment (TSA): model development, analysis, and post-processing. IEEE Transactions on Power
System 1995; 10(1): 241-253. [30] Irisarri GD, Ejebe GC, Waight J.G, Efficient solution for equilibrium points in
transient energy function analysis. IEEE Transactions on Power Systems 1994; 9(2):693-699 [31] Chiang HD,
Chu CC, Cauley G. Direct stability analysis of electric power systems using energy functions: theory,
applications, and perspective. Proceedings of the IEEE. 1995; 83(11): 1497-1529 [32] Treinen RT, Vittal V,
Kliemann W. An improved technique to determine the controlling unstable equilibrium point in a power system.
IEEE Transactions on Circuits an Systems I: Fundamental Theory and Applications 1996; 43(4):313-323 [33]
Kataoka Y, Tada T, Okamoto H, Tanabe R. Improvement of search efficiency of unstable equilibrium for transient
stability assessment. In National convention Record, IEE of Japan, Power System, 1999; 1349-1350 (in
Japanese) [34] Liamas A, De La Ree Lopez J, Mili L, Phadke AG, Thorp JS. Clarifications of the BCU method for
transient stability analysis. IEEE Transactions on Power Systems 1995; 10(1): 210-219 [35] Paganini F, Lesieutre
BC. Generic properties, one-parameter deformations, and the BCU method. IEEE Transactions on Circuits and
Systems | 1999; 46-6: 760-763 [36] Alberto LFC, Bretas NG. Application of Menikov’'s method for computing
heteroclinic orbits in a classical SMIB power system model. IEEE Transactions on Circuits and Systems | 2000;
47-7:1085-1089 [37] Gibescu M, Liu CC, Hashimoto H, Taoka H. Energy-based stability margin computation
incorporating effects of ULTCs. IEEE Transactions on Power Systems 2005; PWRS-20(2): 843-851 [38] Qiang JN,
Zhong SW. Clarifications on the integration path of transient energy function. IEEE Transactions on Power
Systems 2005; PWRS-20(2): 883-887 [39] Jayasekara B, Annakkage UD. Derivation of an accurate polynomial
representation of the transient stability boundary. IEEE Transactions on Power Systems 2006; PWRS-21(4):
1856-1863 [40] Chow JH, Chakrabortty A, Arcak M, Bhargava B, Salazar A. Synchronized phasor data based
energy function analysis of dominant power transfer paths in large power systems. IEEE Transactions on Power
System 2007; PWRS-22(2):727-734 [41] Fang DZ, Jing L, Chung TS. Corrected transient energy function-based
strategy for stability probability assessment of power systems. IET Generation, Transmission and Distribution
2008; IET-GTD-2: 423-432 [42] Chen L, Min Y, Xu F, Wan KP. A continuation-based method to compute the
relevant unstable equilibrium points for power system transient stability analysis. IEEE Transactions on Power

Systems 2009; PWRS-24(1): 165- 172 [43] Ribbens-Pavella M, Evans FJ. Direct methods for studying dynamics



of large-scale electric power systems— a survey. Automatica 1985; 21(1):1-21 [44] Pai MA. Energy Function
Analysis for Power System Stability. Kluwer Academic Publishers: Boston, MA 1989. [45] Athay T, Podmore R,
Virmani S. A practical method for the direct analysis of transient stability. IEEE Transactions on Power
Apparatus and Systems 1979; PAS-98: 573-584 Author’s Information Irrine Budi Sulistiawati She received the
B.E.degree in Electrical Engineering from Institut Teknologi Nasional, Malang, Indonesia, in 2000 and M.S degree
in Electrical Engineering from Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia in 2003. Since 2003,
she has been a Lecturer in the Department of the Electrical Engineering, Institut Teknologi Nasional,, Malang,
Indonesia. She is now finishing doctoral degree at Department of the Electrical Engineering, Institut Teknologi
Sepuluh Nopember, Surabaya, Indonesia under the topic transient stability on power system Ardyono Priyadi
received B.S. degree in Electrical Engineering from Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia, in
1997, M.S. degree in 2008 from Hiroshima University, Japan. He received Ph.D degree from Hiroshima
University, Japan and concern in the area of the critical trajectory method for transient stability assessment in
multi machine power system. Since 1997, he has been a Lecturer in the Department of the Electrical
Engineering, Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia. His research interest lies in power
system stability control and application of the artificial intelligent techniques in power system. Adi Soeprijanto is
a member of the Indonesian Power System Expert Association of Indonesia. He received the B.E., and M.S,,
degrees in electrical engineering from Institut Teknologi Bandung, Bandung, Indonesia, in 1988 and 1995,
respectively. He received the Ph.D degree in electrical engineering from Hiroshima University in 2001. Since
1990, he has been a Lecturer in the Department of the Electrical Engineering, Institut Teknologi Sepuluh
Nopember, Surabaya, Indonesia. His current research interests include the application of intelligent systems to

power system operation, management, and control

1 46 words / 1% - Internet from 18-Aug-2012 12:00AM
LI www.ijeei.org

9 25 words / 1% - Crossref
L1 Huang, G.B.. "Extreme learning machine: Theory and applications", Neurocomputing,
200612

3 24 words / 1% - Internet from 16-Sep-2009 12:00AM
| www3.ntu.edu.sq

4 20 words / 1% - Crossref



10

11

12

13

Ananda. "CT Lung Image filtering based on Max-Tree method", 2011 2nd International
Conference on Instrumentation Communications Information Technology and Biomedical
Engineering, 11/2011

19 words / 1% - Internet from 02-Mar-2008 12:00AM
www.ntu.edu.sg

16 words / < 1% match - Crossref

Binu P. Chacko. "Handwritten character recognition using wavelet energy and extreme
learning machine", International Journal of Machine Learning and Cybernetics,
09/28/2011

15 words / < 1% match - Crossref
B. K. Saharoy, A. K. Pradhan, A. K. Sinha. "Computation of critical clearing time using an
integrated approach”, 2009 International Conference on Power Systems, 2009

14 words / < 1% match - Crossref

K.C. Leong. "Power system security assessment and enhancement using artificial neural
network”, Proceedings of EMPD 98 1998 International Conference on Energy Management
and Power Delivery (Cat No 98EX137) EMPD-98, 1998

13 words / < 1% match - Crossref

Salim, Nur Ashida, Muhammad Murtadha Othman, Ismail Musirin, and Mohd Salleh Serwan.
"Improvisation on Standard Limit of the Critical Clearing Time Specified for the Protection
Relays Using one Machine Infinite Bus Equivalent”, Applied Mechanics and Materials,

2015.

12 words / < 1% match - Internet from 12-Mar-2013 12:00AM
etds.ntut.edu.tw

12 words / < 1% match - Crossref
Proceedings in Adaptation Learning and Optimization, 2015.

12 words / < 1% match - Crossref

Xiangxin Kong. "Extreme learning machine based phase angle control for stator-doubly-fed
doubly salient motor for electric vehicles", 2008 IEEE Vehicle Power and Propulsion
Conference, 09/2008

12 words / < 1% match - Crossref

Ardyono Priyadi, Naoto Yorino, Ony Asrarul Qudsi, Mauridhi Hery Purnomo. "CCT
computation method based on critical trajectory using simultaneous equations for
transient stability analysis", 2014 6th International Conference on Information Technology
and Electrical Engineering (ICITEE), 2014




14

15

16

17

18

19

20

21

22

23

12 words / < 1% match - Crossref

Sarunyoo Boriratrit, Sirapat Chiewchanwattana, Khamron Sunat, Pakarat Musikawan,
Punyaphol Horata. "Harmonic extreme learning machine for data clustering", 2016 13th
International Joint Conference on Computer Science and Software Engineering (JCSSE),
2016

11 words / < 1% match - Internet from 17-Sep-2010 12:00AM
www.agent.ai

11 words / < 1% match - Crossref

Lin Zhao, Jing Wang, Xiaogan Li. "Identification of Formaldehyde under Different Interfering
Gas Conditions with Nanostructured Semiconductor Gas Sensors", Nanomaterials and
Nanotechnology, 2015

11 words / < 1% match - Crossref

Ary Noviyanto, Aniati Murni Arymurthy. "Sleep stages classification based on temporal
pattern recognition in neural network approach”, The 2012 International Joint Conference
on Neural Networks (IJCNN), 2012

10 words / < 1% match - Internet from 22-May-2012 12:00AM
WWW.Wseas.us

10 words / < 1% match - Internet from 22-May-2012 12:00AM
WWW.wseas.us

10 words / < 1% match - Crossref

N. Sridevi, P. Subashini. "Combining Zernike moments with Regional features for
classification of handwritten ancient Tamil scripts using Extreme Learning Machine", 2013
IEEE International Conference ON Emerging Trends in Computing, Communication and
Nanotechnology (ICECCN), 2013

9 words / < 1% match - Crossref
Xue-fa Hu. "Multi-stage extreme learning machine for fault diagnosis on hydraulic tube
tester", Neural Computing and Applications, 08/2008

9 words / < 1% match - Crossref
Wang, Jie, and Kai Zhang. "A MPPT Control Algorithm Based on Extreme Learning Machine
in PV System", Advanced Materials Research, 2013.

9 words / < 1% match - Crossref

Zhang, Wentao, Wenhua Zhao, and Xinhui Du. "Short-term Forecast Technology in Load of
Electrified Railway based on Wavelet-extreme Learning Machine", Journal of Networks,
2014.




24

25

26

27

28

29

30

31

32

33

9 words / < 1% match - Crossref

Na, Wenbo, Quanmin Zhu, Zhiwei Su, and Qingfeng Jiang. "Research on well production
prediction based on improved extreme learning machine", International Journal of
Modelling Identification and Control, 2015.

9 words / < 1% match - Crossref
Pankaj K. Agarwal. "Approximating extent measures of points", Journal of the ACM,
7/1/2004

9 words / < 1% match - Crossref
Alshamiri, Abobakr Khalil, Alok Singh, and Bapi Raju Surampudi. "Artificial bee colony
algorithm for clustering: an extreme learning approach", Soft Computing, 2015.

9 words / < 1% match - Crossref
Singh, S.N.. "Optimal dispatch in dynamic security constrained open power market",
International Journal of Electrical Power and Energy Systems, 200206

8 words / < 1% match - Crossref

Teddy Mantoro, Akeem Olowolayemo, Sunday O. Olatunji, Media A. Ayu, Abu Osman.
"Extreme learning machine for user location prediction in mobile environment", International
Journal of Pervasive Computing and Communications, 2011

8 words / < 1% match - Crossref
Xun-Kai Wei. "Comparative Study of Extreme Learning Machine and Support Vector
Machine", Lecture Notes in Computer Science, 2006

8 words / < 1% match - Publications
International Journal of Clothing Science and Technology, Volume 26, Issue 5

8 words / < 1% match - Crossref

D. Rama Krishna. "Application of Artificial Neural Networks in Determining Critical Clearing
Time in Transient Stability Studies"”, 2008 Joint International Conference on Power System
Technology and IEEE Power India Conference, 10/2008

7 words / < 1% match - Crossref

Irrine Budi Sulistiawati, Muhammad Abdillah, Adi Soeprijanto. "Neural network based
transient stability model to analyze the security of Java-Bali 500 kV power system”,
Proceedings of the 2011 International Conference on Electrical Engineering and
Informatics, 2011

6 words / < 1% match - Crossref



Nurhayati, Indratmo Soekarno, Iwan K. Hadihardaja, M. Cahyono. "A study of hold-out and

k-fold cross validation for accuracy of groundwater modeling in tidal lowland reclamation

34

using extreme learning machine", 2014 2nd International Conference on Technology,
Informatics, Management, Engineering & Environment, 2014

6 words / < 1% match - ProQuest
Alam, Aftab. "Analytical and intelligent techniques for dynamically secure dispatches”,
Proquest, 20111109



