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Abstract—This paper proposes approximate loading margin
methods using Artificial Neural Networks (NN) for gatic voltage
stability in power systems. Two methodologies, narhe Actual
LM with NN (ALM-NN) and Maximum Loading Margin with
NN (MLM-NN), are proposed for finding NN training d ata sets.
Artificial Neural Network is used to approximate the loading
margin at particular generation direction. The proposed
methods are validated and compared with the Maximum
Loading Margin method in the modified IEEE 14-bus est
system. The methods will help system operators tgpproximate
voltage stability margin or loading margin of the gstem in a
short period of time.

Index Terms—Loading margin, maximum loading margin
method, neural networks, generation direction.

Vsystems, especially in planning and operation,haset
have been several major power interruptions aswatiaith
this phenomenon, in the past [1]-[2]. Voltage ibdity due to
the lack of the ability to foresee the impact ofitilmgencies is
one of the main reasons for the worst North Ameripawer
interruptions on August 14th, 2003 [2]. Hencengnealectric
power utilities have been devoting a great deagfédrts in
voltage stability assessment and margin enhancement

Major contributory factors to voltage instabilityeapower
system configuration, generation pattern and lcatem [1],
[3]-[6]. Generation pattern is easier to control bystem
operators compared to other factors, as long as thenough
margin left in the generators [4]-[5]. Conventiiypain
typical voltage stability studies, generation ofrtiggpating
generators are raised at the same rate or predefimte.
Increasing generation at this rate may not leadighest
voltage stability margin.

Maximum Loading Margin (MLM) approach, which
provides the maximum Loading Margin (LM) or statmtage
stability margin is proposed in reference [5]. @&pproximate
and simple model representing the relationship betwthe
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oltage instability has been a major concern in pow

generation direction (GD) and the loading margirused to
obtain the maximum loading-margin point. AlthoudlL-M

method can provide maximum LM in the generatiomation
space, it approximate LM based on curve fitting hrods. In
addition, reactive power of all generators excéygt swing
generator is at the limits for all cases at the pbint [5].
Alternatively, one may be interested in approximgtihe LM
directly from the actual LM with corresponding gest@n
direction from exhaustive simulation. This can benel by
using a heuristic approach such as Artificial Néedatworks
(NN) [7].

Based on the above observation, attention drawthim
paper is to propose a simple simulation approaahpttovides
an approximation of LM in the generation directispace
using Artificial Neural Networks. If the LMs at \vaus
generation directions are trained using Neural [dekts
operator can approximate LM of the system at aiqudar
generation direction in a fast and simple way. my be
useful in the real-time Energy Management Systetheatoad
dispatching center or System Operator.

The rest of the paper is organized as follows: iSecH
presents static voltage stability. Existing GerieraDirection
methods are summarized in Section Ill. New simatati
approaches are proposed in Section IV. In Seclion
numerical results are presented. Finally, in Sactit, major
contributions and conclusions are given.

Il. STATIC VOLTAGE STABILITY

Voltage stability is the ability of power systemrtaintain
adequate voltage magnitude so that when the systeninal
load is increased, the actual power transferrédabload will
increase [1]. It is mainly associated with reactipewer
imbalance. In static voltage stability study, Couoétion
Power Flow (CPF) and optimization methods are tt@nm
analysis techniques that are used to find voltagbildy
margin or loading margin of the system [1], [4];[@8].

Major contributory factors to voltage instabilityeapower
system configuration, generation pattern, and lpattern.
The generation pattern is easier to control byesgsiperators
compared to load pattern. Customarily, the germratf each
participating generator is raised at the same w@tea pre-
defined rate, or according to their spinning ressrv In the
following section, existing methods of generatidredions
are summarized.

Generation pattern or “direction” is defined as pogtions
of generation increase in each participating gdoeta serve

GENERATION DIRECTION



the desired load increase and losses in the systeetKg; be
the factor for active power increase at generiatord Pg; , be
the generation at the base case, then, the gemeRyi at a
higher loading point can be written as

R = PGi,o (1"' KGI) @)

wherei = 1, 2, ..n, for all participating generators.

The factorKg; can be viewed as the generation direction

(GD) and is very crucial to voltage stability. Gengrmat

Direction can be worked out by finding the slope of

generation increase for individual generator. Exgstmethods
to identify generation directions in voltage stipiktudy are
summarized below.

A.Conventional Approach

Conventionally, the generation for a system iseased by

fixed percentage as pre-specified in the planntages e.g.,
according to the spinning reserve [1], [4]. Thewpo

A is load incremental parameter or loading factoF (),

Pgi, Qgj are real and reactive power generation atibus

Ppio, Qpio are real and reactive power demand at ibas
base load,

nis number of buses in the system,

[Pgilmins |Pcilmax are lower and upper power limits of
generator,

|[Uilmins |Uilmax are lower and upper limits of voltage
magnitude at buis

Pi . Qj, . S are the real, reactive and apparent power in line

Sjmaxis the MVA (Thermal) limit of lingj.

Generation direction, in this approach, can be wdrkut
by subtracting the new dispatch from the old dislpafor
individual generators.

C.Cost Participation Factor Approach

Cost participation factor is viewed as the easiesthod to
identify amount of power generation with economaad

generation of generato@fter the load increase can be writterdispatch consideration. It is calculated based enemtors’

as
Fo = Ro (14 K ) = Rio + AR, 2)
and
D AP, =AR, +AR @)
NG

where
Ps; is the power generation of generator
Psi, is the generation of generatat base load,
APgjis the increase of power generation at generator
APp is the total load increase,
AP s6iS the total loss increase,
NG is the number of generators.

B.Optimal Power Flow Approach

Traditional Optimal Power Flow (OPF) can be forntedh
to include voltage stability criteria as followd:[8

Minimize 4)

C(Ft)si)ZZ(Q;iFé"" BB+ Ei)

NG

subject to

P (1+2) Ry~ 2JUI|U (G cost + B sinf )= € (5)

Qu~(1+) Q= 2JU[U(G sing ~B cosf )= (8)
‘%i‘ming‘%i‘g‘%i‘max (7)
‘Ui‘min S‘Ui ‘ S‘Ui ‘max (8)
§=VF+ G < B ©)

Where
Cis total operating cost of the system,
aci, bsi, Csj are cost coefficients of generator

incremental cost [8]:

ARy = N((;I-/C. ) AR, (10)
é(l/cj)
where

C; is the cost function of generator

C’ is the second derivative of the cost funciipn

APg;is the increase in power generation for geneiator

APy is the total load increase.

Among the existing methods, very few of them ceovjge
the highest LM of the system. Hence, in the follogv
section, the Maximum Loading Margin method is pnése to
maximize the LM by searching in the “generationediion
Space.”

D.Maximum Loading Margin Method

The MLM method identifies a vector of the GDs of
generators that gives maximum LM by approximatihg t
surface of the LM as a function of the generatioadions. If
one can approximate the LM surface as a functioralbf
generation direction variable&d), optimization technique
can be used to provide the highest LM point. Mathtézally,
the method can be formulated as follows:

-aeg$ax)

(11)
subject to
NG
Z Ke =1
i=1 (12)
0<Kg <1 (13)

whereKg; is the generation direction for generaipB;, are
the coefficients termsB, is a constant ternp is the power
term and n is the number of terms of the polynomial



approximation. If generation is increased accordingthis function as
direction, the system will have the maximum loadimargin.
The MLM method provides a good approximation of the U[z":w_x_ +b} (14)
GD, which would give the maximum LM for a given eas =
Since LM surface may have multiple maximum, asait tbe

approximated by polynomial equations, MLM methodyrbe B.Proposed Methodologies

required to find the global maximum. Thg .simulat.io.n method is presented in two stegisp +
o Obtaining Training Data Setind Step IFApproximation of
E.Other Existing Methods LM Using NN

Linear and quadratic estimates of the LM with resge ] - -
system parameters, including power generationcangouted Step 1. Obtaining 'I_'rammg F)atg Set o
by using sensitivity method to locally predict thew locaton ~ 1WO0 methodologies for finding training data setymedy
of the maximum loading margin points [9]. Actual LM Method with NN (ALM-NN) and Maximum LM
From the existing methods, only MLM method can juev Meéthod with NN (MLM-NN) are proposed. The
maximum loading margin in the generation directspace. Methodologies are described as follows:

This method requires an approximated LM surfaceatgu —  Actual LM Method with NN (ALM-NN)The actual

based on the two-dimensional LM curves in each gios loading margins and corresponding generation

direction. This may be useful when one would ligdihd the directions are found from exhaustive Simu|atiomgsi

maximum LM point based on an optimization technique any voltage stability software to calculate loading
At the load dispatching center or System operionever, margin of the power system for a given generation

one may be interested in finding the LM of the systin a direction [5]. The actual LM and corresponding Gie a

short period of time when some generation direstiamne used as a training data set.

considered. Instead of approximating LM in an emquags ) )

proposed in the MLM method, one may suggest tososee - Maximum LM Method with NN (MLM-NN)The

heuristic methods such as Artificial Neural Netwsrko relationship of LM with respect to GD of each

generator is found from a single dimensional spExe
only one generator is considered, except the stvirsg
The LM surface is approximated for multi-dimensiona
case based on the separability condition and MLM
method presented in Section 111.D.

approximate the LM surface. In the following, newi
approximation methods are proposed based on thaldd¥,
MLM method and Neural Networks.

IV. PROPOSEDMETHODOLOGIES
Step2: Approximation of LM using NN

After LM and all possible GDs are found, the tragidata
set is then used to train the NN. From the NN, the
approximated LM can be found from any generatioeation
value.

Fig. 1 summarizes the process of the proposed

A.Artificial Neural Networks [7]

Neural network is a collection of interconnectedino@s
that incrementally learn from their data to captessential
linear and nonlinear trends in complex data. Neuretworks
perform a variety of tasks such as approximatioedigtion,

etc.h | itable f i - approximated LM methods. In the beginning, genenati
. T cre -are severa NNs suitable for non In€ar amalys yirection is firstly set for the CPF process. Thiee training
mcludmg multilayer perceptron (MLP_) networks, i@dasis data set is found. For ALM-NN method, the compleR
fu_r&ctllon (RdBF) ml?tworks, etc. Il\/IL;D is tflle‘_ most pm@? curve is plotted to obtain the LM of the particugeneration
widely used noniinear networks for soving m_ar_1yqu_ direction. The process is then repeated until ghduaining
problems. The reason for the popularity is thas iflexible data are obtained For MLM-NN. the LM surface
and can be trained tq assume the ghape of then.’mattg'.he approximated for all possible GDs. The trainingadit then
MLP can ,be called unlve.rsal appro.><|mat.ors due@rl@bﬂﬁy used in NN process by introducing GDs as inputs lavidas
to approximate any nonlinear relationship betwesnis and an output. After the NN is trained to find the eppiate

outputs to any degree of accuracy. The power cdroasthe weights and other NN parameters, one can useahet NN

hidden layer of neuron Iocateo_l between the in_pymrlaand to approximate the LM at the GDs of interest. Ppheposed
output layer of neurons. The hidden layer may isbrd one method is validated in the following section.

or many nonlinear neurons and it performs contisyou
nonlinear transformations of the weighted inputonbfhear
activation function transforms the weighted inptiaameuron
nonlinearly to an output.  Sigmoid activation ftion is the A Test Power Systems

popular one. The most widely used sigmoid actveli  The modified IEEE 14-bus test system [5] is used to

functions are logistic function and hyperbolic t@n§ ajijate the proposed method. Its single line diegris
function. Output of each neuron is given in Equat{14), depicted in Fig. 2, which consists of five synctuos

where the weighted sum of inputs is passed thraugilgmoid  machines, including one synchronous compensatat asty

S

V.NUMERICAL RESULTS



for reactive power support and four generators txtaat

buses 1, 2, 6 and 8. The modification from theinaglEEE

14-bus test system is that generators located sesbé and 8
were changed from synchronous compensators to a@fengr
In the system, there are twenty branches and femrbeises
with eleven loads totaling 259 MW and 81.4 MvaheTWvalue
of 259 MW is used for the base MVA of the IEEE 14sb

syste m.
Start

Y

Assign Generation Direction for all
Generators except the Swing
Generator

\
v v

Find Actual LM from Find LM from MLM
exclusive study Method

Yes

Neural Network Training with
Generation Direction as
inputs and LM as an output

}

Neural Network
Approximation of LM with
Generation as inputs

End

Fig. 1. LM Approximation Using Artificial Neural Nevorks.

Results presented in the paper were produced hattnélp
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Fig. 2. Single line diagram of the modified IEEE H4s test system.

1. ALM-NN

Three cases of generator locations are considered:
generators are located at buses 1, 2 and 6 (Ca26)Gdt
buses 1, 2 and 8 (Case G128); and at buses 1, 8 @Ddse
G168). The actual LM is found with the help of UWGWY
program based on the methodology presented inddeb#.
The actual data of LM and GDs are plotted in Fggs4 and 5
for the G126, G128 and G168 cases, respectivelgsd hM
plots are obtained from PV at all possible GDsha GD
space with 0.1 GD step. The maximum LM and corraedpm
GD of each case are shown in Table I. From Tablthd,
maximum LM of G126, G128 and G168 cases are 1.1655,
1.0286 and 1.0686, respectively.

2. MLM-NN

The MLM method is based on the loading margin & th
system at various possible generation directionsthia
generation direction space. The approximate pldtsioed
from MLM method for G126, G128 and G168 cases are
shown in Figs. 6, 7 and 8, respectively. Clearhg plots
obtained from the MLM approach are almost the sa®e
those obtained from the actual LM plot.

of UWPFLOW [10] and another Neural Network Software The LM obtained from actual LM and MLM methods are

The UWPFLOW is a research tool that has been dedigm
calculate loading margin of the power system fgiven load
and generation direction. In the following sectisimulation
results are presented.

B.Training Data Set

The size of generation direction space is in prigorto
the number of dispatchable generators considerdkistudy.
To limit the number of generators in this studyotal of four
generators are used for the IEEE 14-bus test syst@inree
cases of three generators are used throughouafres.p

used to train NN in the following subsection.

C.Approximation of LM using NN

From LM and GD data obtained in previous subsectioe
may use GDs as inputs and LM as an output to trerNN.
Multilayer perceptron with activation functions ardack
propagation are used to capture nonlinearity of tthaning
data. There are 66 training data used in theitrgiprocess.
Table Il shows the summary of the training data essllts
for each case. The result is obtained from thé smation of
30 training results that provide the minimum tragierror.
From the table, about 7-47 neurons are used inhitiéen
layer. Number of neurons and types of activatiamcfion are
obtained from the best solution using NN softwarghe
training times are only few minutes and testingetifar each
Gxyz case is less than 1 second.
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Fig. 5. Actual LMs in case G168.

TABLE |. COMPARISONOF GENERATION DIRECTIONSAND LM.

Solutions obtained from the Actual LN

Cases plot

LM (p.u.) GDs
G126 1.1655 (0,0.7,0.3)
G128 1.0286 (0,1,0)
G168 1.0686 (0.6,0.4,0)

]

Approximated LM [p.u

GD of genatbus 2 [p.u] 00 D of gen atbus 6 [p.u)

Fig. 6. Approximated LMs in case G126 using the Mapproach.
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Fig. 7. Approximated LMs in case G128 using the Mapproach.
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Fig. 8. Approximated LMs in case G168 using the Mapproach.

The numerical solutions of each method are givehahle
Il for all the cases. The GD data used for testiras 0.25
interval where those for learning has 0.1 interfabm the
table it can be seen that neural networks can maptu
nonlinearity of LM surface. The approximated Isilutions
are very close to the actual LM value as shownigs.F3-5
and to approximated LM from MLM method [5]. The
proposed method provides a good approximation of, LM
which may help System Operator to obtain LM at some
generation direction points in a short time. Thethndology



may be applied to EMS system at load dispatchingeceor
System Operator.

TABLE Il. TRAINING RESULT INCLUDING HIDDEN LAYER, OUTPUTLAYER,
ACTIVATION FUNCTION AND NUMBER OF NEURONS

Hidden Layer Output Layer
Case Activat_ion No. of Activat_ion No. of
Function Neurons Function Neurons
For ALM-NN/ MLM-NN
G126 Tanh/Tanh 15/7 Sine/Sine 11
G128 Tanh/Sine 15/37 Tanh/Logistic 171
G168 Tanh/Exp 12/47 Exp/Identity 11

TABLE Ill. NEURAL NETWORK OUTPUT AT DIFFERENTGDS

GD for Gxyz case ALM-NN for Gxyz | MLM-NN for Gxyz

X y z 126 | 128 | 168 126 | 128| 168

1.00 | 0.00| 0.00| 0913 0916 0931| 0913 0973 0908
0.75| 0.00| 0.25| 1.047| 0.864 0.867 1.047 0.871 0.862
050 | 0 050 | 1.057| 0712 0.710 1.056 0713 0.714
025| 0 075 | 0.968| 0595 0598 0.968 0592 0.591
0.00 | 0 1.00 | 0.859| 0515 0547 0.859 0589 0.528
0.75| 0.25| 0.00| 0946 0964 1.038| 0946 0.985 1.049
050 | 0.25| 0.25| 1087 0889 0958 1.080 0.897 0.999
0.25| 0.25| 050 | 1.094 0729 0.753| 1.0B9 0.744 0.849
0.00 | 0.25| 0.75| 0.996 0.604 0.613 1.0p0  0.809 0.718
050| 05 | 0.00| 0976 099p 1.052| 0.976 0.994 1.057
025| 05 | 025| 1.124| 0.90f 0.969 1.110 0920 1.004
0.00| 05 | 050 | 1.129| 0.744 0.753 1119 0776 0.858
0.25| 0.75| 0.00| 1.003] 1.012 0.967 1.0p3  1.002 0.979
0.00 | 0.75| 0.25| 1.157| 00944 0.902 1188 0.941 0.925
0.00| 1 0.00 | 1.029| 1.025 0.866 1.028 1.0p8  0.84p

VI. CONCLUSION
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