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Abstract—Variable over voltage, excessive tap counts and the PV inverter interface also can be utilized to control
voltage regulator (VR) runaway condition are major operational  gvervoltage [5], [6], [7]. This functionality can be in therfn
challenges in distribution network while accommodating gener- of autonomous settings, such as variation in power factor as

ation from Photovoltaics (PVs). The conventional approach to ti . f(p i iation | .
achieve voltage control based on off-line simulation for voltage set active power varies (pf(P) setting)or variation in reaetas

point calculation does not consider forecast errors. In this work, Voltage varies (Q(U) setting). Unlike autonomous settirigs
a stochastic optimal voltage control strategy is proposed while voltage control setpoints can also be communicated to the PV

considering load and irradiance forecast errors. Stochastic oper inverter through remote control [8], [9]. Besides PV ineert
ational risks such as overvoltage and VR runaway are defined voltage control features, classical equipments such a®the

through a chance constrained optimization (CCO) problem. This
classical formulation to mitigate runaway is further improved ~-02d Tap Changer (OLTC) and the voltage regulator (VR) are

by introducing a stochastic index called theTap Tail Expectation.  @lso utilized to manage the voltage in the network.
Operational objectives such as power losses and excessive tap The challenge of voltage control is further intensified by th
count minimization are considered in the formulation. A sampling  fact that PV generation has an impact on the action of OLTC
approach is proposed to solve the CCO. Along with other voltage g4 VR, The variable voltage rise due to the PV generation
contro_l devices, th_e PV inverter \_/oltage support features_ are results in an increase of OLTC and VR tap counts and hence
coordinated. The simulation study is performed using a realistic X ; p )
distribution system model and practically measured irradiance |€ads to an increased maintenance frequency of these device
to demonstrate the effectiveness of the proposed technique.VR operating at its limit due toeverse power tap changer
The proposed approach is a useful operational procedure for runaway is also another critical problem [10]. Under runaway
distribution system operators. The approach can minimize feeder goenario VR fails to control voltage at the regulated bus
power losses, avoid voltage violations and alleviate VR runaway. and rea(’:hes lowest or highest tap limit. Runaway happens
due to the interaction between VR control settings and PV
reactive power support. It also depends upon several other
factors such as PV capacity, load and irradiance valuesgel
| INTRODUCTION setpoints qf devices, and_d|st_r|put|on feeder t_opologyeaﬁy,
the operation of VR at its limit can result in extreme low

The renewable portfolio initiatives in various countrie® a gy extreme high voltage on the feeder. Further, during the
acting as a stimulus for the growth of grid connected runaway operation at the limit controllability of VR is lost
newable generation sources such as Photovoltaics (PV8). T getailed assessment of the effect of PV on VR runaway
global cumulative PV generation capacity is expected tolregjs presented in [11]. Some of these challenges are addressed
200 GW by 2017 [1]. PV systems are mostly integrated g{rough supervisory control [12], [13], [14]. However dikse
the medium voltage (MV) and low voltage (LV) distributionefforts ignored the errors associated with the load and PV
system levels. For instance, in Germany, where the indta”@eneration forecasting [15], [16].
peak capacity is 31 GWp, arourth% of PV generation is  gince there is an element of randomness associated with
connected to the LV and MV distribution grid [2]. ~ forecast errors, it is necessary to deal with this problem

One of the major operational challenges faced by Distijja stochastic approaches. The probabilistic load flow (PLF
bution Network operators (DNOs) is voltage rise due to theyaysis to evaluate the impact of PV generation is proposed
integration of PV [3]. During unity power factor (pf)opei@t [17]. Further, probabilistic optimal power dispatch cafesing
of PV, the DNOs control overvoltage by active power cufgncertainty in the presence of PV generation is formulated i
tailment [4]. The reactive power support functionality ffo 18] The stochastic nature of output from DG is character-
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Figure 1. \oltage control of a radial distribution feede®]1

in distribution systems having renewable energy generasio
carried out in [21]. Analytical PLF based chance constrine
optimization is employed in [22] to achieve reactive power
coordination. Monte carlo simulation (MCS) based stodhast
optimization to calculate renewable energy pf setpoints is
proposed in [23]. The available literature does not however
consider the VR runaway in system operation, including the
forecast errors. This motivated us to pursue our reseafott ef

to propose a stochastic framework that minimizes the risk of
VR runaway. In this work, a stochastic distribution voltage
control strategy is proposed. The rest of the paper is stredt

as follows. In Section I, stochastic operation considgrin
VR runaway is formulated as a classical chance constrained
optimization (CCO) problem. A CCO solution strategy is 2)
proposed in Section lll. Section IV defines an appropriate
stochastic index which further minimizes the risk of VR
runaway. Section V presents a case study to demonstrate the
effectiveness of the proposed approach. Section VI coeslud
the paper.

[I. DISTRIBUTION VOLTAGE CONTROL 3)

The stochastic operation of the radial feeder shown in Fig.1
is under consideration. In order to achieve an optimal oper-
ation, DNOs should consider different objectives and risks
A chance constrained optimization (CCO) based problem is
formulated to achieve these objectives in the presence of PV
generation and load forecast errors. The optimizationgdesi
(or control) variables are the OLTC voltage setpoints ared th 4)
PV inverter voltage setpoints. The distribution systene lin
data, load data, and PV/load forecast errors are given qmobl
parameters. Bus voltages and line currents in the system are
dependent variables. The problem is mathematically formu-
lated as follows.

A. Optimization Objective

DNOs wish to operate distribution feeders such that the
losses are minimum. The expected value of power loss should
be minimized in order to account for randomness in forecast-
ing errors i.e.

Minimize E(Pjyss) Q)

In (1) E(P,.ss) represents the expected value of power losses
in the time horizon under consideration.

B. Optimization Constraints

Bus V\oltage: The primary objective of any feeder
operational strategy is to maintain acceptable bus volt-
ages. When the forecast errors are considered, the bus
voltage violation risk needs to be accounted for. Vari-
ance minimization can be utilized if DNOs insist on
maintaining a flat voltage profile. Generally, the bus
voltages are required to stay within the specific band
(0.95pu to 1.05pu) [24] [13]. Therefore, minimizing the
probability of violation of this band results in an accept-
able voltage profile. The voltage violation probability
should be below the tolerance prescribed by a DNO.

Pr(v < ViP.) > o}f is defined as a constraint for
the upper limit of the voltage:

Pr(V>Vi )<1l—af 2
Similarly for the lower limit of the voltage:

Pr(V < Vigi) 1 —af® 3

In (2) and (3),V;;2 .., Vilor., olo® and oy are design
parameters. These can be changed to suit the require-
ments of the DNO1—a? and1—a{?* indicate voltage
violation probabilities. Typically, a bus voltage violatti
is restricted belows% as per the the European standard
EN50160.
Power balance :In a practical distribution system,
power flow equality constraints must be satisfied for
each load and irradiance scenario under consideration.
This is achieved by a set of nodal current injection
equations formulated in rectangular coordinates. The de-
tailed modeling of system components such as lines and
transformers in the current injection based formulation
is as per [25], [26].
Feeder current: The feeder current thermal capacity
needs to be considered in the following manner:
Pr(Ipeea > 110 <1 — af 4
Iiémit changes from
can be adjusted as

Typically af°“? can be95% [23].

season to season;““’ and 1}
per the operator needs.

PV generation: From a PV generation owner’s
perspective, revenue should be maximized. This
necessitates that the injected active power should
always satisfy the maximum power point tracker
(MPPT) criterion. However, in order to manage an
overvoltage, active power curtailment is unavoidable
in some cases. The situation can be best addressed by
keeping the expectation of active power curtailment
below a specific limit €,curtqir) i-€.

E(Pcu'r'tail) < Epcurtail (5)

This active power curtailment is typical§0% in Ger-
many [8]. However one should aim for less active
power curtailment.epc,rqi IS @ tolerance which can
be adjusted by the DNO. Further, the PV generation
reactive power support is limited by its inverter apparent
power rating.



5) OLTC and VR: The OLTCs and VRs are primarily
responsible for feeder voltage control. Details of the
technical operation of the OLTC mechanism can be
found in [27]. An operator typically specifies the partic-
ular voltage setpoint to control the voltage of a regulated
bus. One of the major challenges in the presence of
PV generation is the excessive number of tap operations
required to contain overvoltage. Though there are some
new power-electronic OLTCs that can withstand too
many tap changes, still many practical feeders operate
with conventional electro mechanical OLTCs. For these
conventional OLTCs and VRs excessive tap operations
reduce the operating life significantly thus requiring an
increased number of maintenances. Therefore voltage
control should be achieved with a minimum number of
tap operations:

E(Tapcounts) S 6Tozpcounts (6)
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Setpoint
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Change Validation
number of
samples
/
N Yes
L e All objectives
satisfactory ?

In (6), E(Tapcounts) represents the expected value Ofigure 2. CCO Solution Strategy general flowchart

tap counts in the time horizon under consideration.
€Tapcounts defines the maximum permissible tap counts.
Another challenge thrown by PV is VR runaway. A
VR runaway occurs due to the interactions between VR
and PV generation control settings. There are several
operational scenarios when a VR runaway is possible.
Detailed description of the runaway phenomenon can be
found in [11]. This phenomenon results in the operation
of the VR either at the lowest or at the highest tap po-
sition. The VR runaway also results in the extreme low
or high voltage on a feeder. Hence avoiding operation
of a VR at the extreme tap position is essential. A tap
violation probability for VR is defined to mitigate the
VR runaway, according to the following constraints:
Pr(Tap > Tap;? .,) <1— a;’;p (7
Pr(Tap < Tapgyy;) <1 - offy,
The regions beyond th&ap valuesTaple®., and Tap,? ..
are denoted as theon preferred zones. DNOs can mitigate
the runaway and maintain VR control margins by specifying
Tapigw,, Tapyi ,.cqy, and oy . The problem is solved
through coordination amongst various reactive power @svic
in the network. The following section details the solutioh o
this chance constrained optimization (CCO) problem.
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:
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Figure 3. CCO solution strategy sample selection

IIl. CCO SOLUTION STRATEGY

Fig.2 details the general flowchart of the proposed algo-
rithm. The proposed CCO solution algorithm has three major
routines; namely sample selection, set point calculati@hsset
point validation. These three subroutines are describ&mhbe

1) Sample selection:Both load and PV generation fore-
casting errors are considered in the particular time
horizon. The time horizon can be day ahead or hour
ahead based on the operators’ choice. In order to solve
the CCO problem)V independent identically distributed
sample scenarios are selected. LEf™ denote the
probability for which constraints defined for decision

variable vectorz are violated. Let us also denoteas
the acceptable probability level for which constraints are
not violated. Hence the acceptable constraint violation
probability 8 is calculated asp = 1 — a. A -
level robustly feasible optimization solution will satsf
Flim < 3. The number ofV different samples to obtain

a robust solution are selected as:

n
N>—-1 (8)
By
In (8), n represents the number of decision variables. If
the program is convex, then the extraction of théée



2)

3)

samples ensures that the obtained optimization solution
is B-level robustly feasible with a probability no smaller
than1 — ~ [28]. Given that convexity does not hold for
the problem under study, setpoint validation is therefore

rom
sample
selection
step

employed in Step 3. Fig.3 details the general flowchatt
for this step.

Setpoint calculation: This subroutine calculates the
setpoints of voltage control devices utilizing thg
samples chosen in Step 1. The optimisation problegm
proposed in Section Il is a NP-hard problem. It involve
nonlinear constraints and discrete variables togethdr wijt
multiple operating scenarios. The problem is not simply
solved for each load and PV power sample, because
the solution of the problem for every sample will lea
to N different PV and OLTC voltage setpoints. In
practical setting, the network operator is interested infa
unique PV and OLTC setpoint which will minimize the
risk of runaway and voltage violation over a given tim
horizon. The solution technique used here is based jpn
an oriented discrete descent method, which is a method
adopted by the industry for handling discrete variablgs
in deterministic constraints [29]. This paper extends
the use of the oriented discrete descent method for

4
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handling discrete variables in chance constraints. For N-
samples under consideration, the distribution load flow
is run for each sample ensuring the power flow equality
constraints. Now after N power flow calculations, the
expected values of power losses and various constraint

Go to
setpoint
validation
step

violation probabilities can be calculated. If these valuggyre 4. cco solution strategy setpoint calculate

are not acceptable to the operator, then the PV inverter
setpoint or OLTC voltage setpoint is altered by the
oriented discrete descent method. First, the objective
function is calculated for some initially assumed values
of the control variables (PV inverter setpoint or OLTC
voltage setpoint). The control variables are then altered
in discrete steps along all possible search directions.
Again for all the new control variable values, the corre-
sponding new values of the objective functions are com-
puted. The partial derivatives of the objective function
with respect to all control variables are calculated. The
partial derivatives are computed using the differences
of the objective function divided by the corresponding
variation in the setpoints. The control setpoint with the
highest partial derivative is the best candidate to mini-
mize the objective. Only the setpoint which corresponds
to the highest value of the partial derivative is altered
to minimize the objective. This procedure is repeated

bility is desired. It should be emphasized that because
the problem is non-convex, the set-points need to be
validated via Monte Carlo simulation, i.e. the solution
obtained in Steps 1 and 2 cannot be considered as the
final solution. The calculated setpoints are validated by
choosingM samples such that/ > N. Monte carlo
simulation using the calculated setpoints is run. The
objective function and constraint violation probabiliie
are checked for thes&/ samples. The initially chosen
N samples are increased if the validation results are not
satisfactory. Upon increasing thedé samples, Step 2
and Step 3 of the algorithm are rerun until a satisfactory
result is obtained. The violation probability or the
confidence parameterin (8) can be reduced to increase
the value of N. Fig.5 details the general flowchart for
this step.

until satisfactory variables for the objective function As mentioned in the sample selection subroutine, the set-
and constraint violation probabilities are obtained. &ig.points can be calculated for any time horizon. The operation

details the general flowchart for this step.

strategy proposed here is subdivided into two distinct time

Setpoint validation: The calculated setpoints in Step Zhorizons to minimize the impact of forecasting errors. thira

are valid forN samples and they offer/@level robustly day ahead time horizon is considered. In this stage, thagelt
feasible solution (with a minimum probability of (1-setpoints of the OLTC and PV generation are calculated. The
gamma)) only if the program is convex. The setpoirgecond stage is particularly useful when a day ahead PV
validation is carried out in order to overcome this issudorecast accuracy is lower. In the second stage, a shorter
Expression (8) in the Step 1 is utilised only to give aforecast horizon of one hour is considered. Hour ahead PV
initial estimate of the number of N minimum sampleg$orecast errors are lower as compared to day ahead forecast
that must be considered if a certain violation probaerrors [15]. The readjustment of voltage setpoints is done
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Tap?? is a lower a-percentile of the random variabBap.
For example, suppose that the desired value of probalaility
considering hour ahead forecast. While readjusting, the®@LTs 95%. This indicates that for onlyy% of instancesTap
setpoints calculated from the first stage remain the samlg. Oattains a value greater than or equalTtap?. Similarly for
the PV generation setpoints are readjusted. Communicatihg lower limit of the VR, if the CDF is defined l‘;‘;(z) =
voltage setpoints to OLTC and PV generation helps to achieffe{Tap > 2} then,
an efficient operation of a distribution system and mitigdte
autonomous VR runaway risk.

Tapy = maz{z| P (z) > a} (10)

In other words,T'ap?? should be less thafap,;” ... Thus
the constraints defined in (7) can also be written as,
IV. TAP TAIL EXPECTATION

Tap? < Tapji,., 11)
Tapffw > Taplo®

limait

The CCO discussed above considers MIRaway risks by
enforcing constraints on tap violation probability. Theopr
posed CCO implementation calculates OLTC and PV invertefhe Tap Tail Expectation is an alternative risk measure that
setpoints such that the tap positions near the end of the Vékes into account the tail of probability distribution @friable
tap limit (£16) lie in the tail region of the VR tap PDF. Tap. For the variabl& ap and with confidence level € [0, 1],
The parameters such &ap,? .., Tapl®., and o defined the Tap Tail Expectation is the mean of the tail distribution
in equation (7) are designed to achieve this. However, ifs Frap(Tapi?) < 1 then there is a possibility of a VR
major disadvantage is due to the fact that CCO does mjerating abovd'apy? value. Then thélap Tail Expectation
give information about the scenarios wheFap values are E[Taili?(Tap)] is calculated as follows [30]:

beyondTap,? .. or Tapl®.,. For instance, consider that the o _ u
permissiblelprcfbability lof tthe tap value being beyontll is ElTails"(Tap)] = Vo (Tap)Tapg” + (12)
5%. Then in95% of cases it is ensured that a VR will not (1 = Vo (Tap))E[Tap|Tap > Tapy?]

operate beyond the value1l. But the disadvantage is that W (Tap) Frop(Tapp?) — o (13)
in 5% of the cases there is no operational control at which “

11—«

tap position VR will operate. Ir5% of cases, a VR can be Thus it can be seen th@p Tail Expectation the weighted av-
operating even at-16, which indicates the runaway or lackerage oflap? and E[Tap|Tap > Tap?]. It should be noted
of VR operational margin. that similarly for the lower limit of a VRE[Tail’" (Tap)]

In order to mitigate this limitation, th&yp Tail Expectation can be defined. The abovkap Tail Expectation indices can
index is defined. Fig. 6 demonstrates the conceplapfTail be incorporated in the proposed CCO strategy by replacing
Expectation for VR runaway. The mathematical definition ofthe constraints in (7) by:
this risk measure is detailed as follows. up < Jup
Let F;? (z) = Pr{Tap < z} define the cumulative distri- E[Tailg? (Tap)] < exgpian (14)
bution function (CDF) of a variabl@'ap. The Tap®? with a E[Taill" (Tap)] > €2 10
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5sec time scale at Loughborough, England in the month of
July 2012, are used. The base power considered is 100 kVA,
i.e. a load of 100 kVA is equivalent to 1 pu. The average

By selecting an appropriate value %pm“’ El:/?;”pmu' DNOs Value of peak sollar generation is 7pu while that of load i§
can control the shape of the VR tail probability distribatio 18PU- PV generation forecast errors are modeled by a Gaussia
For instance, again consider that the permissible prababfl distribution [32]. The PV generation forecast error PDFs ar

the tap value being beyond11 is 5%. And DNOs desire the shown in Fig. 8 and Fig. 9. A correlation coefficient@f is
E;meiz to be +12. Then constraint in(14) will not only try considered between the two PV generators at bus 18 and bus

to have less than 5% probability abovel1 but also will try 89. Correlation coefficient between PV and load is assumed

to have expected value of the tail less than or equaita. —0-68 in morning and0.21 in afternoon (afterl2 noon )
This will avoid scenarios such as all thé operation of a VR [33]-Load forecast errors are also modeled by a Gaussian
at +16 which is possible with classical constraints(7). Thudistribution [16] [34]. The load forecast errors are shown i

constraints defined in (14) will ensure an operational rmargF'g'lo and Fig. 11. )
for a VR. There are two VRs connected in the system, one between

In order to achieve this, all voltage control equipmenf@US 54 and bus 75 (VR1), and the other between bus 24 and

and PV inverter control features (for example reactive powBUS 23 (VR2). The OLTC and both VRs have an operational
injection, active power curtailment) need to be coordidatd@n9e+16 to —16. Timer controlled switched capacitors are
to achieve this. The effectiveness of modeling VR runawaidely used in European distribution networks [35]. Two
in classical CCO and by using tHEap Tail Expectation is banks of switched capacitors namely, C1 and C2, each of

demonstrated in the next section using a realistic digidhu ating 200 kVAr at rated voltage (1 pu), are assumed to be
test system model. installed at bus 52. Capacitor C1 is switched on at 17:00 hrs

and switched off at 3:00 hrs. Capacitor C2 is switched on

V. CASE STUDY
A. System model

The UK Generic Distribution System (UKGDS), displayed
in Fig.7, is considered. The system is a 95 bus test system
fed by the substation transformer equipped with an OLTC o
(33/11kV) [31]. A base voltage of 11kV and a base power o
of 100kVA are assumed. There are two PV plants considered i
in the system each of 1 MW capacity. The PV inverter MVA : o N S S S B
capacity is overrated such that the plant is able to operate R e
at 0.95 lead/lag power factor during the peak active power
injection. Practical irradiance measurements carriedoput  Figure 10. UKGDS day ahead load forecast error PDF
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at 17:00 hrs and switched off at 8:00 hrs. The next secti%rgJure 12

. . . . . Case 1 : Boxplot of UKGDS bus voltages
discusses various results obtained from this example. P 9

o
@

B. Results

Three different cases are studied to evaluate the perfaenan
of the proposed strategy.

o Case 1 - Deterministic setpoint calculation
o Case 2 - Classical CCO
o Case 3 - CCO withTap Tail Expectation

For these three cases, firstly voltage control device Ssetpoi ,
are designed. Then, using these setpoints a PLF is caldulate e een 0 28T

to evaluate the operational performance of the system. The

upcoming sections discuss the detailed results and therperfigure 13. Case 1 VR operation PDFs : unacceptable tailitalision

mance comparison.

Case 1 - Deterministic setpoint calculation: In this case,
system voltage control is achieved by designing setpoirtien preferred zones. Ideally, the optimization should result
using a deterministic optimization strategy. This strgtégy in setpoints such that, the VR operation in i preferred
nores uncertainties associated with load and irradiancke a@one becomes a zero-probability event, or the non preferred
assumes that day ahead load and irradiance profiles are knawne T'ap values should have very small probability. Hence,
accurately. Also all the chance constraints are replaced the setpoints should make then preferred zones lie in thetail
the deterministic constraints. The deterministic optatian region of the VRT'ap value PDF. In order to achieve this, the
is setup and a penalty function approach is utilised to avoidnstraints in (7) are employed. 3% violation probability
VR runaway as proposed in [11]. The coordinated operatigs permissible beyond’ap values+10 and —10. Based on
of OLTC, VR and PV plant is achieved and detailed voltagdie operator's experience, an appropriate choice of vasiat
setpoint calculation is carried out as per the procedure gxobability andnon preferred zones can be made to maintain
plained in [11]. In reality, PV generation and load foresastt VR control margin. After defining these parameters, the
will have errors. These errors are introduced and the PLFGdassical CCO based coordination is simulated. The resulta
run. The boxplots of the voltage magnitudes at various busEsp PDFs for both VRs are shown in Fig.14. The following
over a day are shown in Fig.12. It can be observed that thkservations can be made comparing ‘Case 1’ in Fig.13 and
probability of violating the voltage limits is zero. Howeye ‘Case 2’ in Fig.14. It can be observed that there is reduction
PDFs for both the VRs are shown in Fig.13, from which it
can be observed that the probability of operation at the tap
position—16 (operational limit)for VR1 is5.8% and for VR2 L
is 4.3%. Also 18.33% of VR1 operation andl4% of VR2 I — ]
operation happens in the tail region (Tap value belew).
This indicates a fairly small VR operational margin in these
scenarios. This unsatisfactory operational performahséRs
is because setpoint calculation is without consideringdast
errors. In order to alleviate this challenge, the followimgp 02l
cases evaluate the proposed CCO based strategies.

Case 2 - Classical CCO: In order to avoid VR runaway and
maintain VR control margin, the classical CCO as described i S ¢ 2 0 8 -6 4 2 o 2
Section Il is used. To minimize the VR runaway probability, TopFossten
the constraints defined in (7) are considered. This exercisgure 14. Case 2 VR operation PDFs : reduction in non preflemone
designates regions beyoriflap values of +10 of VR as probability
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Figure 17. Case 3 VR operation PDFs : satisfactory operatiorargin
Figure 15. Case 2 : Boxplot of UKGDS bus voltages
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Figure 16. Case 2 : Lack of control over the shape of VR taifrithistion Figure 18. Case 3 : Boxplot of UKGDS bus voltages

in the probability of VR operation in the non preferred zonExpectation as defined in Section IV is used in the simulation.
beyond theT'ap value +10. The probability of the operation Runaway related constraints are replaced by (14).cs,
below —10 is less tharb%. Similar to the VR operation, the and /2, ., parameter values are considered to He2.
violation probability is defined for the voltage. Fig.15 8% Fig.17 shows the effectiveness of tfiap Tail Expectation.
the boxplot of UKGDS bus voltage magnitudes. It can b€he probability of runaway is reduced further and the VR
observed that the voltage at the buses is maintained betwegerational margin is improved. This is because the exdecte
0.95pu to 1.05pu. The above classical CCO based reactivealue of theTap in the tail of the distribution is designed
power coordination is achieved with optimal PV generatien sto be greater than-12. Therefore, defining constraints using
points. Optimal PV generation setpoints for bus 18 and bus & Tap Tail Expectation offers control over the tail region of
are shown in Table I. Thus the formulation helps minimizing'ap. In this study, theTap Tail Expectation is defined only
the VR runaway probability and maintains bus voltages withifor VRs. The voltage optimization is carried out by defining

their prescribed limits. the violation probability. The resultant boxplot curvestbé
UKGDS bus voltage magnitudes are shown in Fig.18. The
Table | optimal PV generation set points for bus 18 and bus 89, for
CASE 2 : PV GENERATION VOLTAGE SETPOINT$pu] FROM 11:00AM TO this case are shown in Table II.
12:00PMm
Bus 89 1.025 1.015 1.02 1.02 Table II
Bus 18 1.03 1.025 1.025 1.02 CASE 3 : PV GENERATION VOLTAGE SETPOINT$pu] FROM 11:00AM TO
12:00PMm
. . . Bus 89 1.035 1.025 1.025 1.03 |
Case 3 - CCO with Tap Tail Expectation: Closer ob- BUs 18 1015 102 1025 102 |

servation of Fig.16 indicates the limitation of the claasic
CCO. There is still a small probability of VR operation at
—16 (approximately2%). This shows that the modeling of As discussed in Section II, other operational targets ssch a
the violation probability as per (7), reduces the probabili power loss minimization and tap operational counts minamiz

of operation beyond th&ap value —10 to a value below tion are also considered in ‘Case 2' and ‘Case 3. Table
5%. But in the 5% of the scenarios, there is no controlll shows the expected values of power loss in the network
at which position VR will operate. As can be observed iand the tap counts for all the cases. Case 2 demonstrates
Fig.16, this can very well be-16 indicating operation at the classical chance constrained optimization (CCO) based
the VR tap limit. Considering this limitation, th&ap Tail approach and Case 3 demonstrates the tap tail expectation



based method. Case 1 is a deterministic method, which ignore 1, the power losses and tap operations are higher; addi-
forecast errors. The methods demonstrated by Case 2 and Case tionally, the VR runaway phenomenon is not considered.
3 alleviate the challenges related to energy loss and tapteou 3) Considering these aspects, the authors propose two
as compared to Case 1. In Case 2, power losses are reduced methods in this paper. These methods are demonstrated
by 8% and tap counts are reduced BY% as compared to in Case study 2 and Case study 3. Both methods
Case 1. In Case 3, power losses are reduced.¥ and tap successfully alleviate the limitations in Case 1 (present
counts are reduced B8.5% as compared to Case 1. Case 2 day practice).

gives better performance than Case 3 for energy loss and tap

counts. However, the tap tail expectation based methode(Cas VI]. CONCLUSIONS

3) helps the operator to predesign the voltage regulator) (VR

. : The conventional framework to achieve the distribution
control margin. The classical CCO based approach (Case 2 . .
- . “yoftage control in the presence of PV generation does not
can only have a control over the probability of VR operation

near the limits, but it cant control the VR operational margi consider inevitable forecasting errors. It is essentiahitigate

Thus the proposed CCO based reactive power coordinat%]ﬁ operational risks such as overvoltage, excessive @pLeo

through Classical approach amap Tail Expectation approach and VR R_ung way, In the presence of '.DV aqd .Ioaq forecast
o . . rrors. This is achieved via a stochastic optimization tase
are effective in improving the operational performance St

the system such as, network losses and the number of g{)ltage control strategy. Two variants of Chance Constichin

- timization (CCO) are proposed to minimize the risk of VR
movements. The proposed approach successfully minimize : .
. AR : runaway. A classical CCO considers the runaway phenomenon
the chance constrained optimization computational bufsen

choosing N representative samples based on equation (8). W modeling the violation probability and by definifig.p non

algorithm is programmed in Matlab and runs on a simp ereferred zones. An improvement to this approach is proposed

Pentium IV computer, 2.53 GHz with 12GB RAM. For a y defining theTap Tail Expectation index as part of the CCO

. T L .~ . “constraints. The problem is solved using a sample selection
day ahead horizon planning, the solution is achieved in | Ssed approach. The simulation studv carried out using a
than 15 minutes. Please note this is just a onetime caloulati bp j y 9

aimed at calculating the OLTC setpoints for a day. Please a{eallstlc distribution system model shows satisfactoiguhes.

note that a day ahead planning step can be completely omit%(‘ecliS observed that both CCO based approaches are able to
by operators as the algorithm also has a second stage wq

re%sonably minimize the probability of VR runaway. However
considers shorter time interval and recalculates setpdont

I¥€ classical CCO based approach does not control the shape o
PV inverter. Operators can consider only the second stﬂge.ﬂ?e tail probability d|str|but|on_. n thE.) classical CCO ap@chz
. : : the expected value of the tail can lie near the VR operational
this case study, the second stage considers a 15-minutd ahea . .
. . . . . imit. The Tap Tail Expectation based approach offers control
time horizon. For a 15- minute ahead horizon, the solution . . .
) . . . ver the tail region of th& ap and offers a robust operational
is achieved on a simple Pentium IV computer, 2.53 GHz . S
. . . X . . margin for VR. Both these approaches also minimize the
with 12GB RAM in less than 2 minutes. If this algorithm is .
) . . power loss and excessive tap counts. These proposed CCO
implemented using a higher performance computer (Such @s . : -
. ) . based strategies will be useful to DNOs to ensure efficient
Intel 13, I5 or 17), the solution for a 15-minute ahead plarmi

: : . and risk averse network operation in the presence of PV
interval can be achieved in few seconds. .
generations.

Table Il
UKGDS 95BUS SYSTEM OPERATIONAL PERFORMANCE ACKNOWLEDGMENT
Case E(Energy Ioss) E(Tap Counts) The authors would like to thank Dr. T. Betts from Lough-
Case 1 2.65Mwh 38 borough University, UK for solar irradiance data.
Case 2 2.44MWh 25
Case 3 2.53MWh 29

REFERENCES

[1] G. Masson, M. Latour, M. Rekinger, |. Theologitis, and Mapoutsi,
“Global market outlook for photovoltaics 2013-2017," tecah paper,
Eurpean Phhtovoltaic Energy Association(EPIA), Mar. 20Agailable

1) The state-of-the-art distribution system voltage ragul __electronically at : http://www.epia.org/.

. . . . éZ& J. Appen, M. Braun, T. Stetz, K. Diwold, and D. Geibel, ffié in the
tion techniques do not consider forecast errors associated g n; The challenge of high PV penetration in the german étegtid.”

with photovoltaic (PV) generation and load. In previ-  IEEE Power and Energy Magazine, vol. 11, no. 2, pp. 55-64, Mar. 2013.
ous techniques, the phenomenon of voltage regulatcﬁ'] http://lwww.epia.org/, “Connecting the sun solar phatitaics on the

VR . | id d whil lculati road to large scale integration,” Sept. 2012.
(VR) runaway is also not considered while calculatingjs; A" G. madureira and J. A. P. Lopes, “Coordinated voltagggort in

operational set points of regulating devices that control distribution networks with distributed generation and rogrids,” IET
distribution feeder voltages. Renewable Power Generation, vol. 3, no. 4, pp. 439-454, Dec. 2009.
2 h hod idered in C 1i . BE# T. Basso, J. Hambrick, and D. DeBlasio, “Update and reviefv
) The method considered in Case Is representative ieee p2030 smart grid interoperability and ieee 1547 intereotion
the present day practice. The solution calculated using standards,” in2012 IEEE PES Innovative Smart Grid Technologies
the methodology described in Case 1 does not hold trug (1SS, Washington, DC, pp. 1-7, IEEE, Jan. 2012.

h f id d. Thi lead EG] A. Malekpour and A. Pahwa, “Reactive power and voltagatod in
when forecast errors are considered. IS can lead 10 gisyripution systems with photovoltaic generation,” Nerth American

suboptimal performance of distribution feeders. In Case Power Symposium (NAPS), 2012, pp. 1-6, IEEE, Sept. 2012.

These case studies can be summarized as follows.



(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

R. A. Walling and K. Clark, “Grid support functions implemied
in utility-scale PV systems,” in2010 |IEEE PES Transmission and
Distribution Conference and Exposition, New Orleans, LA, USA, pp. 1-
5, IEEE, Apr. 2010.

Federal Ministry for the Environment, Nature Conservatand Nuclear
Safety (BMU), Germany, “Renewable energy sources act-EE&hUary
2012. Consolidated (non-binding) version of the Act amilie as at 1
January 2012 http://www.bmub.bund.de/.
http://www.smartgridnews.com/, “Standard languagetquols for pho-
tovoltaics and storage grid integration developing a commoathoaefor
communicating with inverter-based systems,” May 2010.

M. McGranaghan, T. Ortmeyer, D. Crudele, T. Key, J. Smiind
P. Barker, “Renewable systems interconnection study aedhmygid
planning and operations@andia National Laboratories, Feb. 2008.

Y. Agalgaonkar, B. C. Pal, and R. A. Jabr, “Distributioroltage
control considering the impact of PV generation on tap chenged
autonomous regulators/EEE Trans. Power Systems, vol. 29, no. 01,
pp. 182-192, Jan. 2014.

T. Senjyu, Y. Miyazato, A. Yona, N. Urasaki, and T. Fugmabi,
“Optimal distribution voltage control and coordination itlistributed
generation,1EEE Trans. Power Delivery, vol. 23, no. 2, pp. 1236-1242,
Apr. 2008.

F. A. Viawan and D. Karlsson, “Combined local and remotiage and
reactive power control in the presence of induction machistilduted

10

[29] I. Roytelman, B. Wee, and R. Lugtu, “Volt/Var control alithm for

modern distribution management systemEE Trans. Power Systems,
vol. 10, no. 3, pp. 1454-1460, Aug. 1995.

S. Sarykalin, G. Serraino, and S. Uryaseyv, “Valueisit-vs. conditional
value-at-risk in risk management and optimizatiofijtorials in Oper-
ations Research. INFORMS, Hanover, MD, 2008.

R. Singh, B. C. Pal, and R. A. Jabr, “Distribution systetate estimation
through Gaussian mixture model of the load as pseudo-measurémen
IET Generation Transmission and Distribution, vol. 4, no. 1, pp. 50-59,
Jan. 2010.

C. Breuer, C. Engelhardt, and A. Moser, “Expectati@sdd reserve
capacity dimensioning in power systems with an increasirgrinittent
feed-in,” 10th International Conference on the European Energy Market
(EEM), Stockholm, May. 2013.

E. Troster and J. Schmidt, “Evaluating the impact of PV niedu
orientation on grid operation,Proceedings of the 2nd International
Workshop on Integration of Solar Power into Power Systems, Lishon,
Portugal. 2012., 2012.

B. Hodge, B. Mathias, and etc. all, “A comparison of windwer
and load forecasting error distribution®toc. 2012 World Renewable
Energy Forum, pp. 1-8, 2012.

F. A. Viawan and D. Karlsson, “Voltage and reactive powentrol in
systems with synchronous machine-based distributed gémetdEEE
Trans. Power Delivery, vol. 23, no. 2, pp. 1079-1087, Apr. 2008.

generation, EEE Trans. Power Systems, vol. 22, no. 4, pp. 2003-2012,
Nov. 2007.

S.Paudyal, C. A. Canizares, and K.Bhattacharya, ‘i@atioperation of
distribution feeders in smart gridsEEE Trans. Industrial Electronics,
vol. 58, no. 10, pp. 4495-4503, Oct. 2011.

W. Glassley, and J. Kleissl, and H. Shiu , and J. Huand, @nBraun
, and R. Holland, “Final report on current state of the art olas
forecasting.” California Renewable Energy ForecastingsdRirce Data
and Mapping; California Renewable Energy Collaborative.

B. M. Hodge, D. Lew, and M. Milligan, #rel/cp550057340 short-
term load forecasting error distributions and implicatiémsrenewable
integration studies,JEEE Green Technologies Conference Denver, Col-
orado, pp. 1-8, Apr. 2013.

M. Fan, V. Vittal, G. Heydt, and R. Ayyanar, “Probabfls power
flow studies for transmission systems with photovoltaic geth@n using
cumulants,”IEEE Trans. Power Systems, vol. 27, no. 4, pp. 1-12, Nov.
2012.

M. Fan, V. Vittal, G. Heydt, and R. Ayyanar, “Probabfls power
flow analysis with generation dispatch including photaaialresources,”
|EEE Trans. Power Systems, vol. 28, no. 3, pp. 1-9, May 2013.

Y. Kim, S. Ahn, P. Hwang, G. Pyo, and S. Moon, “Coordinateghtrol
of a DG and voltage control devices using a dynamic programming

algorithm,” |[EEE Trans. Power Systems, vol. 28, no. 1, pp. 42-51, Feb. Bikash C. Pal (MO0, SM02, F13) received the B.E.E.(with honors) degree
2013. from Jadavpur University, Calcutta, India, the M.E. degfieen the Indian

T. Karakatsanis and N. Hatziargyriou, “Probabilistonstrained load Institute of Science,Bangalore, India, and the Ph.D. defp@n the Imperial
flow based on sensitivity analysisiEEE Trans. on. Power Systems, College London, London, U.K, in 1990, 1992, and 1999, retpely, all
vol. 9, no. 4, pp. 1853-1860, Nov. 1994. in electrical engineering. Currently, he is a Professorhi@ Department of
N. Hatziargyriou, T. Karakatsanis, and M. Papadopsut@robabilistic Electrical and Electronic Engineering, Imperial Collegenton, London,
load flow in distribution systems containing dispersed winolver U.K. His current research interests include state estimafower system
generation,”|EEE Trans. on. Power Systems, vol. 8, no. 1, pp. 159— dynamics, and flexible ac transmission system controllers.

165, Feb. 1993.

H. Zechun, W. Xifan, and G. Taylor, “Stochastic optimahctive power
dispatch: Formulation and solution methodiriternational Journal of
Electrical Power & Energy Systems, vol. 32, no. 6, pp. 615-621, Jul.
2010.

P. Chen, S. Pierluigi, B. Jensen, and Z. Chen, “Stoahagitimization
of wind turbine power factor using stochastic model of windvpg”
|EEE Trans. Sustainable Energy, vol. 1, no. 1, pp. 19-29, Apr. 2010.
C.L.Masters, “Voltage rise: the big issue when conimgcembedded
generation to long 11 kV overhead line®bwer Engineering Journal,
vol. 16, no. 1, pp. 5-12, Feb. 2002.

Yashodhan P Agalgaonkar(S11) received PhD in Electrical Engineering
from the Imperial College London, London, U.K., in 2014; wéierpresently
he is a postdoctoral researcher. He received MSc in Powené&sgng from
Chalmers University of Technology, Sweden, in 2006. From62@0 2010,
he was with Crompton Greaves and with Converteam (Now, GEdyhers

a Research Engineer.

Rabih A. Jabr (M02, SM09) received the B.E. degree in electrical en-
gineering (with high distinction) from the American Univiysof Beirut,
Beirut, Lebanon, in 1997 and the Ph.D. degree in electriogireering from
P. A. N. Garcia, J. L. R. Pereira, S. Carneiro Jr, V. M. dafa, and Imperial College London, London, U.K., in 2000. Currentlg is a Professor
N. Martins, “Three-phase power flow calculations using therent in the Department of Electrical and Computer Engineering atAmerican
injection method,1EEE Trans. Power Systems, vol. 15, no. 2, pp. 508— University of Beirut. His research interests are in mathesahtbptimization
514, May. 2000. techniques and power system analysis and computing.

P. A. N. Garcia, J. L. R. Pereira, and S. Carneiro Jr, t&@é control

devices models for distribution power flow analysi&EE Trans. Power

Systems, vol. 16, no. 4, pp. 586-594, Nov. 2001.

W. H. Kersting,Distribution system modeling and analysis. CRC press,

2002.

G. Calafiore and M. Campi, “Uncertain convex programsdoamized

solutions and confidence leveldytathematical Programming, vol. 102,

no. 1, pp. 2546, Jan. 2005.



