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Abstract—Variable over voltage, excessive tap counts and
voltage regulator (VR) runaway condition are major operational
challenges in distribution network while accommodating gener-
ation from Photovoltaics (PVs). The conventional approach to
achieve voltage control based on off-line simulation for voltage set
point calculation does not consider forecast errors. In this work,
a stochastic optimal voltage control strategy is proposed while
considering load and irradiance forecast errors. Stochastic oper-
ational risks such as overvoltage and VR runaway are defined
through a chance constrained optimization (CCO) problem. This
classical formulation to mitigate runaway is further improved
by introducing a stochastic index called theTap Tail Expectation.
Operational objectives such as power losses and excessive tap
count minimization are considered in the formulation. A sampling
approach is proposed to solve the CCO. Along with other voltage
control devices, the PV inverter voltage support features are
coordinated. The simulation study is performed using a realistic
distribution system model and practically measured irradiance
to demonstrate the effectiveness of the proposed technique.
The proposed approach is a useful operational procedure for
distribution system operators. The approach can minimize feeder
power losses, avoid voltage violations and alleviate VR runaway.

Index Terms—Distribution voltage control, PV forecast errors,
Voltage regulator runaway.

I. INTRODUCTION

The renewable portfolio initiatives in various countries are
acting as a stimulus for the growth of grid connected re-
newable generation sources such as Photovoltaics (PVs). The
global cumulative PV generation capacity is expected to reach
200 GW by 2017 [1]. PV systems are mostly integrated at
the medium voltage (MV) and low voltage (LV) distribution
system levels. For instance, in Germany, where the installed
peak capacity is 31 GWp, around95% of PV generation is
connected to the LV and MV distribution grid [2].

One of the major operational challenges faced by Distri-
bution Network operators (DNOs) is voltage rise due to the
integration of PV [3]. During unity power factor (pf)operation
of PV, the DNOs control overvoltage by active power cur-
tailment [4]. The reactive power support functionality from
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the PV inverter interface also can be utilized to control
overvoltage [5], [6], [7]. This functionality can be in the form
of autonomous settings, such as variation in power factor as
active power varies (pf(P) setting)or variation in reactive as
voltage varies (Q(U) setting). Unlike autonomous settings, the
voltage control setpoints can also be communicated to the PV
inverter through remote control [8], [9]. Besides PV inverter
voltage control features, classical equipments such as theOn
Load Tap Changer (OLTC) and the voltage regulator (VR) are
also utilized to manage the voltage in the network.

The challenge of voltage control is further intensified by the
fact that PV generation has an impact on the action of OLTC
and VR. The variable voltage rise due to the PV generation
results in an increase of OLTC and VR tap counts and hence
leads to an increased maintenance frequency of these devices.
VR operating at its limit due toreverse power tap changer
runaway is also another critical problem [10]. Under runaway
scenario, VR fails to control voltage at the regulated bus
and reaches 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 values, voltage
setpoints of devices, and distribution feeder topology. Clearly,
the operation of VR at its limit can result in extreme low
or extreme high voltage on the feeder. Further, during the
runaway operation at the limit controllability of VR is lost.
A detailed assessment of the effect of PV on VR runaway
is presented in [11]. Some of these challenges are addressed
through supervisory control [12], [13], [14]. However all these
efforts ignored the errors associated with the load and PV
generation forecasting [15], [16].

Since there is an element of randomness associated with
forecast errors, it is necessary to deal with this problem
via stochastic approaches. The probabilistic load flow (PLF)
analysis to evaluate the impact of PV generation is proposedin
[17]. Further, probabilistic optimal power dispatch considering
uncertainty in the presence of PV generation is formulated in
[18]. The stochastic nature of output from DG is character-
ized through the probability distribution function (PDF) and
subsequently the expectation of power loss is formulated as
an objective function for minimization [19]. However, the for-
mulation in [19] did not include different constraint violations
in a stochastic sense. A constrained probabilistic load flow
(CPLF) which examines constraint violations while carrying
out reactive power coordination is proposed in [20]. The
stochastic predictions of the power flows and voltage levels
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Figure 1. Voltage control of a radial distribution feeder [10]

in distribution systems having renewable energy generation is
carried out in [21]. Analytical PLF based chance constrained
optimization is employed in [22] to achieve reactive power
coordination. Monte carlo simulation (MCS) based stochastic
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 research effort
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 structured
as follows. In Section II, stochastic operation considering
VR runaway is formulated as a classical chance constrained
optimization (CCO) problem. A CCO solution strategy is
proposed in Section III. 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 concludes
the paper.

II. D ISTRIBUTION VOLTAGE CONTROL

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 optimization design
(or control) variables are the OLTC voltage setpoints and the
PV inverter voltage setpoints. The distribution system line
data, load data, and PV/load forecast errors are given problem
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(Ploss) (1)

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

B. Optimization Constraints

1) Bus Voltage: 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 ≤ V

up
limit) ≥ α

up
V is defined as a constraint for

the upper limit of the voltage:

Pr(V > V
up
limit) ≤ 1− α

up
V (2)

Similarly for the lower limit of the voltage:

Pr(V < V low
limit) ≤ 1− αlow

V (3)

In (2) and (3),V up
limit, V

low
limit, α

low
V andα

up
V are design

parameters. These can be changed to suit the require-
ments of the DNO.1−α

up
V and1−αlow

V indicate voltage
violation probabilities. Typically, a bus voltage violation
is restricted below5% as per the the European standard
EN50160.

2) 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].

3) Feeder current: The feeder current thermal capacity
needs to be considered in the following manner:

Pr(Ifeed > I limit
feed ) ≤ 1− α

feed
I (4)

Typically α
feed
I can be95% [23]. I limit

feed changes from
season to season.αfeed

I and I limit
feed can be adjusted as

per the operator needs.
4) 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 (ǫpcurtail) i.e.

E(Pcurtail) ≤ ǫpcurtail (5)

This active power curtailment is typically30% in Ger-
many [8]. However one should aim for less active
power curtailment.ǫpcurtail is a tolerance which can
be adjusted by the DNO. Further, the PV generation
reactive power support is limited by its inverter apparent
power rating.
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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) ≤ ǫTapcounts (6)

In (6), E(Tapcounts) represents the expected value of
tap counts in the time horizon under consideration.
ǫTapcounts 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
up
limit) ≤ 1− α

up
Tap (7)

Pr(Tap < Taplowlimit) ≤ 1− αlow
Tap

The regions beyond theTap valuesTaplowlimit and Tap
up
limit

are denoted as thenon preferred zones. DNOs can mitigate
the runaway and maintain VR control margins by specifying
Taplowlimit, Tap

up
limit,α

up
Tap and αlow

Tap. The problem is solved
through coordination amongst various reactive power devices
in the network. The following section details the solution of
this chance constrained optimization (CCO) problem.

III. 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 calculation and set
point validation. These three subroutines are described below:

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,N independent identically distributed
sample scenarios are selected. LetF lim

x denote the
probability for which constraints defined for decision
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Figure 2. CCO Solution Strategy general flowchart

Start

Consider forecast

for a time horizon

Calculate N

number of

samples based on

Eq.8

From

setpoint

validation

step

To setpoint

calculation

step

Figure 3. CCO solution strategy sample selection

variable vectorx are violated. Let us also denoteα as
the acceptable probability level for which constraints are
not violated. Hence the acceptable constraint violation
probability β is calculated asβ = 1 − α. A β-
level robustly feasible optimization solution will satisfy
F lim
x ≤ β. The number ofN different samples to obtain

a robust solution are selected as:

N ≥
n

βγ
− 1 (8)

In (8), n represents the number of decision variables. If
the program is convex, then the extraction of theseN
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samples ensures that the obtained optimization solution
is β-level robustly feasible with a probability no smaller
than1− γ [28]. Given that convexity does not hold for
the problem under study, setpoint validation is therefore
employed in Step 3. Fig.3 details the general flowchart
for this step.

2) Setpoint calculation: This subroutine calculates the
setpoints of voltage control devices utilizing theN
samples chosen in Step 1. The optimisation problem
proposed in Section II is a NP-hard problem. It involves
nonlinear constraints and discrete variables together with
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 lead
to N different PV and OLTC voltage setpoints. In a
practical setting, the network operator is interested in a
unique PV and OLTC setpoint which will minimize the
risk of runaway and voltage violation over a given time
horizon. The solution technique used here is based on
an oriented discrete descent method, which is a method
adopted by the industry for handling discrete variables
in deterministic constraints [29]. This paper extends
the use of the oriented discrete descent method for
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
violation probabilities can be calculated. If these values
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
until satisfactory variables for the objective function
and constraint violation probabilities are obtained. Fig.4
details the general flowchart for this step.

3) Setpoint validation: The calculated setpoints in Step 2
are valid forN samples and they offer aβ-level robustly
feasible solution (with a minimum probability of (1-
gamma)) only if the program is convex. The setpoint
validation is carried out in order to overcome this issue.
Expression (8) in the Step 1 is utilised only to give an
initial estimate of the number of N minimum samples
that must be considered if a certain violation proba-

Figure 4. CCO solution strategy setpoint calculate

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 thatM ≫ N . Monte carlo
simulation using the calculated setpoints is run. The
objective function and constraint violation probabilities
are checked for theseM samples. The initially chosen
N samples are increased if the validation results are not
satisfactory. Upon increasing theseN samples, Step 2
and Step 3 of the algorithm are rerun until a satisfactory
result is obtained. The violation probabilityβ or the
confidence parameterγ in (8) can be reduced to increase
the value ofN . Fig.5 details the general flowchart for
this step.

As mentioned in the sample selection subroutine, the set-
points can be calculated for any time horizon. The operational
strategy proposed here is subdivided into two distinct time
horizons to minimize the impact of forecasting errors. Firstly, a
day ahead time horizon is considered. In this stage, the voltage
setpoints of the OLTC and PV generation are calculated. The
second stage is particularly useful when a day ahead PV
forecast accuracy is lower. In the second stage, a shorter
forecast horizon of one hour is considered. Hour ahead PV
forecast errors are lower as compared to day ahead forecast
errors [15]. The readjustment of voltage setpoints is done
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Figure 5. CCO solution strategy setpoint validation step

considering hour ahead forecast. While readjusting, the OLTC
setpoints calculated from the first stage remain the same. Only
the PV generation setpoints are readjusted. Communicating
voltage setpoints to OLTC and PV generation helps to achieve
an efficient operation of a distribution system and mitigates the
autonomous VR runaway risk.

IV. TAP TAIL EXPECTATION

The CCO discussed above considers VRrunaway risks by
enforcing constraints on tap violation probability. The pro-
posed CCO implementation calculates OLTC and PV inverter
setpoints such that the tap positions near the end of the VR
tap limit (±16) lie in the tail region of the VR tap PDF.
The parameters such asTapuplimit, Taplowlimit and α defined
in equation (7) are designed to achieve this. However, its
major disadvantage is due to the fact that CCO does not
give information about the scenarios whereTap values are
beyondTapuplimit or Taplowlimit. For instance, consider that the
permissible probability of the tap value being beyond+11 is
5%. Then in 95% of cases it is ensured that a VR will not
operate beyond the value+11. But the disadvantage is that
in 5% of the cases there is no operational control at which
tap position VR will operate. In5% of cases, a VR can be
operating even at+16, which indicates the runaway or lack
of VR operational margin.

In order to mitigate this limitation, theTap Tail Expectation
index is defined. Fig. 6 demonstrates the concept ofTap Tail
Expectation for VR runaway. The mathematical definition of
this risk measure is detailed as follows.
Let Fup

Tap(z) = Pr{Tap ≤ z} define the cumulative distri-
bution function (CDF) of a variableTap. The Tapupα with a
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Runaway or Operation
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Expectation
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Tap Tail Expectation

VR operation

upto

Tap Tail

Runaway or Operation
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Tap Tail

Expectation

VR operation
upto

VR operation upto

Tap Tail Expectation

Figure 6. Tap Tail Expectation to mitigate VRrunaway

confidence levelα ∈ [0,1] is defined as,

Tapupα = min{z|Fup
Tap(z) ≥ α} (9)

Tapupα is a lowerα-percentile of the random variableTap.
For example, suppose that the desired value of probabilityα

is 95%. This indicates that for only5% of instances,Tap
attains a value greater than or equal toTapupα . Similarly for
the lower limit of the VR, if the CDF is defined asF low

Tap(z) =
Pr{Tap ≥ z} then,

Taplowα = max{z|F low
Tap(z) ≥ α} (10)

In other words,Tapupα should be less thanTapuplimit. Thus
the constraints defined in (7) can also be written as,

Tapupα ≤ Tap
up
limit (11)

Taplowα ≥ Taplowlimit

The Tap Tail Expectation is an alternative risk measure that
takes into account the tail of probability distribution of variable
Tap. For the variableTap and with confidence levelα ∈ [0, 1],
the Tap Tail Expectation is the mean of the tail distribution.
If FTap(Tap

up
α ) < 1 then there is a possibility of a VR

operating aboveTapupα value. Then theTap Tail Expectation
E[Tailupα (Tap)] is calculated as follows [30]:

E[Tailupα (Tap)] = Ψα(Tap)Tap
up
α + (12)

(1−Ψα(Tap))E[Tap|Tap > Tapupα ]

Ψα(Tap) =
FTap(Tap

up
α )− α

1− α
(13)

Thus it can be seen thatTap Tail Expectation the weighted av-
erage ofTapupα andE[Tap|Tap > Tapupα ]. It should be noted
that similarly for the lower limit of a VRE[Taillowα (Tap)]
can be defined. The aboveTap Tail Expectation indices can
be incorporated in the proposed CCO strategy by replacing
the constraints in (7) by:

E[Tailupα (Tap)] ≤ ǫ
up
Taptail (14)

E[Taillowα (Tap)] ≥ ǫlowTaptail
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Figure 7. UKGDS 95 bus test system

By selecting an appropriate value ofǫupTaptail, ǫ
low
Taptail, DNOs

can control the shape of the VR tail probability distribution.
For instance, again consider that the permissible probability of
the tap value being beyond+11 is 5%. And DNOs desire the
ǫ
up
Taptail to be+12. Then constraint in(14) will not only try

to have less than 5% probability above+11 but also will try
to have expected value of the tail less than or equal to+12.
This will avoid scenarios such as all the5% operation of a VR
at +16 which is possible with classical constraints(7). Thus
constraints defined in (14) will ensure an operational margin
for a VR.

In order to achieve this, all voltage control equipments
and PV inverter control features (for example reactive power
injection, active power curtailment) need to be coordinated
to achieve this. The effectiveness of modeling VR runaway
in classical CCO and by using theTap Tail Expectation is
demonstrated in the next section using a realistic distribution
test system model.

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
(33/11kV) [31]. A base voltage of 11kV and a base power
of 100kVA are assumed. There are two PV plants considered
in the system each of 1 MW capacity. The PV inverter MVA
capacity is overrated such that the plant is able to operate
at 0.95 lead/lag power factor during the peak active power
injection. Practical irradiance measurements carried outon a
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Figure 8. PV generation day ahead forecast error PDF
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Figure 9. PV generation 15 minute ahead forecast error PDF

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
value of peak solar generation is 7pu while that of load is
18pu. PV generation forecast errors are modeled by a Gaussian
distribution [32]. The PV generation forecast error PDFs are
shown in Fig. 8 and Fig. 9. A correlation coefficient of0.7 is
considered between the two PV generators at bus 18 and bus
89. Correlation coefficient between PV and load is assumed
−0.68 in morning and0.21 in afternoon (after12 noon )
[33].Load forecast errors are also modeled by a Gaussian
distribution [16] [34]. The load forecast errors are shown in
Fig.10 and Fig. 11.

There are two VRs connected in the system, one between
bus 54 and bus 75 (VR1), and the other between bus 24 and
bus 23 (VR2). The OLTC and both VRs have an operational
range+16 to −16. Timer controlled switched capacitors are
widely used in European distribution networks [35]. Two
banks of switched capacitors namely, C1 and C2, each of
rating 200 kVAr at rated voltage (1 pu), are assumed to be
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
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Figure 10. UKGDS day ahead load forecast error PDF
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Figure 11. UKGDS 15 minute ahead load forecast error PDF

at 17:00 hrs and switched off at 8:00 hrs. The next section
discusses various results obtained from this example.

B. Results

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

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

For these three cases, firstly voltage control device setpoints
are designed. Then, using these setpoints a PLF is calculated
to evaluate the operational performance of the system. The
upcoming sections discuss the detailed results and the perfor-
mance comparison.

Case 1 - Deterministic setpoint calculation: In this case,
system voltage control is achieved by designing setpoints
using a deterministic optimization strategy. This strategy ig-
nores uncertainties associated with load and irradiance and
assumes that day ahead load and irradiance profiles are known
accurately. Also all the chance constraints are replaced by
the deterministic constraints. The deterministic optimization
is setup and a penalty function approach is utilised to avoid
VR runaway as proposed in [11]. The coordinated operation
of OLTC, VR and PV plant is achieved and detailed voltage
setpoint calculation is carried out as per the procedure ex-
plained in [11]. In reality, PV generation and load forecasts
will have errors. These errors are introduced and the PLF is
run. The boxplots of the voltage magnitudes at various buses
over a day are shown in Fig.12. It can be observed that the
probability of violating the voltage limits is zero. However,
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
is 4.3%. Also 18.33% of VR1 operation and14% of VR2
operation happens in the tail region (Tap value below−10).
This indicates a fairly small VR operational margin in these
scenarios. This unsatisfactory operational performance of VRs
is because setpoint calculation is without considering forecast
errors. In order to alleviate this challenge, the followingtwo
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 in
Section II is used. To minimize the VR runaway probability,
the constraints defined in (7) are considered. This exercise
designates regions beyondTap values of ±10 of VR as
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Figure 12. Case 1 : Boxplot of UKGDS bus voltages
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non preferred zones. Ideally, the optimization should result
in setpoints such that, the VR operation in thenon preferred
zone becomes a zero-probability event, or the non preferred
zoneTap values should have very small probability. Hence,
the setpoints should make thenon preferred zones lie in thetail
region of the VRTap value PDF. In order to achieve this, the
constraints in (7) are employed. A5% violation probability
is permissible beyondTap values+10 and −10. Based on
the operator’s experience, an appropriate choice of violation
probability andnon preferred zones can be made to maintain
a VR control margin. After defining these parameters, the
Classical CCO based coordination is simulated. The resultant
Tap PDFs for both VRs are shown in Fig.14. The following
observations can be made comparing ‘Case 1’ in Fig.13 and
‘Case 2’ in Fig.14. It can be observed that there is reduction
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Figure 14. Case 2 VR operation PDFs : reduction in non preferred zone
probability
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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 tail distribution

in the probability of VR operation in the non preferred zone
beyond theTap value±10. The probability of the operation
below−10 is less than5%. Similar to the VR operation, the
violation probability is defined for the voltage. Fig.15 shows
the boxplot of UKGDS bus voltage magnitudes. It can be
observed that the voltage at the buses is maintained between
0.95pu to 1.05pu. The above classical CCO based reactive
power coordination is achieved with optimal PV generation set
points. Optimal PV generation setpoints for bus 18 and bus 89
are shown in Table I. Thus the formulation helps minimizing
the VR runaway probability and maintains bus voltages within
their prescribed limits.

Table I
CASE 2 : PV GENERATION VOLTAGE SETPOINTS[pu] FROM 11:00AM TO

12:00PM

Bus 89 1.025 1.015 1.02 1.02
Bus 18 1.03 1.025 1.025 1.02

Case 3 - CCO with Tap Tail Expectation: Closer ob-
servation of Fig.16 indicates the limitation of the classical
CCO. There is still a small probability of VR operation at
−16 (approximately2%). This shows that the modeling of
the violation probability as per (7), reduces the probability
of operation beyond theTap value −10 to a value below
5%. But in the 5% of the scenarios, there is no control
at which position VR will operate. As can be observed in
Fig.16, this can very well be−16 indicating operation at
the VR tap limit. Considering this limitation, theTap Tail
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Figure 17. Case 3 VR operation PDFs : satisfactory operational margin
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Figure 18. Case 3 : Boxplot of UKGDS bus voltages

Expectation as defined in Section IV is used in the simulation.
Runaway related constraints are replaced by (14). Theǫ

up
Taptail

and ǫlowTaptail parameter values are considered to be±12.
Fig.17 shows the effectiveness of theTap Tail Expectation.
The probability of runaway is reduced further and the VR
operational margin is improved. This is because the expected
value of theTap in the tail of the distribution is designed
to be greater than−12. Therefore, defining constraints using
the Tap Tail Expectation offers control over the tail region of
Tap. In this study, theTap Tail Expectation is defined only
for VRs. The voltage optimization is carried out by defining
the violation probability. The resultant boxplot curves ofthe
UKGDS bus voltage magnitudes are shown in Fig.18. The
optimal PV generation set points for bus 18 and bus 89, for
this case are shown in Table II.

Table II
CASE 3 : PV GENERATION VOLTAGE SETPOINTS[pu] FROM 11:00AM TO

12:00PM

Bus 89 1.035 1.025 1.025 1.03
Bus 18 1.015 1.02 1.025 1.02

As discussed in Section II, other operational targets such as
power loss minimization and tap operational counts minimiza-
tion are also considered in ‘Case 2’ and ‘Case 3’. Table
III shows the expected values of power loss in the network
and the tap counts for all the cases. Case 2 demonstrates
the classical chance constrained optimization (CCO) based
approach and Case 3 demonstrates the tap tail expectation
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based method. Case 1 is a deterministic method, which ignores
forecast errors. The methods demonstrated by Case 2 and Case
3 alleviate the challenges related to energy loss and tap counts
as compared to Case 1. In Case 2, power losses are reduced
by 8% and tap counts are reduced by34% as compared to
Case 1. In Case 3, power losses are reduced by4.5% and tap
counts are reduced by23.5% as compared to Case 1. Case 2
gives better performance than Case 3 for energy loss and tap
counts. However, the tap tail expectation based method (Case
3) helps the operator to predesign the voltage regulator (VR)
control margin. The classical CCO based approach (Case 2)
can only have a control over the probability of VR operation
near the limits, but it cant control the VR operational margin.
Thus the proposed CCO based reactive power coordination
through Classical approach andTap Tail Expectation approach
are effective in improving the operational performance of
the system such as, network losses and the number of tap
movements. The proposed approach successfully minimizes
the chance constrained optimization computational burdenby
choosing N representative samples based on equation (8). The
algorithm is programmed in Matlab and runs on a simple
Pentium IV computer, 2.53 GHz with 12GB RAM. For a
day ahead horizon planning, the solution is achieved in less
than 15 minutes. Please note this is just a onetime calculation
aimed at calculating the OLTC setpoints for a day. Please also
note that a day ahead planning step can be completely omitted
by operators as the algorithm also has a second stage which
considers shorter time interval and recalculates setpoints for
PV inverter. Operators can consider only the second stage. In
this case study, the second stage considers a 15-minute ahead
time horizon. For a 15- minute ahead horizon, the solution
is achieved on a simple Pentium IV computer, 2.53 GHz
with 12GB RAM in less than 2 minutes. If this algorithm is
implemented using a higher performance computer (Such as
Intel I3, I5 or I7), the solution for a 15-minute ahead planning
interval can be achieved in few seconds.

Table III
UKGDS 95BUS SYSTEM OPERATIONAL PERFORMANCE

Case E(Energy loss) E(Tap Counts)
Case 1 2.65MWh 38
Case 2 2.44MWh 25
Case 3 2.53MWh 29

These case studies can be summarized as follows.

1) The state-of-the-art distribution system voltage regula-
tion techniques do not consider forecast errors associated
with photovoltaic (PV) generation and load. In previ-
ous techniques, the phenomenon of voltage regulator
(VR) runaway is also not considered while calculating
operational set points of regulating devices that control
distribution feeder voltages.

2) The method considered in Case 1 is representative of
the present day practice. The solution calculated using
the methodology described in Case 1 does not hold true
when forecast errors are considered. This can lead to
suboptimal performance of distribution feeders. In Case

1, the power losses and tap operations are higher; addi-
tionally, the VR runaway phenomenon is not considered.

3) Considering these aspects, the authors propose two
methods in this paper. These methods are demonstrated
in Case study 2 and Case study 3. Both methods
successfully alleviate the limitations in Case 1 (present
day practice).

VI. CONCLUSIONS

The conventional framework to achieve the distribution
voltage control in the presence of PV generation does not
consider inevitable forecasting errors. It is essential tomitigate
the operational risks such as overvoltage, excessive tap counts
and VR Runaway, in the presence of PV and load forecast
errors. This is achieved via a stochastic optimization based
voltage control strategy. Two variants of Chance Constrained
Optimization (CCO) are proposed to minimize the risk of VR
runaway. A classical CCO considers the runaway phenomenon
by modeling the violation probability and by definingTap non
preferred zones. An improvement to this approach is proposed
by defining theTap Tail Expectation index as part of the CCO
constraints. The problem is solved using a sample selection
based approach. The simulation study carried out using a
realistic distribution system model shows satisfactory results.
It is observed that both CCO based approaches are able to
reasonably minimize the probability of VR runaway. However,
the classical CCO based approach does not control the shape of
the tail probability distribution. In the classical CCO approach,
the expected value of the tail can lie near the VR operational
limit. The Tap Tail Expectation based approach offers control
over the tail region of theTap and offers a robust operational
margin for VR. Both these approaches also minimize the
power loss and excessive tap counts. These proposed CCO
based strategies will be useful to DNOs to ensure efficient
and risk averse network operation in the presence of PV
generations.
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