Data-driven Adaptive Operation of Soft Open
Points in Active Distribution Networks

Abstract—The integration of soft open point (SOP) effectively improves the flexibility of active distribution networks (ADNs).
However, in practical operation, accurate network parameters are difficult to obtain and the operation state changes rapidly
with distributed generators (DGs). With the development of information technologies, massive operation data can be acquired
in ADNs. How to utilize multi-source data has become the key to realize the intelligent operation of ADNs. This paper proposes
a data-driven operation strategy of SOP based on model-free adaptive control (MFAC). First, considering the inaccurate pa-
rameters and frequent change of operation states, a data-driven framework is formulated for the real-time operation of SOP.
Then, the operation strategies of multiple SOPs are further improved with inter-area coordination. The results of case studies
show that driven by the measurement data, the potential benefits of SOPs are explored to adaptively respond to system state
changes and improve the operational performance of ADNs.

Index Terms—active distribution network (ADN), soft open point (SOP), data-driven, adaptive control, coordinated operation.

NOMENCLATURE

Sets

N Set of all nodes in ADN

Nsop Set of connected nodes of SOPs

r Set of boundary branches

T Set of time periods

Indices

t Index of time periods

i Index of nodes

l Index of boundary branches

m,n Index of boundary nodes

Variables

Y[t],?[t] Measurer.ne.nt/estimation of variables
to be optimized

Ult], U[t] Measurement/estimation of node volt-
age attime t

X[t] Strategy of SOP at time ¢

P[t] Pseudo-Jacobi matrix at time ¢

Py[t] Estimated active power provided by the
substation at time t

Pi[t] Injected active power of node i at time t

pref[t] Total net load of ADN at time t

C; Cluster center index of node i

d; Local density of node i

d; Distance between node i and other
nodes

Sij Pseudo electrical distance between the
node i and node j

AU Measurement of voltage amplitude var-
iation of node i

AP}, AQ; Change of active and reactive power in-
jection of node j

ﬁa,z[t]; Qa,l[t] Boundary active and reactive power

transmission of sub-area a at time t
Uamlt], Uanlt] Voltage of boundary nodes m and n in
sub-area a at time t
Uc];,erl;l[t]' chfsrf[f] Voltage reference of boundary nodes m
and n in sub-area g at time t



Ugmlt], Ugnlt]  Estimated voltage of boundary node m
and n in sub-area a at time t

X, [t], Xp[t] Strategy of SOP in upstream area
a/downstream area b at time t

Xolt], X, [t] Auxiliary variables of the upstream area
a/downstream area b at time t

Py, [t], Qp,lt] Boundary decision variables of the
downstream area b at time ¢t

Parameters

wn,Ap, w Weight factors

Y Clustering parameter

uret Voltage reference of each node in ADN

Ny Number of divided sub-areas

N¢ Number of cluster centers

N, Number of all nodes

Nr Number of total time periods

XX Maximum and minimum limits of X

AT Optimization horizon

At Control horizon

£ Predefined tolerance

I. INTRODUCTION

With the flexible inter-connectivity and high controllability, soft open point (SOP) has become a critical equipment for the
structural evolution of active distribution networks (ADNs) [1]. By accurately and rapidly regulating the power flow between
connected feeders [2], SOP can effectively cope with the problem of voltage violation caused by the high shares of distributed
generators (DGs) [3]. However, under practical and complex operation environments, accurate models and parameters of distri-
bution networks are still difficult to obtain [4] and the day-ahead optimized strategy of SOP is challenged by frequent changes of
operation state and uncertainties from DG [5]. The model-based operation strategies are more appropriate for the system anal-
ysis but bring significant challenges to the real-time operation and optimization of SOP.

Extensive research on the optimal operation of SOP has been carried out in ADNs. In [6], a multi-objective SOP operation
optimization model was established to realize network loss reduction and voltage deviation mitigation. A two-stage robust op-
eration strategy of SOP was proposed in [7] to cope with the uncertainty of PV generation. To improve the efficiency of SOP
strategy, a combined decentralized and local voltage control strategy of SOP is proposed in [8]. It can achieve near-global opti-
mization while reducing the burden of communication. However, the control strategies mentioned above rely on the accurate
parameters and physical mechanism models of distribution networks. A more intelligent and adaptive regulation mode of SOP is
essential in the absence of accurate parameters.

The rapid development of information and communication technologies (ICT) has promoted the information level of ADNs [9].
The massive amount of heterogeneous operation data can be measured and acquired in distribution networks [10]. It contains
important information such as the characteristics of user behavior and the trend of system state [11]. How to fully utilize the
operational data has become the key to improve the intelligent operation level of ADNs.

Data-driven control gradually draws wide attention, which is the approach that based on the measurement or historical data
to realize the operation and optimal control of ADNs, without the requirement of accurate mechanism model [12]. It only utilizes
the operational data to statistically describe and model the input and output relationships of a complex system. Data-driven
control can effectively address the absence of accurate models and parameters of mechanism modeling and has strong applica-
bility to the systems with strong nonlinearity. Thus, the data-driven control can provide auxiliary analysis support for the model-
based operation strategies.

Considering the data sources, there are mainly two forms of data-driven control approach, including machine learning-based
control and iteratively adaptive control. For simulating the dynamic process of ADN, the machine learning-based control uses a
large amount of offline historical data to train neural networks and matches online data to realize the operation optimization.
However, it is time consuming to complete the training process and hardly adapts to the system state changes. For example, if
the network topology changes, the previous trained model may be not effective and needs to be retrained. The other form is
iteratively adaptive control, which fully utilizes the operational data to model the input and output relationships of ADN opera-
tion. The iterative interaction process with ADNs is conducted to realize the real-time control of SOP. As an accurate mechanism
model is not required, data-driven control can effectively address the absence of accurate parameters of mechanism modelling
and has strong applicability to systems with features of nonlinearity and uncertainty.



Preliminary research has been carried out on the data-driven operation of distribution networks. In terms of the analysis frame-
work, a research framework of big data was proposed in [13] for the intelligent operation of power grids. The authors in [14]
summarized and provided a prospect of data-driven analysis of power system security assessment. As for the efficient operation,
a data-driven approach was used in [15] to linearize power flow calculations. The authors in [16] further implemented local con-
trol of DG based on data-driven methods to reduce dependence on topology parameters. Regarding the prediction of source-
load coordination, short-term photovoltaic prediction was performed based on massive data in [17]. A data-driven approach
based on artificial intelligence was further proposed in [18] to realize the risk assessment in distribution networks. Thus, it is
promising to excavate the multi-source data to improve the adaptive ability of SOP and to facilitate the intelligent operation of
ADNs in complex environments.

Model-free adaptive control (MFAC) is a typical data-driven approach [19], of which the basic framework has been proposed
in [20]. Under some practical assumptions, the convergence and stability of MFAC can be guaranteed in the multi-input multi-
output nonlinear systems [21]. Ref. [22] introduced the idea of MFAC in the design of power system stabilizers to suppress low-
frequency oscillations. By using MFAC, the coordinated power control issue of interconnected microgrids was effectively solved
in [23]. Compared with the conventional data-driven approach, the MFAC approach has several merits to make it suitable for the
adaptive operation of SOPs. First, MFAC only depends on the measurement data of the controlled system [24], which could be
easily implemented with a small computational burden for its simplicity. Massive historical data and training process are not
required in MFAC, which are necessary for artificial intelligence-based methods. In addition, MFAC can effectively adapt to the
topology reconfiguration and operation state changes in ADNSs.

Facing the parameter inaccuracy and state change of ADN under complex operation environments, this paper proposes an
adaptive real-time operation strategy of SOP based on MFAC. Through the interaction of measurement information with ADNs,
the data-driven model of SOP regulation is established by using real-time data, which effectively adapts to the state changes and
improves the operational performance of ADNs.

The main contributions are summarized as follows:

1) Considering the lack of accurate parameters and frequent change of operation state, a data-driven framework for SOP
operation is formulated based on MFAC. Based on the measurement data, the potential benefits of SOPs are explored to adap-
tively respond to system state changes and improve the operational performance of ADN in complex uncertain environments.

2) Oriented for the decentralized control, the operation strategies of multiple SOPs are further improved with inter-area co-
ordination. First, the controllable areas of multiple SOPs are divided dynamically and the adaptive operation model of SOP is
established based on the measurement information in each area. Then, the operation strategies of SOPs are further improved
by inter-area coordination to maintain the voltage within the limits. By fully excavating the real-time data for SOP operation in
ADNs, the voltage profile is effectively improved while network power losses are minimized simultaneously.

The remainder of this paper is organized as follows. Section Il describes the data-driven adaptive operation control of SOP,
and the principle of MFAC with SOP is elaborated. In Section lll, the data-driven coordinated operation with multiple SOPs is
proposed. The case studies and effectiveness verification are given in Section IV. The conclusions are stated in Section V.

Il. DATA-DRIVEN ADAPTIVE OPERATION OF SOP
Facing the problem of parameter inaccuracy and state change of ADN under complex operation environments, a data-driven
framework of SOP operation is proposed based on MFAC to dynamically realize the adaptive control in ADN.
A. Data-driven Adaptive Control

The essence of data-driven adaptive operation of SOP is to establish the relationship between the objectives of controllable
area and SOP strategy, which can be abstractly expressed as:

Y = f(X) (1)
where f represents the unsolved function relationship. ¥ denotes the variables in objectives, such as node voltage and network
power loss. X denotes the operation strategy of SOPs, including active power transmission and reactive power outputs, shown
as follows.

X =[PP, Q;", Q31" (2)
Assuming that the partial derivative of f is continuous, the dynamic linearization model is established at each time instant:
Y[t + At] = Y[t] + ®T[t] * (X[t] — X[t — At]) (3)

where Y[t + At] is the estimation of variables to be optimized at time t + At. Y[t] is the measurement of variables to be opti-
mized at time t. ®[t] is the pseudo-Jacobi matrix (PJM) which implies the sensitivity between objective and control strategy of
SOP. The estimation function of ®[¢] is represented as follows:

~ . —~ 2 ~ =~ 2

®[t] = argmin (||U[e] - TLe]||; + ]| B[] - Ble - aclll})  (4)
where ®[t] is the estimation of ®[t] .The iterative expression for solving ®[t] by gradient descent method is shown as follows:

~ ~ - AX[t—A
B[] = B[t — At] + (AY[e] — Bt — A]AX[c — At])m (5.a)

®[t] = ®[1], if D[t] < € or AX[t — At] < € or sign(®[t])=sign(®[1])  (5.b)



®;;[1] = S;; = AU; JOAP; + 0AU; /0AQ; i € IV, j € Nyop (5.c)

where AU[t] denotes U[t] — U[t — At]. AX[t — At] denotes X[t — At] — X[t — 2At]. e is a small positive constant. ®[1] is the initial
value of ®[t]. The Eq. (5.b) is introduced to make Eq. (5.a) have stronger parameter tracking ability.

The initial state of ADN may not be optimal, but will be within the physical operation constraints, which is guaranteed by the
regulation of distribution system operator (DSO). The initial state of ADN is represented by the initial value of PJIM ®[1], which
will influence the convergence speed and steady-state control results. If the initial value of PJM ®[1] is well obtained, the pro-
posed control method can adaptively adjust the operation strategies of SOPs with less steps. The optimal objective can be
achieved by iteration. In the iteration process, the physical operation constraints of ADN are always maintained within a reason-
able range. Thus, to reduce the iteration number and alleviate the impact on ADN, an appropriate initial value of the PIM ®[1]
should be selected. The sensitivities between objective and SOP regulation are used to initialize @[1]. The calculation of sensi-
tivities is shown in Eq. (5.c).

From the perspective of physical essence, the PJM ®[t] is similar to the sensitivity between the objective and SOP regulation.
Compared with the sensitivity-based method, the proposed data-driven method has some merits. 1) To realize the optimization
of control objectives, the value of ®[t] is adaptively updated by iteration. It facilitates the obtaining of the fast convergence speed
and improved control performance. 2) As various control objectives can be incorporated, the proposed method has better scala-
bility in the application scenarios.

The objective function of adaptive control is formulated as follows, in which the minimum voltage deviation, network power
losses, and the change of SOP output can be incorporated.

J(X[¢t]) = min (||y™ef— V[t + At]||§ + AlIX[e] — X[t — At]l3) ()

Through equations (1)-(6), a data-driven operation model of SOP is established by using measurement data. Without models
and accurate parameters of ADN, the input-output relationship of SOP operation is depicted dynamically, which can adaptively
respond to system state changes. The data-driven framework of real-time operation of SOPs is depicted in Fig. 1. Note that the
real-time operation of SOP means an intra-day online control process with the control horizon At, instead of the traditional day-
ahead operation optimization.
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Fig. 1. Data-driven framework of the SOP operation.

Remark: The proposed data-driven method mainly includes two kinds of parameters: fixed parameters (i, 1, 4, p) and time-
varying parameters (®[t]).

1) The fixed parameters generally have predefined ranges to guarantee the convergence and stability, namely n € (0,2], u >
0,1 > 0andp € (0,1] provided in [12]. The values of fixed parameters influence the convergence speed, and improper fixed
parameters will affect the convergence of data-driven SOP strategies. In this paper, the fixed parameters 4, p, n and u are set as
1.0 based on the empirical values provided in [19].

2) The time-varying parameters, namely PJM ®[t] will affect the convergence value of data-driven SOP strategies. The analysis
of PJM fI\)[t] is elaborated in two aspects: the initial value and the time varying values. First, the sensitivity of the initial value of
@[t] has been analyzed above. The sensitivities between objective and SOP regulation can be used to initialize the PJM. Then,
to adapt to the variation of system states, the time-varying parameter ®[t] estimated and updated by Eq. (5) based on the real-
time measurement data in each iteration.

Note that as ff)[t] is iteratively estimated and updated by the data-driven method, the control performance can be guaranteed.
Thus, to avoid the impact of the inappropriate parameters, the fixed parameters can be set within the predefined ranges based
on the practical experiences of DSO.

B. Control Performance

1) Convergence and stability analysis

Assumption (1): The controlled system satisfies the Lipschitz condition.

Assumption (2): The partial derivative of f;(--+), i = 1,---, N, is continuous for the input X.

As proved in Ref. [20], if Assumptions (1) and (2) are satisfied in the non-linear control systems, the convergence and stability
of the data-driven control method can be guaranteed. a) The voltage deviation is converged, namely gi_)rgHAe[t]ll,, = 0 exists, where



|||, describes the consistent norm and e[t] denotes voltage deviation between voltage measurement and reference. b) The
data-driven control method is bounded-input and bounded-output (BIBO) stable, namely outputs and inputs sequences Y[t] and
X[t] are bounded. Note that, the initial value of PJM and the fixed parameters should be set appropriately.

As for the data-driven voltage control problem of ADNs with SOP, above assumptions can be generally satisfied. The fixed
parameters are set as 7 € (0,2], u > 0,1 > 0 and p € (0,1], and the PJM ®[t] is initialized by the sensitivities between objec-
tive and SOP regulation. Thus, the convergence and stability of the data-driven control method can be generally guaranteed.
However, limited by the capacity of SOP, ||e[t]||, generally converges to a constant in the data-driven voltage control problem
with SOP. The iteration process will stop when the residual error is reduced to the acceptable value, which is set as 0.01 in the
voltage control problem of ADN. More details can be referred to [12].

2) Robust analysis

There are mainly two factors that affect the robustness of data-driven method, including measurement error and external
disturbance caused by DG fluctuation. When the measurement errors or disturbances in ADN exist, the control results of the
data-driven method will be negatively affected. In the control process, PJM is dynamically updated by the data-driven method
to track the operation state of ADN. Then, the control strategy of SOP is iteratively adjusted to improve the adaptability to un-
certainty. The detailed analysis can be seen in the case studies.

By establishing the data-driven operation model based on MFAC, the issues of lacking accurate parameters and the frequent
change of operation state can be effectively solved.

Ill.  COORDINATION OF MULTIPLE SOPS BASED ON MFAC

As for the data-driven operation of SOPs, the traditional centralized dispatching requires the voltage measurement of the
whole network to realize global optimization. Such process might be hindered by the low communication reliability and the
challenge of the heavy calculation. The decentralization control can effectively reduce the number of control inputs in each area
and improve the control efficiency, which is beneficial to realize the adaptive operation of SOPs. Besides, through the inter-area
coordination, the control performance can be further improved. Especially for the area without controllable resources, the op-
eration problems in this area can be effectively solved with inter-area coordination.

A. Data-driven Model of Intra-area Operation with SOP

1) Measurement-based network partition

Based on the measurement information, ADN can be divided into several sub-areas. Since the partition of ADN can be de-
scribed as a clustering problem, the clustering algorithm based on fast search and find of density peaks can be used for the
dynamic partition with improved efficiency [25]. The procedure of dynamic network partition with SOPs is explained as follows.

First, the voltage variation with the node active and reactive power at different time periods can be obtained with the real-
time measurement terminals. Then the pseudo electrical distance between nodes can be calculated as Eq. (7):

sij = 1/(adAU; JOAP] + B OAU; J0AQ}) i,j € N (7)
where AU/ indicates the measurement of voltage amplitude variation of node i. AP;"and AQ; indicate the change of injected
active and reactive power of node j.

Based on the pseudo electrical distance s;;, the node density §; and the distance d; can be expressed as follows.

8; = Yjen s(sij —0), i € M\ Nsop (8)
i), 6; > 6;
o J‘gfl\g)ép(s‘”) ' J (9)
[ .
fﬁJR}\If;OP(SU) 00 = Sj

where §; is the density of node i. ¢() is the intercept operator. If () < 0,¢(-) =1, and if () = 0, ¢(-) = 0. Nggp is the set of
connected nodes of SOPs. ¢ denotes the threshold of pseudo electrical distance. d; is the distance of node i.
Then the definition of cluster center index c; is as follows:
c;=06;"d;,iEN (10)
Based on equations (8)-(10), a set of clustering parameters can be obtained. Then by using the clustering algorithm in [25],
the sub-area of each cluster center can be determined. Note that two terminals of each SOP are selected as two clustering centers.
Sub-areas with two terminals of SOP as clustering centers are merged, then the controllable area of each SOP is obtained.

2) Intra-area data-driven control of SOP

After the determination of controllable areas of SOPs, the measurement information in each area is used to establish the
data-driven model of SOP regulation. To simplify the expression, the subscript a indicating the sub-area is omitted below.

Considering the minimum voltage deviation, minimum network power losses and the change rate of SOP output in each sub-
area, the objective function is formulated as follows:

JXIeD) = min (||urf = Tle + Acl| + w]|PreTe] - Pyt +

2 (11)
Al + AlIX[e] - Xt - aclii3)



where PTf[t] denotes the total net load of ADN at time t, which can be calculated by the sum of injected power of each node.
Py[t + At] is the estimated active power provided by the substation at time t + At.

Then by the variable expansion, namely Y™f = [U™®f, pref] and Y[t + At] = [U[t + At], Py[t + At]], the term of network power
loss reduction ||Pref — Pyt + At]||§ can also be integrated into the formulation of data-driven model. Then Eq. (11) is reformulated
as Eq. (6).

Based on Eqg. (3), the iterative expression for solving X[t] by gradient descent method is shown as follows.

X[t] = X[t — At] + P, (vref — y[t]) 221 (12)
)L+“<I>[t]||2
where 1 and p are weighting factors, which are determined by DSO. ®[¢t] can be solved by Eq. (4)-(5). P,. indicates the projection
operator to limit the SOP output within the feasible range ©, which is defined in Eq. (13.a). P, is expressed as Eq. (13.b).

_((PPIE? + (Q°P[tD? < S?
- {(Pwp[t])z +(QP[t])? < S2 (132
ve.vey\ .
P, {(1 —Ve?vet),lf X[t] €® (13.0)
1, if X[t] ¢ ©

where VO, represents the norm vector of the tangent plane of 0.
To further consider the range of active transmission power and reactive power of SOP [26], the control saturation range is set
by the maximum and minimum limits of SOP outputs.

X[t =X ifX[t] =X (14.a)
X[t] =X ifX[t] <X (14.b)
where Xand X denote the limits of X[t]. The convergence condition of intra-area MFAC is defined as follows.

Ry = max {[IX[¢] - X[t - Ae]ll,,

vl Y[e]],/N,} < & (15)

Combined with analysis in Section I, the data-driven adaptive operation model of SOP in each area a can be summarized:
min f = J(X,[t])
st. (4) —(6),(12) — (14)
Thus, the above model established based on the real-time measurement data can be effectively solved by the serial iterations
with the guaranteed convergence [24].
Note that if the measurement error has an upper bound, the steady-state control error of system is proved to be bounded in
[19]. As the measuring data used in the proposed approach are the preprocessed data rather than the raw data, the measure-
ment error generally has an upper bound. The impact of measurement error is further analyzed based in case studies.

(16)

B. Inter-area Coordinated Operation of Multiple SOPs

With the boundary information interaction, the control performance of SOPs can be improved through the inter-area coordi-
nation. It helps to solve problems in the area without controllable resource and fulfill the requirement of near-global optimization
while reducing the calculation burden.

1) Boundary information

Based on the network partition in Section Ill.A, the overlaps between two neighboring sub-areas are generally the boundary
branch and its two end nodes. Then the boundary information is defined as the power transmission of boundary branch and
voltage of boundary nodes. I" denotes the set of boundary branch. As for vI € I, the end nodes of [ are named as m and n. Define
that node m belongs to the upstream area a. Node n belongs to downstream area b. The boundary information between area a
and area b is described as follows:

Po[t] = Pylt], Qault] = Qu,lt] (17.a)
o = || (Paalel = Poale], Qaulel = Quale]) || (17.b)

where P, ,[t] and P,,[t] denote active power transmission between area a and area b at time t. Q,[t] and Q,[t] denote reac-
tive power transmission between two areas at time t. 1, denotes the residual of boundary power transmission.

Uamlt] = Opmlt], Uanlt] = Opplt] (18.a)
n = ||(0a,m[t] - ﬁb,m[t]; 0a,n [t] - 0b,n[t])T”w (18.b)

where U, ,[t] and U, ,[¢] denote boundary voltage of node m between areas a and b at time t. U,,[t] and U, ,[t] denote
boundary voltage of node n between areas a and b at time t. ,, denotes the residual of boundary voltage.

2) Inter-area coordinated voltage control

The consistency algorithm is used to coordinate the strategies of SOPs among areas, in which the upstream area is defined as



the area adjacent to substations. The inter-area coordination process is described as follows.
a) The upstream area receives the boundary information transmitted by the downstream area, and conducts the intra-area
operation of SOP to optimize voltage of boundary nodes.
The objective function of upstream area is updated as:
J (X[t X4 [t]) = min (X, [t]) + U] = Tylt + At
+A|| X4 €] = [Py[t — AL], Qualt — ALYTT||))
where X, [t] is the auxiliary variable denoting boundary power transmission. U;?,{ is the voltage reference of boundary node n in
area a. The reference values of boundary voltage ULSf, and ULS! in objective function are updated by boundary information.
ULt = Upmlt — At], USSE = U, [t — At] (20)
b) Then, the upstream area transmits the boundary information to downstream area, including boundary power costs P, [t],
Q.,[t] and boundary voltage references U, [t], Uynlt].
c) The downstream area receives the boundary information transmitted by upstream area, and conducts the intra-area oper-
ation of SOP to optimize the power transmission of boundary branch. The related objective function is updated as:
J (X, [£1, X3 [£1) = min (X, [£1) + U5 = Tyt + AL}
+2]|X3 [£] = [Po,[t — At], Qq,lt — A1)
where Ugfnfl is the voltage reference of boundary node m in area b. X} [t] denotes the extended variables of downstream area b,
shown as follows:

(19)

(21)

Xp[t] = [Py,lt], Qpult]]" (22)
where P, ,[t] and Q;,[t] are the boundary power transmission of downstream area b at time t.The reference values of boundary
node voltage Ugfnfl and Ugfnf in objective function are updated as:
URel, = Uyt — AL USSF = U, [t — At] (23)
The downstream area obtains the solution of X} [t], which assigns as the boundary power references P, [t], Qp,[t]-
d) Then the downstream area transmits the boundary information to upstream area, including boundary power references
Py, [t], Qp.[t] and boundary voltage costs Uy, [t], Up nlt].
e) Repeat the above process until the difference between the boundary information of adjacent areas meets the accuracy
requirements, which is defined as follows.

Ry=|lmn]™ || < e (24)
In summary, the required data for the coordinated operation of multiple SOPs is shown in Table I. Based on the boundary

information, each area conducts intra-area adaptive control of SOP and exchanges the updated boundary information. The strat-

egies of SOPs are coordinated to achieve better performance with lighter calculation burden.
TABLE |
REQUIRED DATA OF INTER-AREA COORDINATED CONTROL

Data from Upstream Data from Downstream
Intra-area Data

to Downstream to Upstream
Node voltage measure Boundary node voltage Boundary node volt-
v ure- —~ - Y py
ge e (Oamlt) Uoult),  age (Oymlt], Dyalt),
ment U[t], node in-
jected power P,[t] bourldary power flow bourldary power flow
! (Pa,l[t]l Qa,l[t]) (Pb,l[t]l Qb,l [t])

C. Implementation of Data-driven Strategy of SOPs

The flow chart of the MFAC-based operation of SOPs is shown in Fig. 2.

First, on an hour-level time scale, the controllable area is determined with the center of each SOP. On a second-level time
scale, by using the real-time voltage measurement, the data-driven model of SOP operation is established in each area, which
can adaptively respond to the frequent system state changes. Then the strategies of multiple SOPs are further improved by inter-
area coordination to improve the operational performance of ADNs. Note that as for the area without SOP, the boundary infor-
mation is also measured and transmitted to the adjacent areas. The inter-area coordination will facilitate to solve the operation
problems of this area.

Thus, by establishing the data-driven operation model based on MFAC, the problems of lacking accurate parameters and the
frequent change of operation state can be effectively avoided. Real-time measurement data and interaction between SOP and
distribution networks are used to realize the adaptive operation control of SOPs, which can effectively alleviate the voltage vio-
lation and reduce power losses.
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Fig. 2. Flow chart of the adaptive operation of SOPs.
IV. CASE STUDIES AND ANALYSIS

In this section, the effectiveness of the proposed data-driven adaptive operation control of SOP is verified on the modified
IEEE 33-node system. The proposed model is implemented in the MATLAB R2014a. The numerical experiments were carried out
on a computer with an Intel Xeon CPU E5-1620 processor running at 3.70 GHz and 32 GB of RAM.
A. Modified IEEE 33-node System

The modified IEEE 33-node distribution system including a substation and 32 branches, of which the rated voltage level is 12.66
kV. Total active power and reactive power demands are 3715.0 kW and 2300.0kvar. The structure of the test case is shown in
Fig. 3.

Controllable area
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23 24 25 [2627 28 20 30 31 32 33
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Fig. 3. Structure of the modified IEEE 33-node system.

To fully consider the high penetration of DGs on power losses and voltage deviation, three photovoltaics (PVs) and five wind
turbines (WTs) are integrated into the networks, whose active power reaches almost 100% of peak demand. PVs are installed at
nodes 7, 13, and 27, whose capacity is 500 kWp, 300 kWp, 400 kWp. WTs are installed at nodes 10, 16, 17, 30, and 33, respectively.
The capacities of WTs are 300 kVA, 200 kVA, 200 kVA, 200 kVA, 300 kVA, respectively. One group of SOP with a capability of 1000
kVA is installed between node 18 and 33.

12 4

3 |

8 10 12 14 16 18 20 22 24
Time (h)

=PV —WT ~-LOAD

[
w e

Profile (p.u

oo
~
N
=)

Fig. 4. Operation curves of DG and load.

The daily DGs and loads operation curves are shown in Fig. 4, in which 5-minute is taken as a unit period. The upper and lower
limits of the voltage range are set to 1.06 p.u. and 0.94 p.u. The weighting factors A, p, n and p are set as 1.0. The predetermined
tolerance ¢ is set as 0.01 to ensure the convergence. Set the duration of optimization horizon AT as 1 hour and the control hori-
zon At as 20 seconds, which is also adopted as the sampling time interval of voltage measurement.



B. Data-driven Adaptive Operation of SOP

1) MFAC-based operation control of SOP

To verify the effectiveness of the data-driven operation control of SOP based on MFAC, two scenarios are adopted.

Scenario |: There is no optimization strategy conducted on SOP, and the initial operation state of ADN is obtained.

Scenario Il: The proposed data-driven adaptive operation of SOP is conducted.

The controllable area of SOP is shown in Fig. 3. Taking 10:00 am as an example, the proposed data-driven strategy of SOP is
conducted and the voltage profiles of dynamic process are shown in Fig. 5. The red dotted line represents the voltage profile in

Scenario . The blue dashed line shows the converged voltage profile in Scenario Il and the grey area denotes the dynamic process
of voltage profile in Scenario .
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Fig. 5. Voltage profiles of adaptive control process.

It can be seen that due to the optimization of objective function in each iteration, the voltage profiles are maintained within
the limits during the dynamic process. To further ensure that node voltage does not exceed the limits during adaptive control, a
predictive mechanism is added to the data-driven operation control. When SOP strategy X[t] is obtained, U[t + At] can be esti-
mated based on Eq. (3). If voltage violation occurs, X[t] will be reset as (X[t] + X[t — At])/2.

The calculation efficiency of MFAC approach is determined by the calculation time in each iteration and iteration number of
convergence. As simple algebraic operation is required for MFAC approach, calculation burden of each control time step is light.
In addition, MFAC can ensure the convergence within limited iterations [19].

Fig. 6(a) represents the MFAC-based operation strategy of SOP at 10:00 am in Scenario Il. Fig. 6(b) verifies that node voltages
effectively obtain convergence. Fig. 6(c) shows the convergence of residuals in Eqg. (15). The residual decreases rapidly at the
beginning until it converges to the predetermined accuracy &, and then decreases at a slower rate within 10 iterations.
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Fig. 6. Adaptive control process of SOP at 10:00 am.
To analyze the impact of the initial value of the PJM ®[1] on the data-driven SOP control, two PJMs ®, [1] and ®,[1] with
different initial values are adopted. ®, [1] is initialized by the sensitivities between objective and SOP regulation and ®,[1] is set
to 1, in which 1 represents the all-ones matrix. Taking 10:00 am as an example, the data-driven voltage control results of node

18 are shown in Fig. 7.
1.0 T T I
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0.96r
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L:': 10 i5 2‘0 2‘5 30
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Fig. 7. Data-driven control performance with different initial PJMs.
It can be seen that the sensitivities between objective and SOP regulation can appropriately initialize the initial values of <T>[1],

which has a satisfactory convergence performance.
To analyze the sensitivity of parameters, the data-driven control has been conducted with different fixed parameter values.
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When each fixed parameter is changed, the others remain as 1. Taking the control performance with different 1 and p as exam-
ples, voltages of node 18 at 10:00 am are shown in Fig. 8.
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Fig. 8. Sensitivity analysis of different parameter values.

As shown in Fig. 8, control results are not sensitive to the fixed parameters within the predefined ranges. Conversely, control
results may be unstable or not convergent with the parameters outside the predefined ranges, which is consistent with the
conclusion of convergence analysis. Besides, convergence rate is obviously influenced by A1 and p. When p increases or A de-
creases, the convergence rate increases.

2) Adaptability to changes of operation state

The adaptability of the data-driven operation of SOP is verified with the changes of system state, including the network recon-
figuration and the fluctuation of DG outputs.

It is assumed that a fault occurs on the branch between nodes 7 and 8, and the local topology change consequently occurs at
10:30 am. The branch between nodes 7 and 8 is disconnected, and the tie switch between nodes 12 and 22 is closed. The voltage
profiles before and after the reconfiguration are shown in Fig. 9(a). The active power transmission of SOP before and after the
reconfiguration is shown in Fig. 9(b). From Fig. 9, it can be seen that the MFAC-based operation control of SOP can adaptively
respond to the reconfiguration of network topology.
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(b) Active power transmission of SOP

Fig. 9. Dynamic process with network reconfiguration.

Besides, the proposed data-driven approach can also adapt to the economic network reconfiguration. With the topology
change, the control range of SOP will correspondingly change. First, the sensitivities between objectives and SOP outputs should
be recalculated to determine the new control range of SOP. Then, the time-varying parameter ®[t] is calculated by Eg. (5) and
the control strategy of SOP is accordingly updated to adapt to the topology change.

To further demonstrate the adaptability of the proposed data-driven approach, economic network reconfiguration is assumed
to be conducted at 10:30 am. The tie switches between nodes 12 and 22, nodes 25 and 29 are closed, and branch switches
between node 10 and 11, as well as nodes 27 and 28 are disconnected. The voltage profiles before and after reconfiguration are
shown in Fig. 10(a). The active power transmission of SOP before and after reconfiguration is shown in Fig. 10(b).
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Fig. 10. Dynamic process with network reconfiguration.

As shown in Fig. 9 and Fig. 10, the proposed SOP control approach can adapt to the possible topology changes, including local
topology change and economic network reconfiguration.

Considering the DG fluctuation from 10:00 am to 10:30 am, the voltage changes of node 18 and 33 with DG fluctuation are
shown in Fig. 11(a). The dynamic process of active power transmission of SOP is shown in Fig. 11(b). As the response time of SOP
strategy is limited by the number of iterations of MFAC, 5-minute is taken as the sampling interval of DG fluctuation. As shown

in Fig. 11, the data-driven method can quickly respond to the fluctuation of DG by adaptively updating the control strategy of
SOP.
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(b) Active power transmission of SOP
Fig. 11. Dynamic process with DG fluctuation.

Thus, the proposed adaptive operation strategy of SOP can effectively respond to the rapid change of system state.

3) Real-time simulation verification

With the capability of high-accuracy simulating the dynamic behaviors in ADNs, real-time simulation provide a critical means
to test the effectiveness of control strategies. To further illustrate the effectiveness of the data-driven approach, the real-time
simulations have been conducted based on the data-driven operation strategies. As a widely used real-time digital simulator, RT-
LAB is adopted to perform the real-time simulations of ADNs. The simulation data will be sent to the SOP controller for the data-
driven optimization of operation strategies. In each iteration of data-driven control step, the voltage is measured and updated
to the controller. Then the strategy of SOP is calculated and transmitted to the simulator. Note that the optimization time step
AT of SOP operation is limited by the number of iterations of MFAC as well as the communication time. The optimization time
step is set as 5 seconds during the simulation process. The control time step of SOP operation At is set as 1 second, which is also
adopted as the sampling time interval of voltage measurement. The simulation time step of ADNs is set as 50us in RT-LAB.

Taking node 18 at 10:00 am as an example, voltage amplitude and phase-A voltage waveform at node 18 are shown in Fig.
12(a) and Fig. 12(b). And the current of branch between nodes 17 and 18 are shown in Fig. 12(c). It can be seen that the voltage
profile of node 18 is maintained within the limits during the dynamic process and converges within 5 iterations. As the real-time
output of DG is varied, the fluctuation of steady-state voltage still exits.

The SOP operation is realized through a dynamic adjustment process in the proposed data-driven approach. As the change
rate of SOP output is constrained in each control step, the impact on ADNs caused by SOP variation is effectively mitigated.
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Fig. 12. Real-time simulation results.

C. Coordinated Operation with Multiple SOPs
1) Operation of multiple SOPs with inter-area coordination

The inter-area coordination is further adopted to improve the control performance of SOPs. In the intra-area optimization,
each area only needs the intra-area data, instead of data of the entire network. In the inter-area coordination, the reduced
calculation burden and the near-optimal effect can be obtained with a small amount of boundary information interaction.
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Fig.11. Network partition result at 10:00 am with SOPs.
In order to elaborate the coordinated operation with multiple SOPs three groups of SOPs with a capability of 1000 kVA are

integrated as shown in Fig. 13. Based on the network partition described in section Ill.A, ADN can be divided into three sub-areas
with SOPs. In each sub-area, there is an SOP that plays a major control role. Due to the fluctuation of DGs and loads in different
time periods, the node voltages vary from time to time. The controllable areas of SOPs can be updated based on voltage changes
of nodes. For example, the result of network partition at 10:00 am is shown in Fig. 13, in which the boundary nodes are marked

with blue.
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Fig. 14. Voltage profiles at 10:00 am.
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Fig. 15. Iterative process of data-driven control of SOP.

To improve the optimization level of ADN in each sub-area, the data-driven operation of SOPs described in section IlI.B is
implemented. Taking 10:00 am as an example, the voltage profiles of all nodes are shown in Fig. 14(a). The dynamic voltage
process of nodes 18 and 33 is shown in Fig. 14(b). The adaptive process of data-driven control of SOP is shown in Fig. 15.

TABLE Il
DATA EXCHANGE OF INTER-AREA COORDINATION IN EACH ITERATION

Number of data from downstream Number of data from upstream area
area to upstream area to downstream area
Area 1->Area 3 8 Area 3—>Areal 8
Area 2->Area 3 8 Area 3—>Area 2 8

The required interaction data among areas in each iteration is listed in Table Il. In each iteration, each sub-area conducts intra-
area adaptive control and exchanges boundary information with the neighbor sub-area. As it takes 12 iterations to reach the

convergence, the total amount of interaction data is (8x4)x12.
The daily data-driven operation strategy of SOPs is shown in Fig. 16, which can rapidly respond to the voltage fluctuations

caused by DG outputs.
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2) Operation result analysis

The daily operation results of the two scenarios are shown in Table Il. Compared with the results in Scenario I, the proposed
data-driven operation strategy of SOPs in Scenario Il can effectively mitigate the voltage deviation of ADN and reduce power
losses of whole networks. To verify the control performance of data-driven strategy of SOPs, Scenario lll is further adopted with
the centralized operation control of SOPs, in which the objective is the same with that of Scenario II.

TABLE 11l
OPERATION RESULTS OF THE THREE SCENARIOS
. Minimum Maximum Index of voltage Power losses
Scenario voltage (p.u.) voltage (p.u.) deviation (p.u.) (kwh)
| 0.9330 1.0313 0.0172 1179.7000
I 0.9710 1.0065 0.0035 865.2918
11l 0.9689 1.0017 0.0054 839.5731

The voltage deviation index of ADN is defined in Eq. (25). In Scenario Il it is reduced by 79.43% compared to Scenario I. The
total power loss is reduced by 26.65%, which is a considerable improvement in economic efficiency. It can be also seen that the
proposed control strategies have a similar performance with centralized strategies in Scenario Ill, which have the best utilization
of SOP outputs.

Index; = Yser Tiew|UF* = Uils]|/(Ny * Nr) (25)

Fig. 17(a) shows the daily active power losses for Scenarios | and Il. Fig. 17(b) shows the converged voltage profiles in Scenar-
ios | and Il. It can be seen that the high penetration of DGs leads to the frequent voltage fluctuation and severe voltage deviation
in Scenario |. By applying the proposed data-driven operation control of SOPs in Scenario I, SOPs adjust the active power trans-
mission and the reactive power in each area rapidly and accurately. As shown in Fig. 17(b), the voltage deviation of the system is

effectively mitigated and the voltage profiles are maintained within the desired voltage range.
140

=105

7
3

P

Loss(kW

e

0 2 4 6 8 10 14 16 18 20 22 24

12
Time(h)
-~ Scenario I —Scenario IT
(a) Active power losses

~ 105
E
5"02“«\ P S
£ 0.99 W
Z 096, N £ONT -
s ________:_ __#i_____‘“'_“-_s._.r'_ _________
> 0.93 s :

0 2 4 6 8 10 12 14 16 18 20 22 24

Time (h)

=Scenario I-Umax = Scenario I-Umin =—Scenario II-Umax *=='Scenario I1-Umin
(b) Voltage profiles
Fig. 17. Daily operation results of Scenarios | and II.

D. Modified IEEE 123-node System

The modified IEEE 123-node system is adopted to verify the scalability of the proposed method on the large-scale ADNs. The
detailed parameters can refer to [26]. Three WTs and six PVs are integrated into the networks. WTs are installed at nodes 28, 92
and 108, respectively. The capacities of the WTs are 1000 kVA. PVs are installed at nodes 33, 42, 86, 97, 111 and 116, whose
capacities are 300 kWp. Two groups of SOP are installed between nodes 55 and 95, as well as nodes 117 and 123. The parameters
of the above regulation devices are set to the same value as the IEEE-33 node system.

To verify the effectiveness of the data-driven SOP operation, the same three scenarios in subsection IV.B are also adopted in
the modified IEEE 123-node system.

TABLE IV
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OPERATION RESULTS OF THE THREE SCENARIOS

. Minimum Maximum Index of voltage  Power losses
Scenario voltage (p.u.)  voltage (p.u.) deviation (p.u.) (kWh)
| 0.9129 1.0276 0.0298 1439.0
1l 0.9600 1.0104 0.0071 1035.8
11} 0.9584 1.0143 0.0058 1011.5

The daily operation results of the three scenarios are shown in Table IV. Similar to the conclusions in subsection IV.B, the pro-
posed data-driven method is scalable to large-scale ADNs.

To verify the robustness of the proposed data-driven method, the impact of measurement error is further analyzed. Consider-
ing 3% voltage measurement error [27], 100 scenarios are randomly generated by the Monte Carlo method to conduct data-
driven control of SOPs. The voltage profiles with and without measurement error of node 18 at 10:00 am are shown in Fig. 18. It
can be seen that the control strategy of SOP can also effectively converge with the measurement error in an acceptable range.
The fluctuation of control results caused by the measurement error is within 1%. If the measurement error is larger, it will have a
greater impact on control results as shown in Fig. 18. However, devices with higher measurement accuracy such as PMU are
widely used in ADNs, whose measurement error is generally less than 0.2% [27]. Thus, its measurement accuracy is sufficient to
satisfy the data-driven method proposed in this paper. Even if there is a larger measurement error, the redundant measurement

of multiple time periods can be used to form an overdetermined equation for optimal control.
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Fig. 18. Dynamic process of voltage profiles with measurement error.

TABLE V
COMPARISON OF THE COMPUTATIONAL EFFICIENCY
. Calculation time of SOP Calculation time of SOP
Scenario strategies for 10:00 am (s) strategies for the whole day (s)
I} 0.0569 1.7784
1l 0.7880 17.5965

Taking the control process at 10:00 am and of the whole day as examples, the comparison of computational efficiency with
the centralized method is shown in Table V. The results show that the proposed data-driven approach can effectively reduce the
computational time while obtain the near-optimal solution.

Thus, the proposed operation strategies of multiple SOPs with inter-area coordination can effectively reduce the impact of
high penetration of DG and mitigate the voltage violation in ADN. Besides, the proposed operation strategy can also effectively
adapt to the complex operation environments.

V. CONCLUSIONS

This paper proposes a data-driven adaptive operation strategy of SOP, which can effectively adapt to the topology reconfigu-
ration and frequent operation state changes. Then, oriented for the decentralized control, the operation strategies of multiple
SOPs are further coordinated with inter-area coordination. The results shows that based on the measurement data, the data-
driven operation strategy of SOPs can adaptively respond to system state changes and improve the operational performance of
ADNs, including the mitigation of voltage deviation and reduction of power losses.

There are also some limitations of the data-driven control method in practical applications. First, the overall measurement data
of the controlled region is needed to conduct the data-driven control of SOPs. Reducing the number of required measurements
can be further investigated, which is expected to further lighten the communication burdens and improve adaptability. The meas-
urement accuracy will also affect control performance. Second, the interactive iteration process between SOP and ADNs is used
to realize the adaptive operation control of SOPs, which may cause sustained disturbances on distribution networks during the
control process. To avoid disturbances, the digital twin of ADNs can be further used to interact with data-driven control model of
SOP until the converged operation strategy is obtained.
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