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Abstract. The traditional Power Flow Calculation (PLF) method of the distribution network is affected by
the accuracy of model parameters, the convergence of the solution method, and other factors. At the same time,
the accuracy of the PLF of the distribution network will directly affect the optimization effect of the distribu-
tion network. In this paper, a data-driven power flow analysis and the volt/var optimization control strategy
for the distribution network are proposed. Firstly, the CatBoost machine learning model for the distribution
network power flow analysis is proposed, and the nonlinear mapping relationship between the distribution
network state and power flow results is described from the data-driven perspective. Secondly, the influence
of PhotoVoltaic (PV) power supply on the distribution network is analyzed, and the volt/var optimization
model based on PV power supply is proposed. Then, the volt/var optimization strategy of the distribution
network based on data-driven power flow analysis is proposed to ensure the safe and stable operation of the
distribution network voltage and reduce the operating network loss of the distribution network without
the need for network parameters and other information. Finally, the IEEE 33 node system is used to verify
the effectiveness of the proposed strategy, the results of the example show that the data-driven PLF method
can accurately perceive the voltage and loss of the distribution network. The proposed optimization strategy
can stabilize the voltage of the distribution network in the range of 0.95-1.05, and the loss of the distribution
network is reduced from 6.879 MWh to 3.369 MWh.

Keywords: Power flow analysis, Volt/var optimization, Distribution network, Data-driven, Photovoltaic

power supply.

1 Introduction

Energy is the basis for industrial production and the devel-
opment of modern society and plays an important role in
the process of human history. In recent years, the installed
capacity of Distributed Generation (DG) represented by
PhotoVoltaics (PV) in power systems has been increasing
year by year [1, 2]. Under the background of the sustainable
development of fossil energy consumption control, large-
scale new energy grid connection, and wide flexible load
access, and with the application of a high proportion of
power electronics in the power system, the complexity of
the power flow model is increasing and the uncertainty
variables are increasing [3, 4]. As a result, the traditional
Power Flow Calculation (PLF) and sensitivity analysis
method based on a physical model is affected by the accu-
racy of the power grid model and parameters and the time-
consuming iterative solution of implicit function nonlinear
equation, which is difficult to fully meet the needs of current

* Corresponding author: jiangsu15522024@163.com

new power system for rapid PLF and analysis. Therefore,
there is an urgent need for PLF and analysis methods with
high precision and fast timeliness to realize rapid perception
and online regulation of power flow state [5]. In addition,
the large-scale access of DG to the power system has greatly
reduced the dependence on traditional fossil energy and
promoted the development of energy structures towards
low-carbon and clean directions. However, large-scale dis-
tributed power grid connection will bring problems such
as grid node voltage cross-border, power flow reversal,
and network loss increase, which will affect the safe and
stable operation of the power grid [6-8].

Many scholars have carried out a lot of research on the
PLF method of power systems. Reference [9] analyzes the
impact of phase-shifting transformers and line resistance
on PLFs in power systems with different voltage levels. In
reference [10], a Newton-Raphson-based power flow method
for auto-fed railway power supply systems is proposed, with
a modified power flow formula for multi-conductor systems.
Literature [11] introduces a two-step power flow-solving
algorithm that provides a reliable adjustment scheme when
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grid current calculations cannot be solved, or when calcula-
tion efficiency is low. Reference [12] proposes a PLF based
on the C-type Gram-Charlier series expansion and cumu-
lant (CGC-CM), which determines the distribution charac-
teristics of bus voltages and branch transmission power.
Given the significant impact of uncertainty and volatility
in DG on distribution network operations, reference [13]
suggests an improved three-point estimation method com-
bined with maximum entropy theory (ITPEM&ME) to cal-
culate the probabilistic harmonic power flow in distribution
networks. To better simulate the effects of distributed wind
farms on uncertain power flow distribution, reference [14]
proposes a probabilistic interval PLF method that considers
correlation. Due to the diverse operational modes of multi-
voltage stage DC power grids, their power flow analysis
becomes more complex. Literature [15] introduces a PLF
method for multi-voltage stage DC power grids, considering
different control modes. Reference [16] establishes a linear
power flow model with minimal linearization error, expand-
ing the variable space expression as a polynomial function
and proposing a simplified power loss model. Wire temper-
ature is a key state variable that should be considered in
PLFs, as it improves accuracy and reveals potential thermal
loads on transmission components. Reference [17] presents a
time-history power flow calculation method (TPPFCTB)
that accounts for the thermal behavior of transmission com-
ponents and is used to calculate the temperature dynamics
of overhead lines, power cables, and transformers under
expected system operating conditions. In order to avoid
the time-consuming influence of the iterative calculation
method of power flow, Reference [18] constructed a lin-
earized power flow model of constant impedance-current-
power load (constant impedance Z, constant current I, con-
stant power P loads, ZIP loads) based on AC distribution
network by Taylor expansion of load point power flow. Ref-
erence [19] proposes a decomposition-coordination PF
model with two layers of coordination. Moreover, incorpo-
rated with the Ridge Regression, an improved Locally
Weighted Linear Regression (LWLR) approach is estab-
lished in treating the adjustment of boundary variables.
Reference [20] proposes a modified Linear Distflow model
(LinDist) with line shunts, 4.e., LinDistS and also further
proposes its extensions considering the ZIP load, weakly-
meshed topology, and unbalanced three-phase systems. A
new state estimation methodology is proposed based on
the AC Optimal Power Flow (ACOPF) model for distribu-
tion networks with a small number of real-time measure-
ments [21]. Reference [22] deduced the linearized PLF
method under the bipolar DC distribution network topol-
ogy and further proposed a power flow optimization model
based on the binary algorithm. Reference [23] proposed a
forward regression model and an inverse regression model
of power flow. To address the limitations of existing linear
PLF methods for distribution networks, such as poor gener-
alization and low accuracy, literature [24] proposes a linear
PLF method that accounts for DG. Based on the character-
istics of the distribution network, the non-linear terms in
the basic power flow equations are linearized using Taylor
series expansion techniques. Partial Least Squares (PLS)
and Bayesian linear regression methods are used to
solve data collinearity and avoid over-fitting. The linear

regression of active and reactive power injection power of
grid nodes with node voltage and phase is realized, and
the linear regression calculation of power flow is realized.
Aiming at the problem of measurement noise in data-driven
power flow linearization research, Reference [25] added the
Jacobian matrix guidance constraint and proposed a
Linearly Constrained Quadratic Programming (LCQP)
power flow regression model considering data noise, which
improved the robustness of the linearized regression model
to data noise. Literature [26] proposes a general fast power
flow algorithm. First, the initial branch active power flow is
obtained using the classical DC power flow algorithm.
Then, the node voltage angle is calculated based on the
established node-injected reactive power equation. Finally,
the active power flow and active power losses are deter-
mined using the revised phase angle and node voltage.

In the above research, the solution speed of power flow
analysis is effectively accelerated, but the power flow lin-
earized regression model is essentially a high-dimensional
hyperplane to characterize the power flow model of the
power grid, which makes it difficult to meet the nonlinear
characteristics of the power flow model of the power grid.
There are problems of insufficient modeling and insufficient
description of power flow differences under different operat-
ing conditions.

The volt/var optimization of the distribution network
can effectively solve the problems of voltage over-limit
and network loss increase caused by large-scale access of
DG to the distribution network [27]. The volt/var control
of the traditional distribution network is based on a capac-
itor bank and on-load voltage regulating transformer, but
the capacitor bank and on-load voltage regulating trans-
former can not adapt to the rapid fluctuation of the distri-
bution network caused by the uncertainty of new energy
output [28]. In this regard, relevant scholars use Static
Var Compensator (SVC) and Static Var Generator
(SVG) to control the volt/var of the distribution network,
but the installation cost of SVC and SVG is high, which
reduces the operation economy of the distribution network
[29]. In recent years, PV power has a certain reactive power
support capacity, and the volt/var control of PV power has
a fast response speed, and does not increase the investment
cost of the distribution network equipment [30]. It has
gradually become one of the important means of volt/var
regulation in active distribution networks. The IEEE
1547.8 working group advocates the use of PV inverters
to achieve reactive voltage control [31]. Appropriately
increasing the capacity configuration of PV inverters can
effectively improve the reactive power output capacity of
PV inverters and reduce the investment cost of traditional
reactive power compensation equipment. The performance
of various reactive voltage regulation equipment is shown
in Table 1. Reference [32] proposes two novel two-stage
volt/var control schemes based on the Affinely Adjustable
Robust Counterpart (AARC) methodology, to mitigate
the over-voltage issues caused by the integration of PV pan-
els into distribution systems. Reference [33] develops a two-
stage volt/var control strategy coordinating the discrete
controls of legacy grid devices and the operation of smart
inverters in power distribution grids with high penetration
of PV generation. A reactive power control approach for
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PV inverters is proposed to control the injection /absorption
of reactive power to reduce the active power loss of the sys-
tem while solving the overvoltage problem [34]. To maxi-
mize the benefits of inverter-based Volt-Var Control
(VVCQC), literature [35] proposes a multi-objective hierarchi-
cal coordination VVC method for PV inverters based on
droop control. This method simultaneously minimizes aver-
age bus voltage deviation and network losses by optimizing
both the reactive power setpoints of centralized PV invert-
ers and the droop control function for local controls. Liter-
ature [36] introduces a framework for peak load regulation
and voltage and reactive power control (VVC) in active dis-
tribution systems, utilizing a three-level inverter and an
online safe Deep Reinforcement Learning (DRL) approach.
Literature [37] presents a two-stage coordinated control
method for voltage regulation and congestion management
in Active Distribution Networks (ADNs) that incorporate
PV generators and Electric Vehicle Stations (EVS).
Literature [38] proposes an energy-saving voltage optimiza-
tion strategy (VVO/CVR) based on a two-stage, multi-
mode, data-driven Volt/Var optimization method. This
strategy aims to reduce overall energy consumption while
mitigating rapid voltage violations within the distribution
network. In reference [7], a control strategy is proposed to
optimize reactive power and voltage in PV energy storage
distribution networks, considering the constraint of
Insulte-Gate Bipolar Transistor (IGBT) junction tempera-
ture. Finally, reference [39] proposes a two-layer voltage
and reactive power control strategy with two-time scales
for an integrated system comprising a centralized PV plant
and the external power grid. At the same time, the active
and reactive power optimization operation of the active
distribution network with multiple microgrids has also
carried out a lot of work [40]. The literature [41] introduces
an Energy Hub System (EHS) as an appropriate framework
for the demand to be supplied by Multi-Carrier Energy
(MCE) such as electricity, natural gas, and thermal energy.
Literature [41, 42| proposes a three-objective optimal per-
formance for Smart Hybrid Energy Systems (SHES) with
customer participation to optimally reshape the demand
profile of the day-ahead energy market. A multi-objective
function model of intelligent microgrid to minimize i) the
operation cost, ii) the emission pollution, and iii) the
deviation between the original demand curve and its desired
level in the day-ahead time period was established in the
literature [43].

However, at the present stage, the voltage/var opti-
mization model is based on the PLF based on the tradi-
tional physical model, and the effect of volt/var
optimization is restricted by the accuracy of the PLF. Once
the line parameters of the distribution network are inaccu-
rate, it will affect the calculation accuracy of the power flow
of the distribution network, and then affect the volt/var
control of the distribution network, and even make the
volt/var control of the distribution network fail. Therefore,
it is necessary to consider the calculation accuracy of power
flow in the distribution network while carrying out volt/var
optimization, so as to further improve the accuracy of the
volt/var optimization in the distribution network.

Inspired by the aforementioned issues, this paper pro-
poses a data-driven distribution network power flow analy-

sis and reactive voltage optimization strategy. Firstly,
a data-driven power flow analysis model of the distribution
network is proposed. The active load, reactive load, the
active power output of new energy, and reactive power out-
put of reactive power compensation equipment of the distri-
bution network are taken as the input of the CatBoost
model, and the network loss and node voltage of the distri-
bution network are taken as the output of the CatBoost
model. The CatBoost model is trained to describe the non-
linear mapping relationship between the state of the distri-
bution network and the power flow result of the
distribution network. Secondly, the influence mechanism
of the distributed PV power access on the voltage of the dis-
tribution network is analyzed, and the volt/var optimiza-
tion model of the distribution network based on the PV
power supply is introduced. Then, based on the data-driven
power flow analysis of the distribution network, the volt /var
optimization strategy of the distribution network based on
data-driven power flow analysis is proposed to realize that
the reactive power and voltage control of the distribution
network is not affected by factors such as line parameters
of distribution network. Finally, the effectiveness of the pro-
posed strategy is verified by the IEEE 33-bus typical case.

The remainder of this paper is organized as follows. In
Section 2, the limitation of traditional PLF is analyzed, a
data-driven PLF model for the distribution network is pro-
posed, and the CatBoost machine learning algorithm is
introduced. In Section 3, the influence of PV power supply
on the voltage of the distribution network is analyzed, and
the volt/var optimization model based on PV power supply
is proposed. Meanwhile, the volt/var optimization model
for the data-driven power flow analysis is proposed, and
the particle swarm heuristic algorithm is used to solve the
optimization model. In Section 4, the effectiveness of the
proposed strategy is verified by the IEEE 33 node power
distribution system. In Section 5, the conclusions are drawn
from the study.

2 Power flow analysis of the distribution
network based on the data-driven algorithm

2.1 Traditional power flow analysis

The power network is usually modeled based on physical
information. Due to the complexity of the power flow of
the power system, the power flow parameters are implicitly
nonlinear functional relationships, so they cannot be simply
defined as a simple mapping between known and unknown
quantities. The traditional PLF method is based on
Newton-Raphson, PQ decomposition, and other power flow
algorithms to solve the physical information such as
network topology, component parameters, and load level
of a given power system through an iterative and conver-
gent process. Set:

U=[U,...U, (1)
0=101,...0,] (2)
z=[U,0] (3)
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where U is the node voltage amplitude, 6 is the node volt-
age phase angle.

For the traditional PLF of the physical model, the
power equation of nodes is written through Kirchhoff’s the-
orem, where the power equation of the physical model in
polar coordinate form is shown in equations (4) and (5)

P, = " |Ui||Up|( Gy cos Oy + By sin 0y) (4)
k=1

Q= Z |U||U|(Gigsin 0 — By, cos 0y,) (5)
=1

where i =1, 2, ..., n; P, and @, are the active power and
reactive power injection on bus i respectively; |Uj| is the
voltage value of bus 4 | U is the voltage value of bus k;
(Gy+By,) is the (i, k) element in the admittance matrix
(Y = G+jB), where j is the imaginary unit; 0; is the
phase angle difference between bus 7 and bus .

Taking the Newton-Raphson method as an example,
the active power unbalance equation can be written for
each PQ node or each PU node.

AP; = Pi,— P,
k=1

~0. (6)

For each PQ node, the reactive power unbalance equation
can also be written.

AQ = Qi — @
= Qi — Y _|U|UL|(Gisin 04 — By cos 0
s}
— 0. (7)

According to formulas (6) and (7), the correction equation
can be written as follows:

PR AR

AQ K L||lU}AU
AP, AQ, Ady ]
AP, AQ, A0,
AP = AQ = A=
Apnfl Aanl Aé"*l .
AU, AU, i
AUQ AU?
AU = ;AU =
AU, AU, |

O0AP; OAP; 0AQ, 0AQ,
—N,;=U——,Kyj=——,L;=U,; -
65] ’ 7 J an J Géj 7 J an
By solving the partial derivatives of (6) and (7), the specific
expression of the elements of the Jacobian matrix is

obtained.

When i # j

where H i =

H;=-U;U;(G,;sind; — Bjcosdy)
Ny =-U Uj( G cos 5@' + B;;sin 51‘]‘)
K
L

5

4 = U;U;(Gycos d; + Bysin ) (10)
i = —UiU;(Gysin 6y — By cos 0y5)
When i = j
Hy = U’B; + Q,
_ 2
w-veln W

The nonlinear implicit function equation of the power flow
is solved by the iterative numerical method under the con-
dition of clear grid topology and model parameters. The
inaccuracy of model parameters, and the time-consuming
and convergence of iterative solutions will affect the accu-
racy and rapidity of PLF, which cannot meet the develop-
ment needs of the power grid under the large-scale access of
new energy. At the same time, various types of energy are
coupled and complementary, and unified planning makes
each type of energy can be better used. In this case, the
topology structure and operation mode of the power system
have undergone a series of changes, and PLF is the basis for
steady-state analysis and optimal operation of the power
system. The traditional PLF method cannot fully meet
the needs of the new power system due to factors such as
the accuracy of the grid topology, the accuracy of parame-
ters, and the time required for iterative solutions. More
rapid, accurate, and flexible power flow analysis strategies
are urgently needed.

2.2 Power flow analysis of distribution network based
on data-driven method

With the continuous development of power system-related
technologies, Supervisory Control, And Data Acquisition
(SCA-DA) systems have been unable to fully meet the
needs of power grid stability monitoring. The wide area
measurement system based on synchronous Phasor Mea-
surement Unit (PMU) has become a new effective technol-
ogy for power grid stability monitoring. PMU has become
an integral part of power dispatching automation systems
in new power systems and has been widely used in power
systems. The measured synchronization vector plays an
important role in fault location, PLF, and control strategy
simulation. Figure 1 shows the typical Wide Area Monitor-
ing System (WAMS) architecture.

In this regard, this paper proposes a data-driven power
flow analysis method for distribution networks, as shown in
Figure 2. Firstly, the real data of the distribution network
operation are obtained, including the active and reactive
loads of each node in the distribution network, the active
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Fig. 1. The typical WAMS system architecture.

power output of the distributed power supply in the distri-
bution network, the reactive power output of reactive
power compensation equipment in the distribution net-
work, and the voltage and network loss of each node in
the distribution network. Then, the active and reactive
loads of each node, the active power output of the dis-
tributed power supply, and the reactive power output of
the reactive power compensation equipment are taken as
the input of the Catboost model, and the voltage and net-
work loss of each node in the distribution network is taken
as the output of the Catboost model, and the Catboost
model is trained offline. Finally, the trained Catboost model
can obtain the voltage and network loss of the distribution
network according to the real-time state information of the
distribution network.

CatBoost is a Boosting ensemble learning model based
on an improved GBDT algorithm proposed by scholar
Liudmila. CatBoost also takes the addition model as the
framework for multi-round iteration, builds multiple base
learners, and uses a serial method to learn the residual of
training samples to gradually improve the accuracy of base
learners. CatBoost selects a fully symmetric binary decision
tree as the model’s base learner. The asymmetric tree is a
decision tree in which all nodes of each layer choose the
same splitting condition, and the structure of the tree is
always symmetric. The symmetric tree splits all nodes in
each layer based on the feature with the greatest splitting
benefit and grows continuously by building layer by layer
until the number of layers of the tree reaches the depth
threshold. During calculation, the traditional decision tree
needs to traverse the whole tree to get the calculation
result. However, due to the characteristics of the same level
splitting condition of the completely symmetric binary deci-
sion tree, the leaf node can be quickly retrieved by con-
structing the binary index, thus significantly improving
the calculation speed. The power flow analysis model struc-
ture of the distribution network based on CatBoost is
shown in Figure 3.

Compared with the traditional machine learning algo-
rithm that uses a separate learner, Catboost integrated
learning algorithm itself is not a single machine learning
algorithm, but by establishing multiple weak learners, using
the training set data to train the established weak learners,
and adopting certain combination strategies to combine

Distribution network
operation data acquisition

Y
Active  Reactive = Renewable Reactive
load load energy output compensation

Distribution
network loss

Distribution network
node voltage

Y

Data set

{ CatBoost model J

Fig. 2. The data-driven power flow analysis method for
distribution networks.

these weak learners. Thus, a strong learner with an ideal
effect can be obtained to obtain more accurate prediction
results. The specific integrated learning principle diagram
is shown in Figure 4. Ensemble learning solves the overfit-
ting problem when using a single model to some extent.
Even if a weak learner makes a wrong prediction during
the learning process, the other weak learners can correct
the error. Therefore, ensemble learning usually has better
accuracy and generalization ability.

Boosting algorithm is also one of the important mem-
bers of ensemble learning. It is an inheritance algorithm of
serial relationships. The training of each sub-learner by
the Boosting algorithm has a strong dependence on the pre-
vious sub-learner. The second learner is optimized based on
the previous learner, and this process is repeated continu-
ously. The final sub-learner uses the corresponding combi-
nation strategy to obtain a strong learner. The specific
schematic diagram is shown in Figure 5. The training of
each sub-learner in the Boosting algorithm is optimized
based on the previous sub-learner, and the new learner will
pay more attention to the sample with higher error of the
previous sub-learner. Through continuous iteration, a
strong learner is obtained by using the combination strat-
egy, which makes the Boosting algorithm have better
performance.

For data sets with unknown data distribution, after
dividing the training set and the test set, the data distribu-
tion is likely to be inconsistent. Let (Zivain, Yuain) b€ @
training set sample, (Ziest, Yress) De a test set sample, F* be
the base learner constructed by the kth iteration, and
L(y, F¥(z)) be the loss function, then the gradient G*(z, )
of the loss function is shown in formula (12).
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Fig. 3. The power flow analysis model structure of distribution network based on CatBoost.
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Due to the inconsistent data distribution between the
training set and the test set, the conditional distribution
GM(Lirainy Yerain) [ Zirain ON the training set is also inconsistent
with the conditional distribution G*(Ziest, Yrest)|Ztest ON the
test set, resulting in a gradient deviation. In each round
of iterative training of the traditional GBDT algorithm,

Gk(x’ y) =

. 12
s=FF1(x) ( )

the loss function uses the same training set to calculate the
gradient. Due to the addition model as the framework, the
bias generated by the base learner in each round of training
will continue to accumulate, which eventually leads to the
problem of overfitting the model on the training set. To pre-
vent the above prediction offset phenomenon, CatBoost
proposes an ordered lifting algorithm. The algorithm first
randomly disrupts the order of the samples in the training
set, then calculates the gradient of the sample data one
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by one, uses other data that do not contain the current
sample to train the base learner, and finally integrates the
base learner based on different sample subset training as
the final model. The orderly lifting algorithm of the algo-
rithm is shown in Algorithm 1.

Algorithm 1. The orderly lifting algorithm of the
algorithm.

Algorithm Orderly lifting algorithm

Input: training sets {(z;, y;)}._;, the number of trees T
Shuffle({(z;, 3,)}1_,)
For i in range(1, n): M;
For t in range(1, T):
For ¢ in range(1, n):
For jin range(1, i—1):
Gy =3 LY )l marioy
AM — LearnModel((x;, G;)) for jin range(i, i — 1)
Output: forecasting model M,

3 Volt/Var optimization strategy for high
proportion of PV access to distribution
network based on data-driven power flow
analysis

3.1 The influence of PV power access on the node
voltage of distribution network

Most of the distribution network belongs to the single
power supply radial network, and the voltage is gradually
reduced along the transmission line voltage during stable
operation. After integrating into the PV power supply,
the power flow of the PV grid-connected point is very likely
to have a countercurrent situation. In this case, the analysis
of the power generated by the distributed PV has the most
significant impact on the voltage of its grid-connected
point. Due to the access of distributed PVs, the power flow
on the distribution network line is reduced, and the impact
is to raise the voltage amplitude. When the distributed PV
output is small, the impact on the power flow is relatively
small, which plays a supporting role in the node voltage
of the distribution network. When the distributed PV out-
put exceeds a certain range, it may cause the voltage of
some load nodes to increase significantly or even exceed
the allowable deviation range of the voltage.

3.1.1 Single PV grid-connected

When a single distributed PV is connected to the grid, some
problems affecting the voltage quality of the distribution
line are often encountered. For example, when the capacity
of the grid is very high but the load of the user is very low, it
will lead to the voltage limit of the distribution node.

In another case, the capacity of the grid is very low but
the load of the user is very high, which will also lead to
the voltage limit of the distribution node. When the dis-
tributed PV is connected to the normal operation of the
power grid, it is equivalent to introducing multiple power
sources in the distribution network system, so that the
original distribution network system becomes a multi-
power system network. In the analysis and research of
this multi-power system, the superposition method is often
used for calculation, taking Figure 6 as an example for
analysis.

It is assumed that the number of load nodes on the line
of the distribution system is IV, and the power consumed on
the mth node is calculated to be P, + jQ,(n = 1, 2
3, ..., N). Setting U as a fixed value, and the power from
the beginning to the load side is defined as the positive
direction, and the loss on the line is ignored. Assuming that
there are m nodes on the whole distribution network line,
the voltage drop AU, between the m and m — 1 nodes
can be obtained as follows:

Z Pan + Z QnXm

A Um = Um— - U’m — n=m n=m
1 Um71
2 Pnrlm + Z anlm
_ n=m n=m 13
Umfl ( )

where, P is the active power of the node; @ is the reac-
tive power of the node; ris the line resistance; z is the line
reactance; r is the resistance per unit length; x is the unit
reactance; [ is the distance between two nodes.

Due to the active and reactive power on the load being
greater than zero, the voltage drop AU, on the distribution
line can be obtained from the above formula is also greater
than zero. It can be seen that the farther the node is from
the head end, the lower the node voltage will be. The volt-
age U, at the mth node on the distribution line can be
expressed as

N N
m m E Pl + E Q,xly
=t S av - 0y 3
k-1

k=1 k=1

(14)

(a) Suppose that the distributed PV access point is p point,
and the active power output of the connected PV power
supply is expressed as P,, and the power factor is 1, as
shown in Figure 7.

When the position of the node is before the PV access
point (0 < m < p), the voltage of the node m can be
obtained as

N N
m <Z PW - PT,’) Tl/i? + Z anl/ﬁ?
Um — UU _ Z n=~k Uk71 n=~k ) (15)

k=1

Because the reactance value on the line is small and the
power factor is high, the reactive power on the line is also
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Fig. 6. Topology structure of radial distribution system.
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Fig. 7. A single PV access to the distribution network.

small and negligible. After removing it from the formula,
equation (15) can be simplified as:

N
m (Z-Pnipv)rlk
Um = U() - Z ”=}"U—
k—1

k=1

N
m Z Pnrlk

>UgY S =U,.

(16)

It can be seen from equation (16) that after the access of
distributed PV, the voltage on the distribution network line
increases significantly, and this effect is not only affected by
the location of the access point but also by the capacity of
the access point. At this time, the voltage difference
between the mth node and the m — 1 node on the line is
expressed as

N
<Z P, - Pv) i,
A Um =A Umf - Um =
! Umfl

(17)

According to formula (17), the sum of active power con-
sumed from m nodes and all nodes after m nodes will affect
the trend of voltage rise and fall. If the sum of active power
consumed on these nodes is large, the voltage will have a
decreasing trend. On the contrary, if the sum of active
power consumed is small, the voltage will have an increas-
ing trend.

When the position of the node is after the PV access
point (m > p), the voltage of the node m on the line can
be expressed as

N N
P ( kPn — Pv> T’lk m X:ICP"T’lk
Up= U=~ -y =
; Ui kg;l Ui
N
m Z Pn,rlk

SU—Y = U, 18
0 Z Ui, 0 (18)

k=1

At this time, the voltage difference between the m node and
the m — 1 node is

N N
m—1 Z Pnﬂk m Z Pn’l“lk
AU, =Y = —— koS0, (19)
k=p+1 Uk k=P+1 Uk

Compared with before PV access, the voltage of m point
does have a certain increase, but it is still lower than the
voltage of m — 1 point, and the farther back the voltage
is, the lower the voltage is, so the farther back the node
from the distributed PV access point, the lower the voltage
is. If the grid-connected capacity of PV access is very high,
it may bring the problem of voltage exceeding the upper
limit near the access point.

3.1.2 Muiltiple distributed PV grid-connected

When multiple distributed PVs are connected to the distri-
bution network, as shown in Figure 8, the capacity of the
nth node connected to the PV power supply is P,,
(n=1,2,3,...,N).

The node voltage U at the m node before all PVs are
connected to the distribution system and the node voltage
C at the m node after all PVs are connected to the distribu-
tion system are shown as (A)

N N
m Z P”’rlk + Z anl/ﬁ?
Um = U, — n==k n==k 20
0 0 ; U, (20)
N N
m (Z Pn—ka>T’lk+ Z Qnéﬂlk
Um = UO - Z nh nh (21)

Ugr

k=1
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Fig. 8. Multiple PVs are connected to the distribution network.

Similarly, ignoring the reactive power in the formula (21),
the node voltage U,,o and U,, at the m node before and after
the PV grid connection is shown in formula (22).

N
m anrlk
Upo = Uy =y = 22
0= Uo= 3 (22)
N
m (Z Pn - Pvn) ’f'l]\;
Um = Uy~ nek
! ; Ui
N
m anrlk
>Uyg—y = 23
=3 (23)

The voltage of the node on the distribution line will increase
after access to PVs. If the load of the node is small and the
distributed capacity of the access is high, the voltage on the
node will increase. If the increase is large, it will cause the
problem of the node voltage exceeding the upper limit.

3.2 Volt/var control of the distribution network based
on PV power supply

In order to ensure that the voltage of the node is within the
range of reliable operation, the reactive power supply must
meet the requirements of the system and have a certain
reserve capacity to maintain the voltage security of the dis-
tribution network. Usually, the voltage regulation of the
distribution network is mainly adjusted by adjusting the
tap of the transformer and the number of switching groups
of the capacitor. PV inverter not only has the function of
AC/DC conversion but also has a flexible and controllable,
fast adjustment of distribution network node voltage. The
ability to use the remaining capacity of the inverter to
quickly adjust the system voltage and improve the voltage
quality of the system. In addition to reducing the problem
of voltage over-limit, the inverter also has a power tracking
function, automatic operation, and shutdown. Because it
provides a new technical means for dealing with voltage
over-limit, it provides a new method for researchers to deal
with voltage over-limit.

The control of the PV inverter in the PV power supply
has three modes: maximum power point tracking mode,
active power reduction control mode, and static syn-
chronous compensator mode, as shown in Figure 9. Under
normal circumstances, the PV inverter adopts the

maximum power point tracking control mode. Considering
the difference in reactive power capacity of each PV cluster,
the variable droop control of reactive power is used to realize
the coordinated distribution of reactive power among PV
clusters, to maximize the consumption capacity of PV. If
the reactive power capacity of the inverter is insufficient,
the active power output of some PV clusters is reduced
according to the priority to meet the reactive power demand
of the system. At night or when the reactive power shortage
of the system is serious, it can be switched to the static
synchronous compensator mode, so that the PV inverter
can operate as the static synchronous compensator mode
to ensure the dynamic reactive power demand of the system.

Generally, the design of the PV inverter has a certain
capacity margin, which makes it have fast and flexible reac-
tive power support capability and can participate in the
volt/var regulation of the active distribution network.
The reactive power that the PV inverter can deliver to
the grid depends on the rated apparent power and active
power output of the inverter, as shown in Figure 10.

The relationship between the reactive power output
limit of the PV inverter and the rated apparent power
and active output of the PV inverter can be expressed as

_ /@2 2
Qmax - Smax - PPV'

The PV power supply can participate in the volt/var con-
trol of the distribution network to meet the safe operation
of the distribution network voltage. The active and reactive
power output power of the PV power supply can be solved
by the volt/var optimization model of the distribution net-
work based on the PV power supply. The volt/var opti-
mization model of the distribution network based on the
PV power supply is generally established with the minimum
line loss of the distribution network as the goal, the safe
operation of the distribution network as the constraint,
and the reactive power output of the PV power supply as
the decision variable.

minf =Y rl5(t)

J:keB

(24)

(25)

where, 7, is the line resistance from bus j to bus k; I;(t) is
the line current from bus j to bus £ at time ¢.

PIRT (1) = Prs(t) = Y Pu(t) = D (Plt) — (1)

1eL(k) jed(k)

(26)
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Fig. 9. The three control modes of the PV inverter in PV power supply.
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where j, k, lis the distribution network bus index; J(k) and
L(k) are parent nodes and child nodes; Py(t), Q;(t) and
I;(t) are the active power, reactive power and line current
from bus j to bus k at time t; Py 4(t), Qr, 1(t) and Vi(?)
are bus k active load, reactive load and bus voltage at time
& I is the upper limit of line current between bus j and
bus k; Vinin, Vinax are the upper and lower limits of the volt-
age of the distribution network; Spyv, is the PV access
capacity at bus k. '

3.3 Volt/Var optimization strategy for distribution
network based on data-driven power flow analysis

In this paper, the volt/var control strategy of the distribu-
tion network based on data-driven power flow analysis is
proposed. Compared with the traditional volt/var opti-
mization strategy, the data-driven power flow analysis

proposed in the first section is adopted in the PLF part,
so as to avoid the influence of distribution network line
parameters, PLF methods and other factors on the power
flow analysis of the distribution network and the subse-
quent volt/var optimization effect.

After the power flow analysis of the distribution
network based on data-driven, the volt/var model of the
distribution network is transformed into

Hllnf —_ Pnct,loss (31)

[Pnet,loss(t)’ V(t)] = fCatBoost(Pload(t); Qload(t)v
Py (1), Qpy(1)) (32)
Vmin S Vk(t) S Vmax (33)
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Fig. 11. The position update process of the particle swarm optimization algorithm.

0< I;(t) < Ip™ (34)

J(PEE0) + (@ua) < s 69

The volt/var optimization model of PV high-proportion
access distribution network based on data-driven power
flow analysis is a nonlinear non-convex optimization
model, which is difficult to solve directly. In this paper,
the particle swarm heuristic algorithm is used to solve the
nonlinear non-convex optimization model. The particle
swarm optimization algorithm starts from the random
position in the solution space and moves towards the
direction of the minimum fitness function. Through contin-
uous iteration, the optimal solution is obtained within
the specified solution space. The particle swarm update
expression is

{ Vi1 0V; + ¢y (pbest; — ;) + cora(gbest; — x;) (36)

Tiy1 = Ti + Vin

where v; is the velocity vector of the ith particle, w is the
inertia weight, c; is the acceleration factor, r; is the ran-
dom number evenly distributed in the interval [0, 1],
pbest; is the individual optimal position of the ith particle,
z; is the position vector of the ith particle, gbest; is the
individual optimal position of the ith particle, and
Figure 11 shows the position update process of the particle
swarm optimization algorithm.

The process of using the particle swarm optimization
algorithm to solve the reactive power optimization problem
of distribution network based on PV power supply is shown
in Figure 12. Firstly, the algorithm parameters are initial-
ized, and the voltage and power limits of each node are
set as the upper and lower bounds of the particles in the
particle swarm optimization algorithm. At the same time,
the particles meet the equation conditions in the reactive

power optimization model, and a group of particles are
randomly generated as the initial particles. Then, the net-
work loss function is set as the fitness function of the parti-
cle swarm optimization algorithm, and the fitness value of
the initial particle swarm is calculated. Then, the fitness
value of each particle is compared with the fitness value
of the individual optimal solution, and the optimal solution
is retained. Then, according to the principle of particle
swarm optimization, the velocity and position of particles
are updated. Finally, the optimal output of the PV power
supply in the distribution network is obtained by continu-
ous iteration.

4 Case study

4.1 Volt/Var optimization strategy for distribution
network based on data-driven power flow analysis

Taking the IEEE 33-node distribution system as an exam-
ple, the distributed PV power supply is connected to nodes
6,9, 13, 14,17, 18, 22, 25, 27, 28, 31, and 32 respectively, as
shown in Figure 13. The PV access capacity of each access
point is 800 kW. The parameters of the distribution system
are detailed in the reference [44]. Conduct subsequent simu-
lation analysis on a 64-bit computer with a 3.20 GHz CPU
and 16 GB RAM.

The data of solar irradiance and ambient temperature in
low-latitude areas within a year are shown in Figure 14.
This paper does not consider the spatial location differences
of nodes in the distribution network, and the PV active
power output of all nodes is consistent. Based on the active
and reactive load data of each node in the IEEE 33 node
distribution system, the daily load data of each node in
the IEEE 33 distribution system is generated according to
the typical daily load information of the IEEE-RTS system,
and then the corresponding annual load data is generated
according to the Gaussian distribution.
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Fig. 12. The process of using particle swarm optimization algorithm to solve the reactive power optimization problem.
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Fig. 13. The IEEE 33-node distribution system.

The IEEE 33-bus system parameters are shown in
Table 2. The first node is a balance node. The initial active
load of the system is 3715 kW, the total reactive load is
2300 kvar, and the reference voltage is 12.66 kV.

4.2 Volt/Var optimization strategy for distribution
network based on data-driven power flow analysis

Based on the MATPOWER, 8.1 power flow calculation
toolbox, 8000 PLF data are generated, the 1st to 7000th
sets of data are divided into training sets, and the 7001st
to 8000th sets of data are test sets. Taking the 24-hour
operation of the distribution network as an example, the
absolute error between the output voltage of the CatBoost
model and the real distribution network voltage is shown in
Figure 15. It can be seen that the output voltage of each
node of the CatBoost model is close to the real grid voltage,
which can realize the accurate perception of the distribution
network.

The comparison between the distribution network loss
output by the CatBoost power flow analysis model and

the real distribution network loss is shown in Figure 16. It
can be seen that the output distribution network loss of
the CatBoost power flow analysis model is basically consis-
tent with the real distribution network loss, indicating that
the CatBoost power flow analysis model can achieve
accurate perception of distribution network loss.

4.3 Volt/Var optimization strategy for distribution
network based on data-driven power flow analysis

Taking the 24 h operation of the distribution network as an
example, when the PV power supply does not participate in
the volt/var optimization, the voltage distribution of the
distribution network is shown in Figure 17. It can be seen
that some nodes in the distribution network appear to cross
the upper and lower boundaries, which seriously affects the
safe and stable operation of the distribution network.

Under the proposed optimization strategy, the voltage
of each node in the distribution network is shown in
Figure 18. It can be seen that the voltage of each node in
the distribution network is between 0.95 and 1.05, so the
strategy proposed in this paper can make the voltage of
each node in the distribution network operate within a safe
range without knowing the line parameters of the distribu-
tion network.

In both cases, the distribution network loss is shown in
Figure 19. It can be seen that the optimization strategy pro-
posed in this paper can reduce the distribution network loss
and meet the voltage security constraints of the distribution
network without knowing the parameters of the distribu-
tion network.

In summary, the proposed data-driven PLF method of
the distribution network realizes the accurate perception
of voltage and network loss of the distribution network
and solves the problems of high calculation cost and slow
operation speed of traditional PLF method. In the aspect
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Fig. 14. Solar irradiance and ambient temperature.
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Table 1. Comparison of characteristics of different reactive power compensation equipment.

13

Equipment Feature

Capacitor Bank [28]
On-Load Voltage Regulating Transformer [28]

Slow adjustment speed.
Slow adjustment speed.

SVC [29] The adjustment speed is fast, but the investment cost is high.
SVG [29] The adjustment speed is fast, but the investment cost is high.

PV Inverter [30]

The adjustment speed is fast and the investment cost is low.

Table 2. The IEEE 33-bus system parameters.

Branch number Head node End node Resistance Impedance Active load Reactive load
1 1 2 0.0922 0.0470 100 60
2 2 3 0.4930 0.2511 90 40
3 3 4 0.3660 0.1864 120 80
4 4 5 0.3881 0.1941 60 30
5 5 6 0.8190 0.7070 60 20
6 6 7 0.1872 0.6188 200 100
7 7 8 0.7144 0.2351 200 100
8 8 9 1.0300 0.7400 60 20
9 9 10 1.0440 0.7400 60 20
10 10 11 0.1966 0.0650 45 30
11 11 12 0.3744 0.1238 60 35
12 12 13 1.4680 1.1550 60 35
13 13 14 0.5416 0.7129 120 80
14 14 15 0.5910 0.5260 60 20
15 15 16 0.7463 0.5450 60 20
16 16 17 1.2890 1.7210 60 20
17 17 18 0.7320 0.5740 90 40
18 2 19 0.1640 0.1565 90 40
19 19 20 1.5042 1.3554 90 40
20 20 21 0.4095 0.4784 90 40
21 21 22 0.7089 0.9373 90 40
22 3 23 0.4512 0.3083 90 50
23 23 24 0.8980 0.7091 420 200
24 24 25 0.8960 0.7011 420 200
25 6 26 0.2030 0.1034 60 25
26 26 27 0.2842 0.1447 60 25
27 27 28 1.0590 0.9337 60 20
28 28 29 0.8042 0.7006 120 70
29 29 30 0.5075 0.2585 200 600
30 30 31 0.9744 0.9630 150 70
31 31 32 0.3105 0.3619 210 100
32 32 33 0.3410 0.5032 60 40
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Fig. 17. The voltage of the distribution network before
optimization.

of optimal operation of the distribution network, a reactive
power and voltage optimization strategy of the distribution
network based on a data-driven PLF method is proposed,
which solves the problem that the traditional PLF does
not affect the efficiency of reactive power and voltage opti-
mization of distribution network.
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Fig. 18. The voltage of the distribution network after

optimization.
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Fig. 19. The distribution network loss.

However, the data-driven method relies heavily on data
quality, and the calculation results are inconsistent with the
physical mechanism, so it is difficult to be applied in prac-
tical engineering at present stage.

5 Conclusion

In order to solve the problem that the PLF of the distribu-
tion network depends on the line parameters of the distribu-
tion network, and the volt/var optimization effect of the
distribution network depends on the PLF effect of the dis-
tribution network, this paper proposes a volt/var optimiza-
tion strategy of the distribution network based on data-
driven power flow analysis.

1. The PLF of distribution network based on CatBoost
algorithm does not need the line parameters of distri-
bution network, and the PLF accuracy of distribution
network is high.

2. Large-scale DG access to the distribution network will
cause the voltage of some nodes in the distribution
network to cross the boundary, affecting the safe
and stable operation of the distribution network.

3. The volt/var optimization strategy of distribution
network based on data-driven PLF maintains the
voltage operation of distribution network within a
safe and stable range without the need for distribution
network parameters, and effectively reduces the net-
work loss of distribution network operation.
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