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In response to the demand for identification of distribution network topology with a high percentage of renewable energy
penetration, a distribution network topology analysis method based on decision trees and deep learning methods is proposed.
First, the decision tree model is constructed to analyze the importance of each node’s characteristics to the observability of the
distribution network topology. Next, we arrange the node feature importance from large to small and select the node mea-
surement data with high importance as the training sample set. )en, the principal component analysis (PCA)-deep belief
network (DBN) model is used to analyze the changes in the observability of the distribution network topology, and the nodes are
selected as the optimal location for the measurement device when the distribution network is completely observable. Finally, the
IEEE-33 bus system with a high proportion of renewable energy is used to verify that the method proposed has a good effect in the
identification of the distribution network topology.

1. Introduction

With the large-scale grid connection of renewable energy
and the wide application of power electronic devices, the
operation of the power system becomes more complex and
changeable. Meanwhile, as the uncertainty of the system
increases, security issues become increasingly prominent [1].
)e topology identification for distribution network is the
basis for other advanced application analysis such as state
estimation, power flow analysis, and demand response of the
distribution network. With the gradual increase in the
proportion of renewable energy in the power grid [2], the
application of technologies such as distributed power gen-
eration [3], controllable loads [4], electric vehicles [5], en-
ergy storage access [6], and demand response [7] has caused
the power flow of the distribution network to become bi-
directional, which increases the difficulty of topology
identifying for distribution network. With the large-scale
integration of renewable energy into the distribution net-
work, the uncertainty of grid operation has increased,
leading to more frequent topology reconstruction. For

example, in distribution network with a large-scale dis-
tributed photovoltaic power, the network topology may
change every 8 hours [8], which increases the difficulty of
obtaining real-time and accurate network topology infor-
mation. Furthermore, the integration of renewable energy
has significantly increased the complexity of the dynamic
behavior of the power system, which brings challenges to
accurate topology identification of the distribution network.

Topology identification methods of distribution network
mainly include matrix method, graph theory method and
data-driven method. )e core idea of the matrix method
[9, 10] is to use the node-branch incidence matrix or ad-
jacency matrix to represent the branch commissioning state
and switching state of the power grid, and then expand the
distribution network topology analysis and identification.
)e advantage of the matrix method is that the algorithm is
intuitive and the principle is simple. However, it has a large
amount of calculation and slow calculation speed, which
cannot meet the requirements of real-time monitoring of the
topology status. Hence, it is usually only suitable for small-
scale power grids. )e core idea of graph theory [11, 12] is to
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transform the power grid into a graph model. When the
information of the distribution network admittance matrix
is not fully known, this method cannot detect the topology
changes of the actual distribution network. )erefore, it is
difficult to use in an actual system. )e data-driven method
is based on historical measurement data or data collected by
smart meters and uses statistical methods to analyze the
mapping relationship between the measured data and the
topology. Lioa et al. [13] used the group lasso algorithm to
calculate the regression coefficients between nodes and then
judged the connectivity between nodes to achieve the effect
of topology identification. Ahmad et al. [14] stored various
network topologies in the model library and used recursive
Bayesian method to analyze the state estimation results of
each model and obtained the real-time topology. In Mestav
et al.’s study [15], the node injected power is used as the
input data to train the deep neural network and then to
evaluate the state of the distribution network. Oliveira et al.
[16] proposed a probabilistic graph model that can mine the
topology information of the distribution network with
distributed generation from a large amount of voltage data.
In Duan and Stewart’s study [17], switch action recognition
is defined as a multilabel classification problem. Researchers
use distributed energy data with dynamic characteristics,
such as time series data such as three-phase frequency and
voltage amplitude, to train the convolutional neural network
to recognize the system’s multiphase and multiswitch
actions.

As the available energy sources are connected to the dis-
tribution network, the uncertainty and randomness of the
system increase. )erefore, it is necessary to configure corre-
sponding power distribution automation equipment, such as
advanced metering infrastructure (AMI) and phasor mea-
surement unit (PMU). However, due to the high cost of dis-
tribution automation measurement devices, in the actual
distribution network, measurement devices are not installed at
all nodes. )erefore, the configuration principle of the mea-
surement device of the distribution network is to achieve the
power grid topology identification with the smallest number of
measurement devices. To optimize the distribution network
topology measurement device placement, Singh et al.[18]
adopted the theory of order optimization and the method of
accurate probability. )e model takes the minimum relative
error value of the system voltage and phase angle as the objective
function to calculate the optimal configuration scheme of the
measuring device. Zhao et al. [19] proposed a PMU placement
optimization method for distribution network state estimation.
)is method uses binary integer linear programming model to
optimize the configuration of measurement devices. Mabaning
et al. [20] aimed to minimize the number of measurement
devices installed and used greedy algorithm to solve the problem
of optimal configuration of measurement devices for distri-
bution network. Existing research has achieved certain results
for the identification of distribution network topology and the
optimization of distribution network topology measurement
points, but it does not consider the impact of the high pro-
portion of renewable energy penetration on the configuration
plan. Although Zhao et al.[21] considered the distribution
network topology identification of renewable energy, the

performance of the proposed method is significantly reduced
when the renewable energy penetration rate exceeds 40%.

A topology analysis method is proposed for distribution
network with high proportion of renewable energy based on
decision tree and deep learning. First, a method for selecting
measurement feature attributes of distribution network based
on a decision tree is proposed. It can screen the measurement
feature and analyze the decision tree. Compared with the data-
driven method based on all node measurement data, this
method can effectively quantify and analyze the importance of
nodes, resulting in the reduction of themeasurement points and
the measurement data. )en, a distribution network topology
analysis method based on the principal component analysis
(PCA) and deep belief network (DBN) coupling model is
proposed.)ePCA is used to select superior robust features and
remove redundant measured data. )e measured data of active
distribution network nodes have nonlinear and nonsequential
characteristics. Compared with neural networks such as re-
current neural network (RNN) and long short term memory
(LSTM), DBN used is a better one for processing the nonse-
quential sample data. In the DBN model, the measured data of
the distribution network nodes are used as input, and the
branch connection status is used as the output. DBN is used to
map the voltage amplitude of the distribution network nodes
and the connection status of the switches, so as to realize the
identification of the distribution network topology.

)e main contribution of this paper can be summarized
as follows:

(1) )is paper studies the distribution network topology
analysis method with a high proportion of renewable
energy access and analyzes the performance of the
proposed method under different renewable energy
penetration rates. )e results show that when the
renewable energy penetration rate reaches 50%, the
topology identification has good accuracy.

(2) Propose a method for selecting characteristic attri-
butes of distribution network measurement based on
decision tree. By calculating the importance of node
features and quantifying the importance of each
node feature to topology analysis, the number of
measurement devices in the distribution network
can be effectively reduced while ensuring that the
topology can be identified.

)e following paper can be organized as follows: the
basic topology theory is presented in Section 2; the details of
the data-driven topology identification method are pre-
sented in Section 3; Section 4 shows the process of the al-
gorithm implementation. Several cases are carried out in
Section 5, and Section 6 concludes this paper.

2. Topology Theory for Distribution
Network with Renewable Energy Connection

2.1. Topology Model and Its Representation Method. )e
structure of the distribution network is generally radial or
ring shaped. Similar to the general distribution network, the
structure of the distribution network with a high proportion
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of renewable energy access is also a closed-loop design and
open-loop operation. In addition, the distribution network
has many equipment components and poor objectivity,
which makes it inconvenient and inconvenient to directly
perform topological analysis, state estimation, and other
tasks. To perform topological analysis quickly and efficiently,
it is necessary to simplify the topological structure of the
distribution network with a high proportion of renewable
energy access. Generally, the physical topology of the dis-
tribution network is simplified to a topological graph model
composed of points and lines. Specifically, substations,
distribution transformers, renewable energy power gener-
ation equipment, and loads are abstracted as nodes, while
branch feeders, disconnect switches, and tie switches are
abstracted as lines.)e topological graph model is defined as
G� {V,Ψ}, where V� {1, 2, . . ., n} represents the set of nodes
and Ψ� {xij, i, j ∈V} represents the set of edges between
nodes.

)e topological graph model of distribution network
needs to be expressed mathematically to facilitate calcu-
lation and analysis. )e connection relationship of the
topological graph can be expressed algebraically through a
matrix. For a distribution network diagram model G � {V,
Ψ} with a relatively fixed structure, the order of its adja-
cency matrix Aadj is constant, and the properties of its
matrix elements are as follows:

aij �
1, xij ∈ ε,

0, others.
 (1)

Equation (1) represents that when the nodes and are
connected, the value of the corresponding element is 1,
otherwise it is 0. )e adjacency matrix has the following
properties:

(1) )e state variable, whose matrix element value is 0/1,
represents the state of the segment switch and the
contact switch

(2) For undirected graphs, the matrix is a symmetric
square matrix symmetrical about the main diagonal

(3) )e diagonal elements of the matrix are all 0

2.2. Topology Identification Problem Description and Its
Solution. )e core of the distribution network topology
identification problem is to accurately and in real-time judge
the operational status of the bus and distribution trans-
formers in the distribution network, as well as the con-
nection status of the section switch and the tie switch. From
the perspective of matrix algebra, it is to determine the value
of each position element in the matrix. As shown in Figure 1,
the topological structure of the two different operation
modes of the same structure of the distribution network is
also different. )eir adjacency matrix is expressed as Aadj1
and Aadj2, respectively. Topology identification is to accu-
rately obtain whether each element of the adjacencymatrix is
0 or 1 in the current operation. When each element of the
adjacency matrix is determined, it can be mapped to obtain
the real-time operating topology of the distribution network.

However, due to the lack of real-time remote signaling or
inaccurate remote signaling information in the distribution
network, the mis-operation and maintenance of some
switches will cause the distribution network topology change
information to not be updated in time, thereby affecting the
real-time topology identification results. )e access of re-
newable generation has exacerbated this problem. )e vol-
atility and uncertainty of the energy output of renewable
energy make the operation mode of the active distribution
network flexible and changeable, leading to more frequent
topology changes. However, the budget for building real-time
measurement devices in the distribution network is limited,
and the measurement devices are often not enough to cover
the entire distribution network.)is increases the difficulty of
real-time topology identification of the distribution network.

)erefore, the machine learning method is chosen to
replace the traditional topology identification model. By
mining the relationship between the distribution network
operation data and the distribution network topology, an
accurate and efficient online identification method of the
distribution network topology is proposed. Based on the
aforementioned analysis, the problem of distribution net-
work topology identification can be attributed to the
problem of using the machine learning model to map the
measurement data of the distribution network and the
connection status of the tie switch and the section switch
under different operationmodes of the distribution network.

2.3. Optimal Deployment of Measurement Devices. )e ob-
servability of the distribution network refers to the estimation
and determination of the distribution network topology and
operating status through sufficientmeasurement data. From the
perspective of the distribution network algebraic model, if the
adjacency matrix and the Jacobian matrix of the distribution
network can be uniquely determined, and both the adjacency
matrix and the Jacobian matrix are full rank matrices, the
distribution network is completely observable. From the per-
spective of the distribution network graph model, for a dis-
tribution networkG� {V,Ψ}, whereV is the set of all nodes and
Ψ is the set of edges between nodes, the distribution network
graph model obtained by measuring the network is

G
⌢

� V
⌢

,ψ⌢ . If the two sets of node information in the mea-

sured graphmodel belong to the real model, namelyV
⌢
∈ V and

ψ⌢ ∈ ψ, the graph model of the measured network can cover the
graph model of the actual network. )us, the distribution
network system can be treated as observable.

Based on the observability requirements of the distri-
bution network topology [20], the configuration principle of
the distribution network measurement device is shown in
Figure 2.

According to the configuration principle of the distri-
bution network measuring device, to solve the problem of
the optimal location of the measuring device and the
minimum number of configurations is to solve the problem
of the observability of the distribution network. )e ob-
jective function of the mathematical model to solve this
problem is as follows:
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f(x) � min 
n

k�1
xk, (2)

where xk represents the configuration attribute of the node.
If the node is equipped with a measuring device, then xk � 1,
otherwise xk � 0. )e specific formula is as follows:

xk �
1, equip,

0, not equip,
 (3)

AadjX≥ I, (4)

where X� [ x1, x2,. . ., xn]T is the attribute matrix of the
distribution network node, which is an n-dimensional
column vector, indicating whether the node is equipped with
a measuring device. )e matrix Aadj is the adjacency matrix
of the distribution network, and its value is shown in
equation (1).)ematrix I is an n-dimensional column vector
with all 1 elements.

3. Topology Identification Method Based on
Machine Learning

3.1. Feature Attribute Selection. Decision tree algorithm is a
commonly used supervised machine learning algorithm
used to solve regression problems and classification prob-
lems. Decision tree learning algorithm includes two parts:
feature selection and decision tree generation.)e important
features of the sample set classification can be obtained
through feature selection. Indexes such as information gain,
information gain ratio and Gini coefficient are usually used
for feature selection. X and Y are respectively input and
output variable in the training set T� {(x1, y1), (x2, y2),. . .,

(xn, yn)}. Suppose the training set samples have K categories,
the number of samples in the Kth category is CK. To build a
decision tree, the sample set needs to be divided first. Usually
select the jth feature xj of the node training set Tand its value
s as the segmentation variable and partition node of the
sample, and divide the sample set into two subdata sets Ts1
and Ts2. )e division principle is as follows:

Ts1(j, s) � x | xj ≤ s ,

Ts2(j, s) � x | xj > s .

⎧⎪⎨

⎪⎩
(5)

For the sample set T, the information gain of the sample
feature A is g(T, A), shown as follows:

g(T, A) � H(T) − H(T | A), (6)

H(T) � − 
K

k�1

CK




|T|
log2

CK




|T|
, (7)

H(T | A) � 
n

i�1

Ti




|T|
H Ti( , (8)

where H(T) is the information entropy of the data set, H(Ti)
is the information entropy of the data set Ti, H(T | A) is the
information entropy of the data set T to the featureA, n is the
number of values of the feature A, and Ti is the ith sample set
of the feature A in the data set T.

For the sample set T, the information gain ratio of the
sample feature A is g(T, A), shown as

gR(T, A) �
g(T, A)

H(T)
. (9)

)e Gini coefficient expression of the sample T is

Aadj1 =

0 1 1 1 0 0

1 0 0 0 0 0

1 0 0 0 1 0
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Figure 1: Topological structure of distribution network under different operation modes.
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Figure 2: )e schematic diagram of optimal deployment for measuring device.
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Gini(T) � 1 − 
K

k�1

Ck

T
 

2
. (10)

Selecting features with the goal of minimizing the Gini
coefficient. )e size of the Gini coefficient represents the
impurity of the model. )e smaller the Gini coefficient, the
better the features selected by the model. )e decision tree
model starts from the root node, through training the data
set obtained by minimizing the Gini coefficient, recursively
build a binary decision tree.)e establishment process of the
decision tree model is as follows:

(1) Initialize training sample T and Gini coefficient
threshold gini.

(2) Calculate the feature value and loss function parti-
tion nodes for sample nodes. )e loss function is the
mean square error of the two subdata sets Ts1 and Ts2
after the division. Select the feature segmentation
variable xj and the partition node s corresponding to
the minimum loss function. )e calculation formula
is as follows:

min minc1 
xi∈Ts1(j,s)

yi − c1( 
2

+ minc2 
xi∈Ts2(j,s)

yi − c2( 
2⎡⎢⎢⎢⎣ ⎤⎥⎥⎥⎦,

(11)

where c1 and c2 represents the average output value
for subdata sets Ts1 and Ts2, repressively.

cl �
1
n


xi∈Ts2(j,s)

yi, l � 1, 2. (12)

)rough Step (2), the input training data can be
divided into two subset Ts1 and Ts2.

(3) Calculate the Gini coefficients of two divided nodes.
If the Gini coefficients are smaller than the threshold
gini, stop node recursive partition; otherwise, return
to Step (2).

(4) Finally, the input sample set is divided into K sub-
spaces, each subspace contains part of the sample
data and the average value of the subspace output
value cK.)e mathematic model of decision tree can
be written as

f(x) � 
K

k�1
CkI x ∈ TsK( , (13)

where I(x ∈TsK) represents model indicator function.
According to the proposed decision tree model, the

sample feature importance index is calculated. First, for a
sample set that contains multiple features, the decision tree
can calculate the division standard value for each feature in
the sample. )en, the division standard value is used as an
index for calculating the importance of each feature. )e
feature importance can be used to determine the contri-
bution of each feature in the sample to the target variable.

)e feature importance calculation method is shown as
follows:

IF �
Nt

N
× H −

NtR

Nt

× Hright −
NtL

Nt

× Hleft , (14)

where N and Nt represent the total number of samples and
the number of samples of the current node respectively and
NtR and NtL represent the number of samples of the left
subtree of the current node and the left subtree of the current
node, respectively. H represents the impurity of the current
node, and the impurity is the sum of squared errors of the
node samples. )e calculation of impurity is shown as
follows:

HTs � 
xi∈Ts(j,s)

yi − c1( 
2
. (15)

Hright andHleft represent the impurity of the right subtree
of the current node and the left subtree of the current node
respectively. According to equation (15), it can be seen that
the lower the impurity of the node, the higher the feature
importance of the node.

3.2. Topological Observability AnalysisMethod Based onDeep
Learning Model. For large-scale distribution network
systems, the samples are characterized by large numbers
and high dimensions. )erefore, directly using them for
training will significantly increase the complexity and
time of training. In addition, data noise will also bring
bias to the trained model. In fact, the neural network only
needs some key characteristics of the sample data to get
good results. )e proposed PCA-DBN coupling model
uses principal component analysis to select superior
robust features without sacrificing the accuracy of the
algorithm and to remove redundant information about
the voltage amplitude. )en, the selected robust features
are supplied to the deep belief network for training and
learning, which improves the learning efficiency of DBN,
reduces the influence of noise on the training model, and
enhances the robustness and compatibility of the model.

)e bottom layer of the BN model uses a multilayer
restricted Boltzmann machine (RBM) structure. )e
greedy algorithm is used to train and learn the sample
data layer by layer. )e parameters obtained by training
the first layer of RBM are used as the input of the second
layer of RBM, and the parameters of each layer are ob-
tained by analogy. )is process belongs to unsupervised
learning. )e top layer of the model uses back propa-
gation (BP) neural network to fit and optimize the pre-
diction results. )e abstract features learned from the
bottom model are used as the input of the top-level BP
neural network. )e prediction result is output through
the fitting of BP neural network. At the same time, the BP
algorithm needs to be used to finetune and optimize the
obtained model parameters. )is process is supervised
learning. )e joint probability of the visible layer and the
hidden layer in RBM can be expressed as
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E(v, h | θ) � − 
ij

wijvihj − 
i

aivi − 
j

bjhi, (16)

where vi is the state of the visible layer node, hj is the state of
the hidden layer node; and ai and bi respectively represent
the bias values corresponding to the visible layer node and
the hidden layer node. wij represents the connection weight
between the visible layer and the hidden layer. According to
the aforementioned formula, the joint probability density of
the visible layer and the hidden layer can be obtained as

P(v, h | θ) �
1

Z(θ)
exp(−E(v, h | θ)). (17)

In the process of unsupervised learning, the purpose of
training RBM is to obtain model parameters θ, which can be
obtained through the loglikelihood function:

L(θ) � 
N

n�1
ln P v

n
, h( , (18)

θ∗ � argmaxL(θ) � argmax 

p

n�1
log P v

n
| θ( .

(19)

According to a first-order Markov process, the following
equations can be expressed as

P(Θ) � P θ1, θ2, . . . , θn(  � P θ1( P θ1 | θ2(  · · · P θn | θn−1( , (20)

P(V |Θ) � P v1, v2, . . . , vn(  | θ1, θ2, . . . , θn( (  � P v1 | θ1( P v2 | θ2(  · · · P vn | θn( , (21)

where p is the number of the main components.

4. Algorithm Implementation

A distribution network topology analysis method driven by
decision trees and deep learning models is proposed. )e
model and its application framework are shown in Figure 3.

)e specific steps of the proposed topology identification
method:

(1) Clarify the sample data Tand sample Gini coefficient
threshold gini of the distribution network operation
status and initialize the model parameters of the
decision tree model and the PCA-DBN coupling
model.

(2) Build a decision tree model based on equations (10)
to (13) to select the measurement characteristics of
the distribution network.

(3) Based on the results of the supervised learning of the
decision tree model, the importance of each feature
of the sample set can be calculated by equations (14)
and (15), and the sum of the importance of each
feature of the node is regarded as the importance of
the node.

(4) Arrange the importance of nodes in descending
order, and select the measurement data of the top n
nodes of node importance to form a training sample
set.

(5) Input the training sample set into the PCA-DBN
coupling topology identification model to analyze
the observability of the distribution network topol-
ogy. If the distribution network topology is com-
pletely observable, the first n nodes selected are the
best measuring device placement locations; other-
wise, return to Step (4) and select the measurement
data of the first n+ 1 nodes with the largest node
importance to form the training sample set.

(6) Obtain the optimal location of the distribution
network measuring device, and assist the distribu-
tion network to identify the real-time topology.

5. Results and Discussion

Based on the modified IEEE-33 bus system, as shown in
Figure 4, several case studies are tested to prove the effec-
tiveness of the proposed method. )ere are 12 normally
open switch and 5 normally closed switch used for topology
reconfiguration. )e total load is 3.715MW and the types of
loads are set as ZIP models.)e proportions for the constant
power load, constant impedance load, and constant current
load are 50%, 30%, and 20%, respectively.)ree photovoltaic
power plants with rated capacity of 0.5MW are placed at
nodes 17, 21, and 32.

)e feasible topology is generated by Monte Carlo
method, and the structure constraints of distribution net-
work are considered [22].)e load fluctuations, ranged from
0.8 to 1.2, are generated by Latin hypercube sampling. )e
node voltage measurement under different combinations of
topologies and load are obtained by power flow calculation.
)erefore, the initial sample contains the node voltage
amplitudes and phase angles from all nodes and the statuses
of switches. About 80% of samples are used for training, 10%
of samples are used for validation, and the rest are used for
test.

5.1. Analysis of Topology Identification Results. According to
the proposed decision tree optimization model, the im-
portance of the distribution network node feature is ana-
lyzed, as shown in Figure 5. )e abscissa is the node
importance. It can be learned that the feature importance of
different nodes is quite different. For example, the voltage
amplitude and phase angle importance of the 0th node are
both 0. )is is because node 0 is a balanced node, and its
voltage amplitude and phase angle are unchanged; in
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addition, the voltage amplitude feature and voltage phase
angle feature of each node are not the same in importance.
For example, the voltage amplitude feature importance of
node 7 is less than the phase angle importance, while node 18
is the opposite.

)e proposed method is used to calculate the accuracy
results of the observability of the distribution network to-
pology with different number of measuring devices. )e
measurement data corresponding to the number of points of
the measuring device are selected as the training sample set.
Taking the produced training sample set as input, expand the
training of the PCA-DBN coupling topology identification
model, and calculate its topology identification accuracy. It
should be noted that the training paraments and structure
paraments of DBN are set bymanual tuning, and the optimal
training paraments are shown in Table 1. To further verify
the calculation effect of the proposed method, the accuracy
of topology identification is compared with other machine
learning methods, such as random forest (RF), multioutput
regression (MOR), and DBN. )e comparison results of the
accuracy of the topology identification of the four methods
are shown in Figure 6.

Considering the number of measurement devices in the
distribution network and the observability of the distribu-
tion network topology, the top 11 nodes with the highest
node importance are selected as the best measurement
device locations in the IEEE-33 bus system. )e selected
node set is {7, 21, 18, 17, 24, 4, 3, 6, 9, 11, 32}.

5.2. Analysis of Topology Identification Accuracy versus Re-
newable Energy Penetration Rates. )e performance of the
algorithm under different photovoltaic penetration rates is
analyzed.)e total capacity of the photovoltaic power plants

is generated by 10%∼50% of the total load in IEEE-33 bus
system and allocated to nodes 17, 21, and 32 evenly.

Figure 7 shows the topology identification accuracy of
four methods versus renewable energy penetration rates. To
simulate the practical engineering environment [23], the
voltage measurement error of 1% is added. It can be con-
cluded that as the penetration rate of DERs increases, the
proposed method has better performance than other ma-
chine learning algorithms. Moreover, when the penetration
of renewable energy reaches 50%, the accuracy of topology
identification is still as high as 98%. )e performance of the
DBN algorithm is slightly worse than that of the PCA-DBN
algorithm. However, it has obvious advantages compared to
MOR and RF. )erefore, it is proved that DBN is more
suitable for solving this kind of nonlinear and nonsequential
problems.

5.3. Robust Analysis of Topology Identification Accuracy.
)e noise in measurements will adversely affect the accuracy
of distribution network topology identification [24]. In
addition, the differences of ZIP model proportions also have
varying degrees of impact on topology identification accu-
racy, as the proportions of the ZIP model will affect the
voltage distribution. )erefore, it is necessary to explore the
robustness of the proposed topology identification.
According to the meter standard [23], the error of mea-
surements is 0.1%∼10%. )e performance of different to-
pology identification algorithms under different errors is
shown in Table 2.

It can be observed that the proposed PCA-DBN
maintains a high accuracy with the error range is 0.1%∼5%.
)e accuracy drops about 4% when the error increases from
0.1% to 10%. )erefore, the proposed algorithm is robust to
measurement error.
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Figure 4: Modified IEEE-33 bus system.
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)e impact of ZIP model proportions is shown in Ta-
ble 3, and the measurement error of 1% is added. It can be
observed that the drops of topology identification accuracy

of proposed algorithm are limited to within 1%. )erefore,
the proposed algorithm is robust to the different proportions
of ZIP model.

Table 1: )e training paraments and structure paraments of DBN.

Paraments Value Paraments Value
Pretraining iteration 100 Reverse fine-tuning learning rate 0.01
RBM learning rate 0.0005 Reverse fine-tuning epoch 1500
Activation function Sigmoid Structure of hidden layer 300-100-50
Training batch-size 64 Samples of pretraining per batch 150
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6. Conclusion

To solve the problem of distribution network topology
analysis under a high renewable energy penetration rate, a
distribution network topology analysis method based on
decision trees and deep learning is proposed.)e PCA-DBN
model is used to analyze the observable changes of the
distribution network topology under different number of
measuring devices. With the goal of complete observability
of the distribution network, the optimization of the location
of the measurement device is carried out. And several cases
are carried out on the IEEE-33 bus system to test the per-
formance of the proposed topology identification algorithm.
)ese results can be summarized as follows:

(1) In the IEEE-33 bus system, using the method pro-
posed, only the measurement data of 11 important
nodes can realize the complete observability of the
distribution network topology.

(2) )e results show that the proposed analysis algo-
rithm shows good accuracy at 10% to 50% renewable
energy penetration rate. In particular, when the
penetration of renewable energy reaches 50%, the
topology identification accuracy rate of 98% can still
be achieved.

In summary, the proposed method has good adaptability
for the distribution network topology identification with
high renewable energy penetration rates, which have
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DER Penetration Rate (%)

50

60

70

80

90

40 30

20

10

50

PCA-DBN
DBN

MOR
RF

Figure 7: )e topology identification accuracy versus different renewable energy penetration rates.

Table 2: Topology identification accuracy versus different noise.

Algorithm Measurement error
0.1% 0.5% 1% 5% 10%

PCA-DBN 98.77 98.54 98.41 96.68 94.72
DBN 77.94 77.62 77.23 76.12 74.31
MOR 53.96 53.77 53.37 50.17 46.24
RF 50.62 50.51 50.02 46.34 41.57

Table 3: Topology identification accuracy versus different ZIP model proportions.

Algorithm ZIP model proportions
1 : 0 : 0 0 :1 : 0 0 : 0 :1 0.5 : 0.3 : 0.2 0.6 : 0.2 : 0.2

PCA-DBN 97.82 98.22 98.29 98.41 98.34
DBN 76.07 76.83 76.54 77.23 77.09
MOR 52.14 53.07 52.64 53.37 53.34
RF 42.31 40.86 40.77 50.02 48.62
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significant meaning for the investment and operation of
distribution network. In the future, we will further the
impact of the renewable energy’s locations on the measuring
devices’ configuration.

Data Availability

)e data used to support the findings of this study have not
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from different programming languages. )e program can be
reproduced through the process and ideas provided in this
paper.
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