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Abstract—Given the considerable scale of distribution
networks in urban and rural areas, as well as the lack of man-
agement records, adjustments of switches during the distribution
system operation are poorly documented. Such deficiency results
in the inaccuracy of models stored in the distribution network
automation system, and thus misleads the state estimation. With
the emergence of information and communication technology,
a large number of the feeder and residential smart meter data are
accumulated. Such data can help recognize the operation modes
of distribution networks by analyzing the relationships between
the on/off states of switches and the voltage correlations among
buses. However, the limited quantity and quality of the sampling
data restrict the implementation of data-driven recognition. In
this paper, a physical-probabilistic-network (PPN) model applied
for inferring overall operation mode of distribution networks is
proposed. Based on which, a belief propagation-based algorithm
is proposed for the inference even under situations when there are
only partial bus voltages data available. Meanwhile, the required
variable for inference can be reduced from the active trail analy-
sis. Experiment results are used to compare its performance with
classic methods and to prove its effectiveness and advantages.

Index Terms—Distribution network, topology recognition,
probabilistic graphical model, belief propagation algorithm.

I. INTRODUCTION

W ITH the wide deployment of distribution network
automation equipment, real-time control of the distri-

bution network becomes possible [1]–[2]. Accurate modeling
of distribution feeders ensures the reliability and effective-
ness of the distribution system management, evaluation, and
planning. These models are usually maintained by the automa-
tion or dispatch departments inside the power grid companies.
Unlike transmission systems, distribution systems adjust its
operation modes and topologies frequently. By changes the
on/off states of contact and segmentation switches during
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activities like the outage, equipment examination/repair, and
load transfers. To coordinate the power distribution between
distributed generators and loads, the network topology may
change every 8 hours. On the other hand, accurate model
of the distribution system is also meaningful to the system
breakdown handling and recovery considering the possible
cascading failure of the grid [3]. Unfortunately, these topol-
ogy adjustment operations are poorly documented by the
automation systems considering the large scale of distribution
networks and the required large number of personals. Such
a situation impedes the usage of the network models to assist
state estimation and decision making.

Thanks to the widely implemented advanced metering
infrastructure (AMI) in modern distribution networks [4]–[5],
a vast amount of smart meter data is collected from
the metering points at the buses, distribution transform-
ers, and end-users. These data provide the possibility of
further data-driven analysis. For instance, clustering and
determining the natural segmentation of customers’ tem-
poral power consumption patterns [6], and studying user
power consumption characteristics to detect electricity theft
behaviors [7].

Similar to these applications, the distribution network con-
nection recognition and verification can also be benefited from
the data-driven approaches. These approaches can be classified
into two categories: state and parameter estimation-based and
probability statistics-based. With the former technical route,
the states of switches are regarded as variables in the system,
which can be learned from system parameters with corre-
sponding algorithms. In [8], the switch states are treated as
continuous state variables. The linear regression method is
used to get accurate states with redundant data from histor-
ical voltage and power measurement profiles [9]. In [10], the
linear regression method is used to find out the relationships
between line parameters and the system topology with iterative
computing. The later technical route normally applies a graph-
based model to describe the structure of the system and solve
the system connections problems from probabilistic perspec-
tives. In [11], the topology identification is modeled as the
probabilistic power flow problem and solved by the sparse
recovery algorithm. While in [12], it is described as the min-
imum probability distance problem and mutual information is
used to solve. The communication phenomena are considered
in topology identification in [13].
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Taken together, the probability statistics-based approaches
have several advantages. First, they take the uncertainty of
analysis results into consideration, thus help engineers better
understand the possibilities of different outcomes [14]–[16].
Second, they have better convergence performance. For exam-
ple, the Bayes-based probabilistic inference algorithms output
results steadily regardless of the condition [17]. By contrast,
the convergence conditions of the state estimation algorithms
are stricter [18].

However, the implementation of probabilistic-based
approaches in distribution system topology recognition still
face two main challenges:

(1) Although the cost of smart meters has reduced dramat-
ically, considering the huge amount of existing distribution
equipment and the huge area of distribution system, the
installation of measurement and communication devices is
still an investment burden. Meanwhile, using overall meter-
ing data for topology recognition is very time consuming
and computational expensive. Thus, to determine the mini-
mum required nodes for collecting data are very important to
develop a cost-effective recognition approach.

(2) In practice, there may be some missing voltage date
due to equipment or communication failure. Therefore, it is
crucial to ensure the adaptability of the proposed algorithm
while missing data exist, which is also the main challenge
this paper have solved. Moreover, we also tried to improve
the switch state estimation accuracy via including data from
more metering points which are not directly connected.

The probabilistic graphical models (PGM), which com-
bine probabilistic and graph theories, have been proven to
be a powerful tool in graph and causation related scenarios.
For instance, energy performance prediction [19], relationship
discovery [18] and transportation safety analysis [20]. In [21]
and [22], the authors proposed physical power distribution
system circuits based PGM models to estimate states and
identify topologies. These models are defined as Physical-
Probabilistic-Networks (PPN) in this paper, which effective
analyze distribution systems under probabilistic theories.

In this paper, we propose a novel PPN-based model to
infer the states of switches in distribution networks accord-
ing to related voltage data. The physical distribution systems
are modeled as corresponding graphical models representing
the relevance between substation/feeder bus voltages and the
on/off states of switches. Based on which, a belief propagation
algorithm is further designed to infer the operation modes of
the whole distribution systems even with partial smart meter-
ing data. Compared with existing approaches, the proposed
method does not require distribution line parameters and the
complete voltage metering dataset. At the same time, the prop-
agation algorithm help reduces the scale of the inference from
exponential to linear and improve the inference results even
with inaccurate metering data.

Remaining of the paper is organized as follows: Section II
introduces the concept of the PPN based distribution network
model. Section III discusses the usage of the belief propaga-
tion (BP) algorithm to infer the switch states in the distribution
networks based on the proposed model. A detailed example is
illustrated as well. Section IV gives the criteria to select the

Fig. 1. Distribution feeder models (a) Physical model (b) Abstract model
for switch states recognition.

required variables to be observed and the overall procedure to
construct the PPN model. Section V evaluates the performance
of the proposed method and Section VI concludes the paper.

II. PHYSICAL-PROBABILISTIC-NETWORK MODEL

OF DISTRIBUTION NETWORKS

A. Simplified Distribution Network Model

Typical distribution networks consist of substations, buses,
branches, lines, transformers, switches, relays, and automation
equipment. The on/off states of switches could change due
to the scheduled/unscheduled adjustments of the distribution
system operation mode, which results in the changes of the
distribution system topology.

Since system power flow distribution is not of concern while
dealing with the switch states recognition problem, the orig-
inal physical model of the distribution network, as shown in
Fig. 1 (a), can be converted to an abstract model, as shown in
Fig. 1 (b). The abstract model only contains the solid dots that
represent the voltage variables and the circles that represent
the switch states. In Fig. 1 (b), P1, P2, and P3 denote the three
substation buses connected to the same feeder, within which
P1 is the initial primary bus and P2, P3 are the backups. B1,
B2, and B3 represent three coupling nodes between branches
and the primary feeder. The voltages on the above 6 nodes
can be sampled and used to calculate the voltage correlation
coefficients. S1, S2, and S3 denote the three contact switches,
the on/off states of whom are to be inferred by the proposed
algorithm.
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TABLE I
THE SWITCH STATES AND CORRELATION COEFFICIENTS RELATIONS

Voltage correlation coefficients between the substation bus
and feeder bus voltages are measured by the Pearson correla-
tion coefficient:

CVpVb = cov
(
Vp, Vb

)

σ
(
Vp

)
σ(Vb)

(1)

where Vp and Vb denote the voltages of substation bus and
feeder bus respectively. cov(Vp, Vb) calculates the covariance
between Vp and Vb, σ (Vp) and σ (Vb) stand for standard
deviations of Vp and Vb.

According to the topology shown in Fig. 1(b), it can be
found that the value of each CVpVb is directly determined by
the state of the corresponding switch. For instance, when S1
is closed while S2 and S3 keep open, CP1B1 should be rela-
tively higher than that when S1 is open while S2 or S3 keep
closed, where CP1B1 denotes the voltage correlation coefficient
between VP1 and VB1. In other words, if the switch state and
the voltage correlation coefficients between buses are treated
as random variables, there exist certain casual relationships
between them [23]. Table I summarizes such casual relations
taking Fig. 1(b) as an example.

In Table I, each element presents the switches that locate
between Pi and Bj and thus affect the voltage correlation
coefficient CPiBj. For example, the top left element indicates:

CP1B1 ∝ S1 (2)

The adjustment of the states of switches S1, S2 and S3 leads
to the change of the following correlation coefficient matrix:

Cf =
⎡

⎣
CP1B1 CP1B2 CP1B3
CP2B1 CP2B2 CP2B3
CP3B1 CP3B2 CP3B3

⎤

⎦ (3)

In (3), each element indicates the voltage correlation coeffi-
cient between substation bus voltage VPj, j = 1, 2, . . . , M and
feeder bus voltage VBi, i = 1, 2, . . . , N, where M and N are
the total numbers of substation and feeder buses. Thus, Cf is
a M ∗ N matrix.

B. Physical-Probabilistic-Network Model of the
Distribution Network

The relations between CPiBj in Cf and the switch states Sk
can be represented using joint probabilistic distribution (JPD):

P(CS, SS) = P
(
CBiPj, Sk, i = 1, . . . , N, j = 1, . . . , M,

k = 1, . . . , L) (4)

where CS is the space of correlation coefficients, SS is the
space of switch states and L is the total number of switches.

Fig. 2. Bayes network model of the demonstration distribution feeder.

With the JPD of CS and SS, the switch states can be inferred
given the observed correlation coefficients by adopting chain
rule and calculating marginal probabilities:

P(SS) =
L∏

k=1

P(Si|Par(Si)) (5)

P(SN) =
∑

S1

· · ·
∑

SN−1

P(SS) (6)

where Par(Si) is the random variables that related to the state
of Si.

For simple distribution system topology, the probabilities
of switch states can be easily inferred by calculating the
marginalization summation using variable elimination (VE)
algorithm. However, the time complexity of VE grows expo-
nentially with the number of unknown variables in the
model [24]. The probabilistic graphical model can be used
to improve the efficiency of the inference. Random variables
shown in Table I can be converted to a PPN model based on
Bayes network, as shown in Fig. 2.

In Fig. 2, the circular vertices indicate switch state variables
and the elliptical ones indicate voltage correlation coefficient
variables. Edges illustrate the casual relationships between
switch states and correlation coefficients. Given such a PPN
model, the JPD can be simplified based on the local Markov
independence assumptions.

Local Markov independence assumptions: Each Bayes
network G is associated with the following conditional inde-
pendence assumptions:

X⊥NonDescendentsX|Par(X) (7)

Therefore, with the help of PPN model and local Markov
independence assumptions, the size of JPD for the inference
of switch states in topology recognition largely reduce.

III. INFERENCE OF SWITCH STATES WITH BELIEF

PROPAGATION ALGORITHM

A. Belief Propagation Algorithm

Belief propagation (BP) algorithm is used to calculate the
marginal probabilities with cluster graphical (CG) model [22].
It is proved to be much more efficient than the VE algorithm
as the whole computation is proportional to the number of
edges in the graph, unlike the VE algorithm whose processing
time increases exponentially with the number of edges.
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CG model is an indirect graph data structure G = (V, E),
where V = {v1, v2, . . . , vn}, each member of V is a cluster of
variables, E = {ei,j, i, j = 1, 2, . . . , n, i �= j}, ei,j is the edge
related to the subset of variables vi ∩ vj. The Bayes network
needs to be converted to a CG to implement the BP algorithm.

With regard to the BP algorithm, the phrase “belief” indi-
cates the inferred probability of a variable. The belief of a CG
vertex i is proportional to the product of the local evidence at
the vertex φi(vi) and all the messages coming to that vertex.
The standard formation of the belief is:

bi(vi) = kφi(vi)
∏

j∈Ni

mji(vi) (8)

where k is the normalization coefficient ensures that all beliefs
sum up to 1 and Ni denotes all neighboring vertices of vi.

The message mji represents what vertex vj believes the dis-
tribution in vi should be, which is iteratively determined by
the message update rule:

mji(vi)←
∑

vi−eji

φj
(
vj

) ∏

k∈Nj\i
mkj (9)

where Nj\i denotes the variables in Nj excludes i.
From (9) it can be seen that a message is a real-valued func-

tion along with the edges between nodes. The message from
one node to another is the product of the messages from all
other neighboring nodes. While the message from the node
without any neighbor is a marginal probability of the variable
it represents. Messages are updated and sent from one vertex
to its neighbors after the vertex received messages from all its
neighbors. The messages are bidirectional, which means the
messages from vj to vi, mji, and from vi to vj, mij, are different,
depending on the adjacency of vi and vj. After all messages
have been passed, one round of iteration is completed and the
marginal distribution of every variable can be obtained apply-
ing (8). When the distribution converges, the BP algorithm
ends.

B. Usage of Historical Data to Obtain Prior and
Conditional Probability Distribution

The prior probability distribution (PPD) of variables and
conditional probability distribution (CPD) of clusters are
needed for inference when applying the BP algorithm. These
parameters can be obtained from the historical distribution
system dataset.

The PPD of variable x can be computed as

Priors = M[x0]

M(x)
(10)

where M[x0] is the count of occurrences when variable x = 0,
while M[x] is the size of the dataset contains x.

The CPD can be calculated from historical dataset D using
maximum likelihood estimation (MLE) parameter estimation
for the graphical model. Different data tuples <x[m], y[m]>
can be obtained from D, where x[m] and y[m] denote causally
related variables, e.g., S1 and CB1P1 in our example. The like-
lihood function used to estimate the CPD parameter θ based

Fig. 3. The process of switch state recognition.

on D is listed below:

L(θ : D) =
M∏

m=1

P(x[m], y[m] : θ) (11)

Equation (11) can also be expanded to be the product of
several terms as:

∏

m:x[m]=x0

P
(
y[m]|x[m] : θy1|x0

)
(12)

where θy1|y0 is the CPD that maximizes (12).
If we denote the count of data tuples that satisfies x[m] = x0

and y[m] = y1 as M[x0, y1], then θy1|x0 can be maximized using
MLE:

θy1|x0 = M
[
x0, y1

]

M
[
x0, y1

]+M
[
x0, y0

] = M
[
x0, y1

]

M
[
x0

] (13)

Equation (13) indicates that we can obtain the CPD through
querying historical records with certain statements.

C. Switch State Recognition Based on the PPN Model and
BP Algorithm

The switch state recognition approach proposed in this paper
aims at using partial voltage metering data to infer the prob-
abilities of all switches’ on/off states. The procedure of the
inference adopting BP algorithm is given in Fig. 3. Four
steps make up the PPN model-based switch state recognition
process:

(1) Step 1: Determine the causal relationships between the
switch states and the voltage correlation coefficients using
topology search algorithm, which will be introduced in detail
in Section IV.

(2) Step 2: Build the PPN model based on the obtained
relationships.

(3) Step 3: Learn the PPD and CPD parameters from the
historical dataset, which helps determine parameters of the
PPN model. Then apply the BP algorithm to infer the proba-
bilistic distribution of switch states based on message passage
and marginal distribution sum.
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TABLE II
PRIOR PROBABILISTIC DISTRIBUTION OF OBSERVED VARIABLES

Fig. 4. The CG model of the example.

(4) Determine the operation mode of the distribution system
based on the inferred switch states. Necessary connectivity
examination can be implemented to verify the recognition
results.

Step 3 is the key step in the overall recognition procedure.
It can be illustrated by the network shown in Fig. 1 (b) and
its derived PPN model is shown in Fig. 2. It is assumed that
only the voltage metering data of P1, P3, B2, B3 are recorded
whereas others are missing. Therefore, only the variables
CP1B1 and CP1B3 in Cf can be observed.

To simplify the demonstration, the voltage correlation
coefficients contain only two valid values: 0 meaning not
related and 1 meaning totally related. The values of switch
states are also either 0 or 1, representing off or on. The PPDs
and CPDs are artificially generated as shown in Table II and
Table III. The values of PPDs and CPDs set to be either 0.95 or
0.05 to make the inference results obvious.

As introduced in Section III. A, probabilities of the random
variables in the PPN model can be inferred effectively using
BP algorithm, which calculates the marginal probabilistic dis-
tribution by transferring messages between variables clusters.
For the PPN model shown in Fig. 2, its CG is depicted in
Fig. 4. It should be noted that structures of the CG are not
unique for a specific PPN model.

In Fig. 4, each vertex is a cluster of related variables and
its CPD can be found in Table III. The edge between dif-
ferent vertices pass the believes from one vertex to another.
For example, the belief on v1, which is denoted as b1(v1)
and stands for probabilities of CP1B1, CP1B2 and S1, is given

TABLE III
CONDITIONAL PROBABILISTIC DISTRIBUTION OF CLUSTERS

in (14). It is the product of the CPD of cluster v1 and mes-
sage m31(S1), which is passed from v3 to v1. m31(S1) can be
calculated with a series formula derived from (9), which are
given in (15) ∼ (18). The initial values of all messages are set
to be 1.

b1(v1) = φ1(v1)m31(S1) (14)

m31(S1) =
∑

CB1B2,S3

φ3(v3)m23(S3)m53(S3) (15)

m23(S3) =
∑

CP3B1,CP3B2

φ2(v2) (16)

m53(S3) =
∑

CB2P3,S2

φ5(v5)m45(S2) (17)

m45(S2) =
∑

CP3B1,CP3B2

φ4(v4) (18)

Similarly, the beliefs of v2 and v4 can be obtained with the
BP algorithm and the observed variables CP1B1 and CP1B3.
With these beliefs, the states of S1, S2 and S3 can be inferred
even only two voltage correlation coefficients from three
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TABLE IV
RESULT OF BP ALGORITHM ON THE EXAMPLE FEEDER

Fig. 5. Flowchart of the construction of the PPN model.

voltage metering datasets are available. The inference results
are presented in Table IV.

According to the results shown in Table IV, it can be easily
seen that the inference results reflect the changes of the switch
states, which are indicated by voltage correlation coefficients.
As the distribution network becomes more complex, the higher
advantage is demonstrated by the proposed PPN model and
BP algorithm for improving the efficiency and accuracy of the
inference.

Note that the proposed topology recognition model and pro-
cess are also valid for closed-loop network. Only the PPDs and
CPDs tables need to be revised to reflect the relations between
switch states and multiple correlation coefficients.

IV. PPN MODEL GENERATION

A. Construction of the PPN Model

To infer the states of all the switches and thus recognize the
topology of the distribution network, a PPN model needs to be
built based on the system structure. The complete flowchart of
the conversion from distribution network model to PPN model
is illustrated in Fig. 5.

The required voltage correlation coefficients can be obtained
by searching all switches from one feeder bus to all substation
buses. For example, since S1 locates between P1 and B1, there
is a causal relationship between S1 and CP1B1. Similarly, S1
and CP1B2 are also related. These two relationships generate
a cluster (CP1B1, CP1B2, S1) as shown in the top left rounded

rectangle in Fig. 3. The depth-first search (DFS) algorithm can
be used in the topology analysis.

After all clusters are generated, the messages on edges can
then be determined by scanning all common random variables
between clusters.

The message loop is not preferred in the PPN model since
the same information will be reused by the BP algorithm
and affect the accuracy of inference. Therefore, message loop
detection is required after all messages are first determined. If
there are message loop, edges in the loop have to be deleted.

B. Criteria for Selecting the Observed Variables

Based on the principle of the BP algorithm, the belief of
a vertex in the model is calculated with the messages from
its neighbors. Theoretically, the state of the vertex, for exam-
ple, on/ off of a switch, can be inferred if the information
of one causal variable can be obtained. With the structure of
the PPN model, the necessary variables for inference can be
pre-determined.

In this section, the criteria applied to select observable vari-
ables can be analyzed mathematically relying on the concept
of the active trail in Bayes network.

Active Trail: An Active Trail between variables X and Y
given evidence E is any path between X and Y such that:
• For any v-structure (A=> C <= B) on the path, either

C or one of its descendants is in E;
• No other nodes on the path are in E.
If there is an active trail between two vertices in the Bayes

network, these two vertices are relevant. In Fig. 2, there are
three types of active trails:

(1) Active trails between the correlation coefficients, e.g.,
CP1B1←S1 → CP1B3. They can be used to infer one correla-
tion coefficient from another.

(2) Active trails between correlation coefficients and switch
states, e.g., CP1B1←S1→CP1B3→S3 given CP1B3. They can be
used to infer the switch states from correlation coefficients.

(3) Active trails between switch states, e.g.,
S1→CP1B3←S3. They can be used to infer the one switch
state from another.

Therefore, to infer the state of a specific switch, there should
exist an active trail between the switch state variable and at
least one coefficient variable. Such a criterion can be further
concluded as below:

(1) The voltages of all substation buses should be collected
otherwise there will be no clue to infer the connection between
branch buses and substation buses.

(2) The voltages of the feeder buses which are connected
to substation buses through more than one switches should be
collected since they are the middle vertex of the v-structure,
e.g., CP1B3 in Fig. 2.

Only the voltage metering data on the active trail for the
inference of the switches are required in the proposed algo-
rithm. The number of the necessary variables are determined
by the topology of the distribution network.

V. CASE STUDY

To verify the proposed PPN based topology recognition
algorithm, a distribution network consists of 5 substations,
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Fig. 6. The distribution network investigated in the case study.

Fig. 7. The PPN model for case study (a) initial model (b) model used in
BP algorithm filtered by active trail analysis.

11 feeder buses, and 15 contact/ section switches are
mainly investigated, as shown in Fig. 6. The model of the
network is extracted from the power production management
system (PMS) from a municipal power supply company
in Jiangsu Province, China. The original model is stored
in the format of the common information model (CIM). With
the help of Python packages: Pandas, pgmgy and networkx,
the model is converted in a Python format and analyzed as
a probabilistic graphical model.

According to the model construction procedure in Fig. 5, the
DFS algorithm is applied to traverse all buses and switches to
obtain the initial casual relations between voltage correlation
coefficients and the switch states and create nodes and edges.
Fig. 7 (a) shows part of the PPN model (feeders between
P3 and P4) of these relations. The 7 centrally located nodes
represent the switch states variables, all others stand for the
correlation coefficient variables, while the arcs between nodes
indicate the all possible causal relations.

As mentioned before, not all relations are available in the
inference considering the absence and inaccuracy of some
voltage data. By using the active trail analysis, the effec-
tive relations between switch states and correlation coefficient
variables are filtered, as shown in Fig. 7 (b). It can be seen
that only 7 correlation coefficient variables 19 relations are
strictly required. Although the redundant nodes and arcs could
increase the accuracy of the recognition, filtering the neces-
sary ones can help reduce the requirements for sampling and
computing scales. The minimum required observation vari-
ables to 14 buses (4 switches), 19 buses (5 switches) and
25 buses (6 switches) subnetworks are calculated and sum-
marized in Table V. The results show that the percentages
required observable variables are below 15% in the system.

TABLE V
REQUIRED OBSERVABLE VARIABLES OF SUBNETWORKS

Fig. 8. Time analysis on BP algorithm and count of observed variables.

To further investigate the benefits that the active trail anal-
ysis brings to large scale network recognition, the recognition
model of an urban distribution network with 52 buses and
89 switches is established. Since numerous switches are con-
nected to the same bus, the voltage data required to the
correlation coefficient can be reused, thus only the voltages of
52 buses are required. Furthermore, based on the active trail
analysis, it is found that inference can be done with the knowl-
edge of 89 instead of the overall 1326 correlation coefficients.
Since the required voltages to be sample are close to the size of
the switches other than the nodes, the computation complexity
for large scale network is relatively small.

The adjacency table is used to store the original model for
transference, thus computing time required by DFS is propor-
tional to the count of edges, which is determined by the size
of the network. The time required by the BP algorithm is pro-
portional to the number of observed variables, which is close
to the number of switches to infer under minumum require-
ment. Since the model consutrcion is a one-time job, the time
used for inference is mainly related to the obsvervable vari-
ables, which can be find in Fig. 8. In our experiments, with the
count of switch raise from 5∼10, the consumed time increased
from 0.2∼0.4s linearly. For the 89 switches system, the infer-
ence uses less than 5 seconds, which is completely acceptable
for the topology recognition jobs.

To diversify the operation modes, pseudo voltage data
samples are generated through power flow simulation with
Monte Carlo sampling on nodes power and switch states. The
on/off state of each switch was changed at least once during
the simulation. The operation modes of the distribution system
in each simulation run were fully recorded for further ver-
ification. Up to 10% random errors, following the normal
distribution, were added to the voltage samples to simulate
errors in the real-world.
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TABLE VI
PERFORMANCE COMPARISON BETWEEN PPN AND LR ALGORITHMS

Fig. 9. The correlation coefficient error ratio against data measurement error.

Performances of the proposed PPN model and BP algorithm
in topology recognition are compared with that of the lasso
regression (LR) to verify its advantage. LR is a regularized
linear regression algorithm for the sparse coefficient estima-
tion of linear models. Results are analyzed from four aspects:
the volume of the required data set, the iteration times, the
recognition failure rate, and the overall accuracy. Comparisons
are based on a sampling data set generated from 120 days of
power flow simulation with a resolution of 30 seconds.

It can be seen from the table that the PPN model requires
only 1/3 the size of data set to obtain relatively better accuracy
than the LR method. Also, complete voltage data samples are
required by the LR while only the ones on active trail are
required by PPN model. Although the BP algorithm requires
more time in a single iteration for beliefs to converge, only
one-fourth number of iterations are needed compared to the LR
because fewer variables are required to compute. In addition,
the convergence issues may occur to the LR approach, which
leads to slowing down or even failure of recognition. However,
as for the PPN based algorithm, the inference will always
guarantee a result with the Bayesian method.

The performances of the PPN model with inaccurate
data and dynamic observable variables are further analyzed.
Fig. 9 depicts the relation between error correlation coeffi-
cient, the count of observed variables and the inference error
rate of the model in Fig. 6 with the 120 days dataset. It worth
noting that the error of original voltage data doesn’t affect
the final recognition accuracy significantly. That is because
the errors raised from instrument measurement accuracy and
environmental factors are usually consistent on the magnitude
and the phase among nodes. In Fig. 10, 3%, 5% and 7% error
rates in the form of Gaussian distributions are added to voltage
curves in certain proportions (30%∼100%). It can be observed
that the errors in the correlation coefficient are stable while
the error proportion increase. Since the topology recognition
is based on the correlation coefficient between voltage samples
rather than the absolute value, the consistent error on voltages
will not lead to misjudge of such correlations.

Fig. 10. Recognition errors with accessorial observed variables vs. error
correlation coefficient.

As shown in Fig. 9, the recognition error introduced by inac-
curate data can be rectified via including redundant observable
variables. In the best case, introducing an additional 50% of
observable variables can reduce the error rate by one-forth.
According to the experiment results shown in Fig. 9, it can be
concluded that the increasement on number of observable vari-
ables improves the inference accuracy. The reason behind it is
when implementing the BP algorithm, the knowledge of the
probability of a variable can be learned from different paths
within the CG. Hereby, a larger number of observed variables
offers redundant valid paths and additional knowledge of the
variables in the CG model.

VI. CONCLUSION

In this paper, a physical-probabilistic-network (PPN) based
distribution network topology recognition model is proposed.
Its mathematical basis is the probabilistic graphical model
designed to describe the connections as well as the voltage
correlations between different buses. The model construc-
tion and states inference procedures are proposed based on
topology research and belief propagation algorithm, respec-
tively. Furthermore, criteria for selecting observable variables
and process for inferring the switches states are introduced
in detail. Finally, the proposed model and recognition algo-
rithm are validated through case studies and comparison with
benchmarks.
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