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Abstract—Correct insight and interpretation of the network 
topology are crucial task of any state estimator. In order to 
improve state estimators accuracy and speed, a new approach 
of determining network topology is presented. Presented 
method is based on measurement of the injected test signal 
reflection from the impedance discontinuities in the network. 
Correct interpretation of the measured reflected signal gives 
possibility to determine the network topology at the reflection 
site. This paper presents interpretation of the reflected signal 
by the developed artificial neural network (ANN). The ANN 
system has been used for identifying a network topology of 
modeled and simulated certain part of Croatian transmission 
system. The results are displayed as a receiver operating 
characteristic (ROC) curve form for the best and worst 
prediction case. 

Index Terms—State estimator, topology processor, network 
topology, wave reflection, artificial neural networks. 

I.  INTRODUCTION  
In conditions of deregulated electricity market, state 

estimation is the basic platform and the primary tool for 
realizing an automated, advanced, power system run in real 
time. It is also the primary power system management tool 
based on the data collected from the real system on which it 
is implemented. Correct insight and interpretation of the 
network topology are a crucial task of any state estimator. 
For classic state estimators, measurements and switching 
devices statuses are collected using SCADA systems but 
these data are not synchronous, and there exists a delay of a 
few seconds between measurement and its use in state 
estimator calculation [1]. For classic state estimator this 
delay is not an issue because it assumes steady state of the 
power system. With appearance of the phasor measurement 
units (PMUs), fast (real-time) estimators are becoming 
possible. Such measurements have time tags and have 
latency of few tens of milliseconds allowing for robust 
linear state estimators (LSE) [2, 3] to be able to calculate the 
system state in real time [4]. The LSE has been adopted by 
various power utilities, but it has difficulties with providing 
good estimate results when it encounters a topology error 
[5]. In the case of using Inter-Control Center 
Communications Protocol (ICCP) for breaker status update 
and after performing topology processing, this data is 2-6 s 
delayed from the phase measurement unit (PMU) data. 
During this time interval LSE may have a mismatch 
between measurement and model, which can create 
significant solution errors. Moreover, some breaker statuses 

may be reported incorrectly [5]. Such a concept of topology 
processing is not appropriate, and it is necessary to improve 
it for use in real-time estimator. This paper proposes a new 
concept of topology determination based on interpretation of 
the test signal reflection. Reflected test signal can be 
interpreted using artificial neural network (ANN) which 
significantly accelerate and improve entire process of 
topological processing. 

II. METHODOLOGY 
Presented methodology is based on measuring and 

interpreting of the injected test signal reflection from 
network impedance discontinuity. Since the surge 
impedance seen at the end of the transmission line depends 
on the topology on terminated bus, by measuring and 
interpreting the reflected signal using ANN it is possible to 
find topology at a particular bus in the network. The process 
of using ANN is split into two sections shown in the flow 
diagram in Figure 1. The first section contains few steps 
associated with learning process of ANN and it only takes 
place once for a particular network. In the second section, 
measurements of the test signal reflection are performed, 
and such measurements are used as the input data for ANN 
created and trained in the first section. As a result, ANN is 
capable to recognize network topology which can be further 
used by linear state estimator. The steps outlined below are 
explained in the following chapters. 
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Figure 1 Flow diagram for using ANN 
 

A. Injecting of Test Signal 
Selection of the proper test signal for identifying 

network topology is based on some constraints. Injected 
signal is propagated through transmission line as a traveling 
wave with defined amplitude and wavelength. Propagation 
velocity of test signal is dependent of transmission line 
parameters and characteristic impedance and real 
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transmission line implies certain losses and distortions. 
According to traveling wave properties as velocity, 
reflection and superposition, test signal should be chosen in 
order to avoid the superposition of the injected signal with 
itself. Regarding the wavelength of the injected signal, it 
must be shorter than double length of the transmission line 
incident with injection position. 

Additionally, since it must be of finite duration, test 
signal consequently contains more frequencies. Therefore, 
the Fourier transform of the selected signal should have 
expressed peak around the selected frequency value to 
minimize the impact of frequency dependent network 
parameters. 

The presented method is able to perform network 
topology identifying only at neighboring substations, i.e. 
substations that are connected through only one 
transmission line to substations in which the test signal is 
injected. Consequently, it is necessary to find the optimum 
positions of the test signal injection to cover the entire 
network with as little as possible overlapping. 

The presented concept is based on voltage test signal 
with half-sine function, arbitrary amplitude and 50 μs 
duration. 

 

B. Propagation and Reflection of Test Signal 
Voltage test signal propagated through electric network 

behaves as a traveling wave with certain wavelength, 
velocity and amplitude and all other wave properties such as 
reflection and interference. Expression for wave velocity is 
given by (1). 

 𝑣𝑣 = 1
√𝐿𝐿𝐿𝐿

. (1) 

Time which voltage test signal needs for traveling from 
begin to the end of the transmission line is t=l/v where l is 
transmission line length. Surge impedance of transmission 
line is calculated according to the expression (2) 

 Zv = �R+jωL
G+jωC

  (2) 

or �𝐿𝐿 𝐶𝐶⁄  for the lossless line[6]. All these parameters 
depend only on the line geometry and permittivity and 
permeability of surrounding medium. Wave impedance of 
the transformer also depends on its geometrical parameters 
and according to [8] is: 
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 (3) 

𝑁𝑁𝑡𝑡/h represents number of windings per unit length, w is 
the distance between the coil and the core and d is distance 
from tank to transformer winding. 

When an electromagnetic wave propagates along a 
transmission line with certain characteristic impedance, 
there is a fixed relation between a voltage and current 
waves. But at the point of an impedance mismatch 
(impedance discontinuity) part of energy let through and 

part of energy is reflected back. These points are mostly at 
the end of transmission lines and amplitude of the reflected 
and transmitted wave depends on the wave propagated 
transmission line impedances and surge impedance seen on 
the bus where the wave is reflected. In case when several 
transmission lines or transformers are connected at the same 
bus, their total surge impedance is a parallel circuit of their 
surge impedances [7]. So, reflection coefficient R on recent 
bus amounts to: 

 𝑅𝑅 = (𝑍𝑍1||…||𝑍𝑍𝑛𝑛)−𝑍𝑍0
(𝑍𝑍1||…||𝑍𝑍𝑛𝑛)+𝑍𝑍0

, (4) 
 
𝑍𝑍1 …𝑍𝑍𝑛𝑛 are surge impedances of connected elements, 𝑍𝑍0 is a 
surge impedance of wave propagated transmission line. 
Now, it is clear that the reflected wave signal carries 
information about total surge impedance at the end of the 
transmission line. Since total surge impedance at the end of 
the transmission line is defined by bus topology, it is 
concluded that it can be obtained by measuring and 
analyzing reflected wave. 

 

C. Interpretation of Reflected Test Signal 
Since transmission lines are similar lengths, it is possible 

that reflected signal is superimposed on each other’s. In that 
case it is very difficult to extract topology information 
directly analyzing reflected signal. For this purpose a system 
of artificial neural networks (ANN system) has been 
developed. The inputs of the ANN system are 
measured/simulated voltage vectors at the each injection 
point. Elements of each vector represent the sampled 
voltage in the time. Points of signal injection and 
measurement are the same. The input vectors size depends 
on the sampling rate and the time interval in which 
measurements are performed. The output vector consists of 
binary elements which represent whether a transmission line 
is on or off. This vector represents the topology of electric 
network and it is marked as final topology vector (FTV).  

The main task in the first part of the developed ANN 
system is to decompose superposition of reflected voltage 
test signal (injected voltage test signal is half-sine shape and 
each reflected signal is of the same shape). That is, to 
transform input vectors into vectors of the same size with 
following elements: amplitudes of every half-sine signal at 
position of amplitude time stamp, zero for each other 
positions. It is easy to do opposite, one simply needs to 
create N × N linear operator A where N is size of the input 
vector. Every row of such an operator contains values of one 
half-sine test signal with amplitude of 1 and amplitude 
position equal to position of a given row in matrix. To do 
decomposition an inverse operation of operator A is needed.  
Since matrix A is almost singular it is very difficult to find 
its inverse directly. For that purposes Decomposer (DANN) 
is developed, an artificial neural network which does the 
mentioned task. 

  



The architecture of here developed DANN is shown at 
Figure 2 and consists of two locally-connected [9] layers 
with kernel of the half-sine test signal width, three dense 
layers [10] with the number of units equal to size of the 
input vector and a custom-made modified kSparse layer [11] 
which transforms output of the previous layer in a way that 
n elements with the largest absolute value remain the same 
and the rest is set to zero. Number n is calculated by 
expression:  
 n = k∑ tanh(|xi|)𝑁𝑁

𝑖𝑖  (5) 

 where 𝑥𝑥𝑖𝑖 are elements of input vector and k is some 
coefficient which  hyper-parameter of DANN is and can be 
adjusted empirically. In the training procedure additional 
layer is put which does matrix multiplication of the output 
of the DANN and the operator A. Learning is done on the 
simulated dataset by minimizing difference between input 
vector of the DANN and the output vector of the appended 
layer using loss function (6).  
 
 l =  ∑ | xi  −  outputi| √xi8𝑁𝑁

𝑖𝑖  (6) 

 

 
Figure 2 DANN block scheme 

The second part of the ANN system is multiple topology 
artificial neural networks (TANNs), each for the data from 
the each injection point. Input data for these TANNs are 
vectors already processed by trained DANN (DANN 
processed vector - DPV). Every TANN is doing task of 
recognizing topology of transmission lines surrounding 
particular injection point given by optimization algorithm. 
The architecture of each TANN can vary depending on the 
injection point. It usually consists of one or two dense layers 
according to complexity of reflected test signals at particular 
injection point. Input of first dense layer must be of the 
same shape as the DPV and last dense layer needs to have 
number of units equal to the number of transmission lines. A 
particular TANN is supposed to determine their topology 
state according to optimization algorithm. Also, last dense 
layer has a sigmoid activation function. Finally, output of 
each TANN is merged into final topology vector (FTV) 
which is an output of the total ANN system. Mentioned 
process is shown on Figure 3. 
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Figure 3 ANN topology identifying system block scheme 

Proposed method predicts network topology taking only 
measured voltage values in time at specific injection points 
determined by the optimization algorithm. Results of using 
proposed method on the simple network are presented in the 
next chapter. 

III. RESULTS AND DISCUSSION 
Application results of the method described in Chapter 2 

are shown here. For that purpose, part of the Croatian 
transmission system (shown in Figure 4) was modeled in 
EMTP with real transmission line parameters. 

 

 
Figure 4 1p scheme of modeled network 

 
Injection and scope points of the test signal are buses 

named MR, PR, KT, TES and GL. Test signal is voltage 
injected half sine function, 50 μs duration, and 1 kV 
amplitude.  



Simulation has been done by EMTP software which 
performs numerical integration given initial and boundary 
conditions. Time interval in which voltage is measured and 
monitored at each scope point has duration of 1.25 ms and 
voltage sampling time-step of 0.5 μs. 

ANN system has been developed to analyze reflected 
signal. The input of the system consists of five different 
vectors with the length of 2500 since there are as much 
measured voltage values in the given interval at each scope 
point. The output of the system is a final topology vector of 
15 values, each representing a particular transmission line in 
presented network. Simulations are performed on 400 
different network topologies to create data for the training of 
the ANN system. Additional 100 simulations are performed 
for the validation purposes of the trained ANN system.  

 

 
Figure 5 DANN inputs and outputs 

 
Figure 5 shows an example of the input vector at the 

scope point MR as well as its DPV. Also, reconstructed 
input vector is shown calculated by matrix multiplication of 
DPV and operator A. 

Output of presented ANN system is FTV vector consists 
continuous variables between 0 and 1. Since that a threshold 
value is needed to distinct different topologies from FTV. 
Varying the threshold value, it is possible to calculate ROC 
curve [12] for the ANN system estimation of each 
transmission line. It represents dependence of ON efficiency 
and OFF efficiency. ON efficiency of a particular 
transmission line is calculated as a ratio of the number of 
estimated ON topology states and total number of ON 
topology states in the validation data, whereas OFF 
efficiency is calculated as a ratio of estimated OFF states 
and total number of OFF states for each threshold value.   

Preliminary results of the developed ANN system 
estimator performance are shown on the Figure 6.  

 
Figure 6 ROC curve for ANN system estimation 

 
   Presented results show ROC curves for transmission 
lines (TL) 5 and 6 where the estimator performs the worst 
estimation and the transmission line 9 where it performs the 
best estimation. ROC curves are calculated on the validation 
data different from the data used to train ANN system. 
States of the  transmission lines 5 and 6 are in some cases  
miss-identified due to enhanced complexity of the signals 
measured on the scope points PR and TES. More work is 
needed to improve the performance of the ANN system on 
these transmission lines. Increasing the complexity of 
TANN_PR and TANN_TES can be a way to address 
presented issue.  

IV. CONCLUSION 
Preliminary work with new approach for network 

topology identifying has been introduced. Main goal is to 
prove that interpretation of the reflected test signal by the 
artificial neural network gives possibility to identify 
network topology. For that purpose, an ANN system has 
been developed, consisting of DANN and TANN basic parts 
and tested on a simulated model. It is shown that proposed 
method predicts network topology with acceptable accuracy 
taking only measured/simulated voltage values in time at 
specific injection point. Future work is needed to improve 
proposed algorithm and to bring the system to an 
implementable level. 
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