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Abstract— This paper presents a novel approach to the optimal 

meter placement problem in distribution networks. 

Conventional methods place meters in order to achieve a 

predefined level of accuracy for the estimated parameters such 

as voltages and currents. However, there is no generic method to 

determine this desired accuracy value for the individual 

parameters. Hence, a uniform accuracy value is generally 

chosen. Considering that parameters which are not in proximity 

to their constraint do not need to be monitored with a high level 

of accuracy, using a uniform accuracy for every estimated 

parameter may not be optimal. The method proposed in this 

paper takes a new approach which accounts for the proximity of 

the estimated parameters to their constraints. This approach 

can potentially reduce the number of required metering devices 

compared to conventional meter placement methods, while 

providing a practical level of state estimation accuracy. 

Index Terms—Optimal meter placement, uncertainty, power 

system measurements, distribution network state estimation 

I. INTRODUCTION 

The amount of distributed generation such as wind and 
solar connected to distribution networks is expected to 
increase significantly in the future. Due to the uncertain and 
dynamic behavior of this type of generation, the currently 
passive distribution network has to become more active [1]. 
One of the main features of an active distribution network is 
the ability to react to changes in the operating state through 
near real-time monitoring and control of the system. For this 
to be effective, the state of the network has to be available in 
near real-time with a sufficient degree of accuracy. However, 
most distribution networks only have a limited number of 
measurements. This can result in a significant amount of 
uncertainty in the estimated state. Hence, additional metering 
devices are often required in order to increase the state 
estimation accuracy. Due to economic constraints, however, 
only a limited number of metering devices can be placed in 
the network. This leads to the problem of optimal meter 
placement.  

In transmission networks, metering devices are placed in 
order to achieve observability or to improve redundancy in 
terms of measurements. In distribution networks, however, 

observability is achieved by the use of pseudo-measurements 
which generally make up a large proportion of total 
measurements. Pseudo-measurements are forecasts for loads 
and distributed generation based on historical data. Since it is 
not possible to accurately predict loads and distributed 
generation from historical data, pseudo-measurements 
generally have large margins of error associated with them. 
This means that the estimated state can contain a significant 
amount of uncertainty. For this reason, the objective of a 
meter placement in distribution networks is to increase the 
accuracy of the state estimation result to a desired level [1-3]. 
However, no generic method exists to determine the desired 
level of accuracy for the individual estimated parameters. 
Hence, a uniform desired level of accuracy is generally 
defined for the estimated parameters. While this approach can 
ensure that a sufficient degree of accuracy is achieved 
throughout the network, some parameters which are not close 
to their constraints may be estimated with a higher degree of 
accuracy than required. Therefore, the resulting meter 
placement might not be optimal.  The constraints of a network 
are defined by regulations (e.g. the voltage compliance range) 
and its physical properties (e.g. thermal limits of network 
components) [4]. In [5] a new meter placement method has 
been proposed that increases the accuracy of the estimated 
parameters depending upon their proximity to their respective 
constraints under worst case considerations. Here worst case 
scenarios refer to the network states in which the constraints 
are most likely to be violated. Hence, the required accuracy is 
determined for each parameter individually. As a result, 
parameters that are not in proximity of their constraint under 
worst case consideration do not have to be estimated with the 
same degree of accuracy as parameters that are within 
constraint proximity. However, this approach has the 
limitation that a large number of measurements may have to 
be placed if a parameter is very close to a constraint. 

In order to address these limitations, this paper proposes a 
meter placement method which uses a combination of the 
method proposed in [5] and the conventional meter placement 
approach. The proposed method increases the accuracy of the 
estimated parameters depending upon their proximity to their 
constraint. If, however, the accuracy of an estimated parameter 
is equal to or higher than a desired value, no additional 



metering devices will be placed in order to further increase the 
accuracy of this particular parameter. This approach addresses 
the limitation of both methods mentioned above.  

The rest of this paper is structured as follows. In Section II 
the two different approaches to optimal meter placement in 
distribution networks, which are used in this paper, are 
explained. Section III outlines the proposed approach, and a 
case study is provided in Section IV. Finally, a conclusion is 
drawn in Section V.   

II. EXISTING METER PLACEMENT METHODS 

A. Conventional meter placement approach 

To enhance the accuracy of state estimation, numerous 

meter placement methods are proposed in the literature [1-3, 

6, 7]. As mentioned in Section I, these methods generally aim 

to improve the accuracy of the estimated parameters until a 

desired accuracy threshold is met. Hence, meters are added 

until all estimated parameters satisfy a predefined accuracy 

threshold. The accuracy of an estimated parameter is 

calculated from the relative difference between an estimate 

obtained with and without considering the influence of 

measurement noise. 
  

 ���� − ���
�� ≤ �ℎ (1) 

 

where 	 = 	 [1,2, … , 	, … , �], � is the total number of 

estimated parameters, �� is the value of the estimated 

parameter 	 calculated without measurement noise, ��� is the 

value of the 	�� estimated parameter calculated with 

measurement noise, and �ℎ is the desired accuracy threshold.  

B. Individually determined accuracy recuirement 

The proposed approach in [5] determines the required state 
estimation accuracy by assessing the proximity of the 
estimated parameters to their constraints under worst case 
consideration. In this approach the accuracy of an estimated 
parameter has to be at least high enough to determine if an 
estimated parameter is within its constraints under normal 
operating conditions. A network is in its normal operating 
state if no constraints are violated and all connected loads are 
supplied with electric power [8]. Hence, the required accuracy 
for the estimated parameter 	 is calculated by 
    
 ���,��� =−�	��� − ���� (2) 
 

 ���,��� = 			�	��� − ���� (3) 

 

where the lower and upper constraints for the estimated 
parameter 	 are represented by 	���  and 	���  respectively, and 

the required accuracy for the parameter 	 	is given by  ���,���  

and ���,��� for values below and above ��� respectively. 

The objective of the meter placement is to increase the 
accuracy until the following criterion is satisfied for every 
estimated parameter 

 

 	��,��� ≥ ���,���		˄	��,��� ≤ ���,���. (4) 

 

where ��,��� and ��,���  are the endpoints of the confidence 

interval (CI) of the 	�� estimated parameter. These endpoints 

represent the maximum expected difference between the 

estimate and its real value, and therefore, provide the 

accuracy of the estimate.  

To calculate ��,��� and ��,��� the probability density 

function (PDF) of the 	�� estimated parameter has to be 

obtained first. For this purpose a number of methods are 

available in literature [9-12].  Since the PDF is a continuous 

function which ranges from plus infinity to negative infinity, 

a confidence level (CL) has to be applied. The CL specifies 

the confidence that the real value is between ��,��� and 

��,���. Hence, the endpoints of the CI have to satisfy the 

following equations  
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The confidence interval can be calculated by multiplying 

the standard deviation of the estimate with a coverage factor 

if the estimation error is Gaussian distributed. If the state 

estimation error is not Gaussian distributed, other well-known 

methods such as bootstrapping can be used [13].  

III. PROPOSED METER PLACEMENT METHOD 

The proposed meter placement method combines the 

conventional approach of using a desired minimum accuracy 

(1), to the approach outlined in Section II, B, which uses 

individually determined accuracy requirements (4). 

Therefore, the proposed approach aims to place metering 

devices until every estimated parameter fulfills either (1) or 

(4). As a result, the limitations stated in Section I can be 

addressed.  

A. Compliance ratio 

Due to the random nature of the measurement noise, it is 
always possible that an estimated parameter does not satisfy 
(1) or (4). No matter how many measurements are placed in a 
network. For this reason, a compliance ratio (CR) is used that 
determines how likely an estimated parameter satisfies (4) or 
(1). This CR is calculated by performing a predefined number 
of Monte Carlo simulations. In each simulation, a set of state 
estimation inputs are generated according to their predefined 
measurement accuracies. The state of the network is then 
estimated for each generated set of state estimation inputs. 
After a sufficient number of simulations, the CR of an 
estimated parameter is calculated as the ratio of estimates that 
fulfilled (1) or (4) by the total number of simulations. If CR is 
equal to or greater than a predefined value, for instance 99%, 
the parameter is considered compliant. Hence, additional 
metering devices are placed until the CR of all estimated 
parameters is equal to or greater than a predefined value for 
each worst case scenario. 



B. Worst Case Scenarios 

The accuracy of the state estimation changes with the 
network state. Hence, all possible network states would have 
to be assessed. However, since the proposed method focuses 
on the probability that the constraints of the network are 
violated, it is only required to assess the network state where 
the constraints are most likely to be violated. Thus, only the 
worst case scenarios are considered. These scenarios are used 
for network planning purposes and should, therefore, be 
available to the network operator [14-16]. Generally two cases 
have to be assessed, maximum load/minimum generation, and 
minimum load/maximum distributed generation [17]. 

C. Meter placement algorithm 

The following steps describe the proposed method in 

detail: 

 
Step 1:   Define the desired compliance ratio (CR), 

confidence level (CL), number of simulations (Nnum) 
and the desired level of accuracy (�ℎ). Go to Step 2. 

Step 2:   Select a worst case scenario which has not yet been 
evaluated. Go to Step 3. 

Step 3:   Set the current simulation count to one (N = 1). Go 
to Step 4. 

Step 4:   Generate a set of random SE inputs according to 
their respective predefined measurement accuracies. 
Go to Step 5. 

Step 5:   Estimate the network state. Go to Step 6. 

Step 6:   Calculate the PDF of each estimated parameter. Go 
to Step 7. 

Step 7:   Calculate the confidence interval (CI) for all 
estimated parameters as discussed in Section II, B. 
Go to Step 8. 

Step 8:   Calculate the required accuracy using Equations (2) 
and (3). Go to Step 9. 

Step 9:   Determine the estimated parameters which satisfy 
(1) or (4). Go to Step 10. 

Step 10:   Record the compliant parameters identified in Step 9 
and increase the current simulation number by one 
(N = N + 1). Go to Step 11. 

Step 11:   Determine whether the specified number of 
simulations has been met (N > Nnum). If yes, go to 
Step 12. If no, return to Step 4. 

Step 12:   Determine whether all worst case scenarios have 
been evaluated. If yes, go to Step 13. If no, go to 
Step 2. 

Step 13:   Calculate the compliance ratio for each estimated 
parameter and each worst case scenario. Go to Step 
14. 

Step 14:   Do all estimated parameters meet the desired 
compliance ratio for each worst case scenario? If 
yes, stop. If not, place an additional metering device 
according to the method detailed in Section III, D 
and return to Step 2. 

D. Selection of Metering position 

In the case that not all estimated parameters satisfy the 

CR, additional metering devices are placed one meter at a 

time. This ensures that the computation time does not 

increase exponentially with the number of required metering 

devices. In order to find the best position for a metering 

device, every possible location is assessed. The position 

which results in the highest number of parameters that satisfy 

(4) or (1) for each worst case scenario with a predefined 

compliance ratio, is chosen as the best location for an 

additional metering device. If, however, more than one meter 

placement results in the same improvement in the number of 

compliant parameters, the best position is determined by an 

uncertainty index (UI) [18]. This index gives an indication of 

the uncertainty in the state estimation result by using 

information entropy. The UI is calculated from the PDFs of 

the estimated parameters. In order to calculate the UI, the 

infinite number of possible values for the estimated 

parameters has to be reduced to a finite number. This is 

achieved by “binning” the estimated parameters. Each “bin” 

represents a range of possible values of the 	�� estimated 

parameter. The bin size has to be chosen small enough to 

accurately represent the PDF of the estimated parameters. 

The UI is calculated by  
 

01 =23�
4

�56
, (7) 

 

where � represents the total number of estimated parameters, 

and 3� is the entropy of the parameter 	.  
3� is defined by 
 

3� = −2!�78�9:
;(

956
log? !�78�9:, (8) 

 

where 8�9	represents the range of possible values within a 

particular bin, @, for the estimated parameter 	, the total 

number of bins for the 	�� estimated parameter is given by A� , 
and the probability that the true value of parameter 	 is within 

8�9 is given by !�78�9:.  
The probability that the true value of parameter 	 is within 

a particular bin, 8�9, is given by the area under the PDF within 

bin 8�9. The UI has to be calculated for each worst case 

scenario and each potential metering configuration that has to 

be compared. The highest UI from the worst case scenarios is 

used to compare the potential metering positions with each 

other. Out of this set of UIs the lowest value is chosen as the 

best metering position since a low UI relates to a low 

uncertainty in the state estimation result 
 

min6E�E4 Fmax6EIEJ�01I,��K (15) 

 

where the potential meter placements are represented by L for 

L = 	 [1,2, … , L … ,M], The total number of potential meter 

placements are given by M, N is a worst case scenario for 

N = 	 [1,2, … , N, … , +]; C is the total number of worst case 



scenarios, and 01I,� is the uncertainty index for worst case 

scenario N and meter placement L. 

The following steps describe how the best metering position 

is found. 

 
Step 1: Determine the number of busses which meet the 

desired compliance ratio as described in Section III, 
C. Go to Step 2. 

Step 2: Find the meter placement which results in the highest 
number of busses that meet the compliance ratio for 
both worst case scenarios. Go to Step 3. 

Step 3: Does more than one potential metering location result 
in the highest number of compliant busses? If no, 
place a metering device at that bus and stop. If yes, 
go to Step 4.  

Step 4: Calculate the UI for every worst case scenario and 
metering configuration which result in the highest 
number of compliant busses. Go to Step 5.  

Step 5: Find the best position for the additional metering 
device by using (15). 

 

IV. CASE STUDY 

The proposed methodology is applied to two case studies. 

The first case study is conducted on a simple 7-Bus radial test 

feeder. The second case study is performed on a modified 

IEEE 34-Bus test network. For simplicity balanced conditions 

are assumed in both case studies. 

 

The following assumptions are made: 

 

• All measurement errors are normally distributed. 

• Metering devices have the measurement accuracy of 

±1%.  

• All network loads are represented by pseudo-

measurements, with the measurement accuracy of 

±50%.  

• Distributed generation is proportional to the load 

connected at each bus and is represented by pseudo- 

measurements, with the measurement accuracy of 

±100%. 

 

Since measurement errors are assumed to be normally 

distributed, the standard deviation can be calculated by the 

product of one-third of the measurement accuracy and the 

expected value [5]. The case studies focus on improving the 

accuracy of the voltage estimate.  

 

A.  7-Bus Radial Test Feeder 

The 7-Bus feeder is shown in Fig. 1; where a voltage 

meter is located at bus 1, all lines are of equal length, and the 

loads connected at each bus are of equal value.  

 

 
 

Fig. 1. 7-Bus Test Feeder. 

 

This case study considers two worst case scenarios. The 

first case is maximum load and no distributed generation 

(worst case 1). The second case (worst case 2) is maximum 

distributed generation (equal to 20% of the maximum load at 

each bus) and minimum load (equal to 30% of the maximum 

load at each bus). The estimated voltage profile for each 

worst case scenario is shown in Figs 2 and 3. 

 

 
Fig. 2. Voltage profile for the 7-Bus feeder under maximum load and no 

distributed generation.  

 

 
Fig. 3. Voltage profile for the 7-Bus feeder under minimum load and 

maximum distributed generation.  

 

In Figs 2 and 3, the error bars represent the 95% CI of the 

estimated voltage.  The bars at 0.94 p.u. and 1.06 p.u. 

represent the voltage constraints which are set according to 

the Tasmanian Electricity Code [19].  The desired accuracy 

threshold �ℎ is set to 1%, the CL is set to 95% and the desired 

CR is set to 99%. These values are for demonstration 

purposes only, and for real networks, these levels must be 

specified by the network operator depending upon the 

individual application.  

To determine the CR of an estimated parameter, its PDF 

needs to be calculated first. This has been done by using the 

gain matrix to obtain the standard deviations of the estimated 

parameters [19]. The CR is then calculated through Monte 

Carlo simulations. A sufficiently large number of simulations 

are necessary to ensure that CR convergences to its final 

value. In this case study, 500 simulations are used.  

The resulting CRs for both worst case scenarios are 

shown in Table I. In this table, Criterion 1 refers to the CRs 

calculated when only (1) is considered; Criterion 2 refers to 
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the CRs calculated when only (4) is considered; and Criterion 

1 or 2 refers to the proposed method where either (1) or (4) 

has to be satisfied.  
 

Table I. Compliance ratios with single meter at bus 1 

 

Maximum load and no 

distributed generation 

Minimum load and maximum 

distributed generation 

Bus 

No. 
Crit. 1 Crit. 2 

Crit.  

1 or 2 
Crit. 1 Crit. 2 

Crit.  

1 or 2 

1 99.7% 81.3% 99.8% 99.6% 82.0% 99.9% 

2 99.6% 100.0% 100.0% 99.6% 91.5% 99.9% 

3 99.0% 100.0% 100.0% 99.5% 95.5% 99.9% 

4 97.8% 100.0% 100.0% 99.5% 97.1% 99.9% 

5 96.3% 100.0% 100.0% 99.3% 97.9% 99.8% 

6 95.0% 100.0% 100.0% 99.2% 98.2% 99.8% 

7 94.1% 100.0% 100.0% 99.2% 98.3% 99.8% 

 

As can be observed, if the CRs are determined using 

either criterion 1 or criterion 2 individually, neither 

assessment meets the desired 99% CR for both worst case 

scenarios and all estimated parameters. Thus, using either 

criterion individually would require the placement of an 

additional meter to improve the state estimation accuracy. 

However, by using the proposed method where either (1) or 

(4) has to be satisfied, all parameters  meet the required 99% 

CR, and no additional meters are necessary. This clearly 

demonstrates the advantage of the proposed method, where 

measurement devices are only placed to improve the 

estimation accuracy of critical parameters while avoiding 

unnecessarily high levels of accuracy. 

 

B. IEEE Test Feeder 

To further illustrate the proposed method a second case 

study is performed on a modified 34-Bus IEEE test network. 

A one-line diagram of this network is shown in Fig. 4; with 

the original data available in [20]. For simplicity, all voltage 

control devices are removed. To maintain normal network 

operating conditions, all network loads are reduced by a 

factor of three.  

 

 
Fig. 4. Modified IEEE 34-bus test feeder 

 

It is assumed that a voltage meter is located at Bus 1 only. 

The two worst case scenarios previously considered are also 

adapted for use in this case study. The estimated voltage 

profile of each worst case scenario is shown in Figs 5 and 6. 

The bars represent the 95% CI. 

 
Fig. 5. Voltage profile for maximum load and no distributed generation.  

 

 Fig. 6. Voltage profile for maximum load and no distributed generation.  

 

The CR for each network parameter has been calculated 

for each worst case scenario and the results are shown in 

Table II. 

 
Table II. Compliance ratios with single meter at bus 1 (case study 2) 

 

Bus 

No. 

Worst 

Case 1 

Worst 

Case 2 

Bus 

No. 

Worst Case 

1 

Worst Case 

2 

1 100.0% 99.9% 18 100.0% 99.6% 

2 100.0% 99.9% 19 90.5% 99.3% 

3 100.0% 99.9% 20 90.5% 99.3% 

4 100.0% 99.9% 21 90.2% 99.3% 

5 100.0% 99.9% 22 89.9% 99.3% 

6 100.0% 99.9% 23 89.9% 99.3% 

7 100.0% 99.9% 24 89.3% 99.2% 

8 100.0% 99.9% 25 89.3% 99.2% 

9 100.0% 99.9% 26 89.1% 99.2% 

10 100.0% 99.9% 27 89.1% 99.2% 

11 100.0% 99.8% 28 89.1% 99.2% 

12 100.0% 99.8% 29 89.3% 99.2% 

13 100.0% 99.8% 30 89.3% 99.2% 

14 100.0% 99.8% 31 89.3% 99.2% 

15 100.0% 99.8% 32 89.3% 99.2% 

16 100.0% 99.6% 33 89.3% 99.2% 

17 100.0% 99.6% 

 

From Table II, it can be seen that estimated parameters at 

buses 19-33 did not meet the desired CR of 99% for both 
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worst case scenarios. Therefore, the state estimation accuracy 

is not sufficient. To improve the accuracy of the state 

estimation, it is necessary that additional measurement 

devices are positioned in the network.  By sequentially 

placing a meter at each bus and checking how many 

estimated parameters meet the required 99% CR, it was 

determined that an additional meter placement at any bus 20-

33 results in all network parameters meeting the minimum 

compliancy requirement. The optimal metering location is 

thus determined by evaluating which potential metering 

location results in the lowest UI, according to (15). This 

determined the best metering location to be at bus 30. With 

this single additional meter placement at bus 30, all estimated 

parameters for each worst case scenario now satisfy the 

required 99% CR.   

V. CONCLUSION 

A new approach to optimal meter placement in 

distribution networks has been proposed in this paper. This 

method places additional metering devices until it is possible 

to determine if the estimated parameters are within their 

constraints under normal operating conditions, or a 

predefined minimum accuracy is achieved. The proposed 

method is based on the fact that parameters which are not in 

proximity to their constraints are not required to be known 

with a high degree of accuracy. Hence, only parameters 

which are within proximity or outside of their constraints 

have to be monitored closely. As a result, a reduced number 

of additional metering devices may be required compared to 

conventional methods, while maintaining a practical level of 

state estimation accuracy. The advantages and practicality of 

the proposed method were demonstrated in two case studies 

on a simple 7-Bus network and a modified 34-Bus IEEE test 

feeder.  
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