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Abstract—The incremental deployment of small scale 
stochastic generators has a significant impact low voltage grids. 
We investigated the applicability of local voltage measurements 
at household sockets as predictors of the power at the low voltage 
branch of the transformer. The general goal is to evaluate the 
feasibility of a decentralized demand-side control algorithm using 
local voltage as the regulation input. In this paper we introduce 
the approach adopted by our study and describe the 
experimental results, which demonstrate the possibility of using a 
local voltage measurement as an input signal for decentralized 
control. 
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I.  INTRODUCTION 

A low voltage electric grid typically has a fixed topology 
and lacks of active control systems. The incremental 
deployment of small scale stochastic generators (e.g., 
photovoltaic and co-generation plants) has a significant impact 
on low voltage grids [1,2,3], since it causes voltage fluctuations 
and reversals to the power flow in the distribution grid. These 
effects call for active management of the distribution grid. 
There has recently been growing interest in decentralized 
demand-side control algorithms [4,5], which may serve to 
reduce the information and communication technology (ICT) 
requirements for active management of the grid.  

In the Swiss2Grid pilot project [6] we studied the effect of 
demand-side, decentralized control algorithms by equipping 20 
single-family households (HH) in the southern part of 
Switzerland with high-precision electric measurement units. A 
model predictive control strategy has been implemented to 
determine the current and future state of the appliances from 
the electric values measured locally in the preceding days. The 
control algorithm uses the predicted state in combination with a 
multi-objective function to optimize the end user energy costs 
and the low voltage grid stability.  

In order to evaluate the feasibility of a decentralized system 
without communication requirements, we evaluated the ability 
to infer the power at the LV transformer from the voltage 

measured at the main panels of the households. The usefulness 
of distributed measurements has also been described in recent 
publications, in which these values were used to estimate the 
state of the grid [7] and to infer the state of the transformer [8] 
and the grid topology [9]. In section II we introduce the 
approach adopted by our project; section III describes the 
transformer power inference, and in the final section 
conclusions are drawn. 

II. APPROACH 

A. Residential grid topology 

 The 20 households involved in the project are connected to 
several low voltage transformers. In our study we selected the 
largest cluster, the “Asilo Genestrerio” neighborhood, 
comprising 10 participating homes. The Asilo Genestrerio 
630kVA transformer serves a residential area with a total of 
106 single family houses. A simplified topology of the grid is 
shown in Fig. 1. 

B. Data acquisition 

We used two types of devices for the data acquisition 
phase. The first is known as a “household appliance controller” 
(HAC). The HAC is an electronic system that was developed 
in-house as part of the S2G project. It monitors the voltage, 

Fig. 1 Simplified topology of the “Asilo Genestrerio” low voltage grid. There 
are four radial branches of the low voltage transformer. We monitor only two 
branches, marked as a and b in the diagram. The households participating in 
the pilot project are indicated by  solid triangles. The dotted triangles 
represent the other 96 unmonitored households. 
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Fig. 3 Correlation between U_main of HH4 and P_trafo measured on phase 1. 
Black dots: single measurement points. Solid red line: result of the linear 
regression defined by (1). Dashed red lines: 95% prediction interval. 

current, frequency, active and reactive power with a high 
degree of precision. The device has a sampling interval of one 
second. Every 30 seconds a mean value of the previous 30 
measurements is computed and sent to the project database via 
a powerline communication (Echelon GmbH, Bielefeld, 
Germany). The values are time-stamped using the Network 
Time Protocol in order to ensure synchronization. The HACs 
are installed in every household at the main panel, the PV 
inverter output and at the largest loads (e.g., electrical water 
heater, heat pump and electro vehicle supply equipment). In 
addition to their data acquisition function, the HACs can also 
control the connected loads by disconnecting the electricity 
supply of the appliance by means of an internal relay, or by 
communicating to the appliance via an RS232, CAN bus and 
dry contact interface. The second device is a commercial 
synchrophasor measurement and analysis unit (Power Sentinel 
1133A, Arbiter Systems Inc., Paso Robles, CA, USA). This 
system can measure voltage, current, frequency, active and 
reactive power, phase angle, monitor power quality and derive 
frequency and time deviations. It features time synchronization 
via an internal GPS Satellite receiver. We installed two devices 
at radial branches a and b, indicated in Fig. 1. 

III.  TRANSFORMER POWER INFERENCE 

A. Correlation between voltage measured at the nodes and 
LV transformer power 

Power fluctuations at the transformer radial branch can be 
predicted from local voltage measurements at the grid end 
nodes. In Fig. 2, in the case of HH5, the rms voltage at the HH 
main panel�����, and the active power at the transformer 

radial branch ����	
 are plotted as a function of the time of day 
and the measurement day. The plotting shows a strong negative 
correlation between the two variables. When plotting the active 
power at the transformer against the voltage measured at the 
HH main plug, we observe a linear relationship (Fig. 3), which 
can be modeled as: 

 �����	
 � ������ � � (1) 

where � and � are constants. We fitted (1) to the data of each 
HH using the least squares method (red line in Fig. 3).  For 
each HH, Table I summarizes the extracted parameters �, �, 
with their respective 95% confidence intervals, as well as the 
correlation coefficient R and the rms error  RMSE, expressed 
both as an absolute value in kW and as a percentage of the 
measured power range max	�����	
� � min	�����	
�. 
Households on the same radial branch of the transformer 
(HH1-5 and HH6-7) recorded similar values for the fitted 
parameters k0 and k1, as well as comparable correlation 
coefficients and RMSEs. 

B. Correlation between voltages measured on the LV grid 

 When modelling the transformer as an ideal voltage source, 
the dependency of the voltage at the HH main panel on the 

TABLE I.  LINEAR REGRESSION RESULTS 

HH 

Fit results 

��  
(kW) 

��  
(kW V-1) 

R RMSE 
(kW) 

RMSE 
(%) 

1 648.1±0.5 -2.642±0.002 -0.912 6.255 6.130 

2 555.4±0.5 -2.241±0.002 -0.916 6.104 5.982 

3 544.4±0.4 -2.195±0.002 -0.917 6.097 5.975 

4 561.3±0.4 -2.265±0.002 -0.922 6.152 6.030 

5 695.0±0.5 -2.827±0.002 -0.893 6.529 6.461 

6 322.6±0.9 -1.308±0.004 -0.627 3.718 10.277 

7 324.4±0.9 -1.318±0.004 -0.600 3.903 10.788 

 

 Fig. 2  Voltage pattern measured at HH5 main panel U_main, and active 
power at the transformer radial branch P_trafo, at different hours of the day (y 
axis) and measurement days (x axis). 15 min averages of voltage and power 
are shown color coded. White background denotes missing data. 
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transformer power is expected to increase as a function of the 
impedance of the cables and of the number of HHs on the same 
branch. HHs at the far end of the grid should therefore yield 
higher correlation values. However, a detailed simulation 
would be required in order to assess this relationship more 
rigorously. We plan to address this problem in future studies. 
Nonetheless, by comparing the voltage correlation values of 
houses on the grid, it is possible to estimate their relative 
positions and even the grid topology itself [9]. The voltage time 
courses measured on the same radial branch of the transformer 
are also expected to be strongly correlated. In the case of the 
“Asilo Genestrerio” low voltage grid, we can easily identify 
neighboring HHs by looking at the correlation coefficient of 
the voltages measured at their mains (Fig. 4). 

C. Compensation of voltage drops due to local load 

The HACs are installed in the houses directly on the power 
supply cables of the appliances that they control. In order to 
estimate the power at the transformer more precisely, the 
voltage drop resulting from the load controlled by the HAC 
must be counterbalanced. For illustration purposes, we 
correlated the changes in voltage with the changes in power at 
the HAC monitoring the heat pump of HH4, and extracted the 
voltage drops as a function of the load of this HAC (Fig. 5). 
This analysis assumes that the HAC power profiles are 
uncorrelated. This is a simplification, as in fact there are a 
number of coupling factors that can drive mutual correlation, 
such as, for example, shared wire branch, time of day, outside 
temperature, etc. [10,11]. Since we use the time derivative of 
the two signals, however, the short timescale mitigates the 
effects of most of the correlation factors. Furthermore, we 
excluded from the analysis the data in which power changes 
were induced by a ripple control signal sent by the distribution 
system operator (DSO). Under typical conditions, the 
relationship between drawn power and voltage drop is 
expected to be largely linear. We therefore used linear 
regression to extract the estimated voltage drop (red line in 
Fig. 5). In order to minimize background and measurement 
noise, we considered only data in which the absolute value of 

dP/dt was higher than 10W/s. In this particular case, we 
estimated a voltage drop of -2.106±0.02 V/kW, with a 
correlation coefficient of R=-0.916. Fig. 6 illustrates the effect 
of voltage drop compensation on the HH4 heat pump HAC. 
The voltage drops correlated with the heat pump power peaks 
are compensated, and the correlation coefficient between the 
local voltage and the power at the transformer radial branch 
increases from 0.828 to 0.861. 

D. Applicability to the Swiss2Grid algorithm 

The Swiss2Grid algorithm [6] operates with a 5-day data 
buffer. We therefore assessed the quality of the fit and hence 
the ability to predict the transformer power based on a 5-day 
time history of voltage measurements. The results show that 
the fit on 5 days of data generally yields lower RMSE than the 
fit on the entire data sample, as it probably removes long-term 
seasonal effects (Fig. 7). Thus, working on a shorter time 
buffer improves the quality of the prediction. 

 
Fig. 4 Correlation matrix of rms voltage on phase 1, measured at the main
panel of the monitored HHs. Correlation coefficients are superimposed and 
color coded. 

Fig. 5 Voltage drop changes as a function of load changes for the HH4 heat 
pump. Black dots: Single measurement points. Solid red line: linear 
regression. Dashed red lines: 95% prediction interval. 

Fig. 6 Example of compensation of voltage drops due to local load caused by
the HH4 heat pump. A: Measured voltage (black line) and compensated 
voltage (red line). B: Active power. 
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We also show that there is a high correlation between the 
voltages measured at neighboring HHs (Fig. 4).  Consequently, 
neighboring HACs are expected to measure very similar 
voltage fluctuations and therefore reschedule the dispatchable 
loads in a synchronized way. In order to counteract the 
synchronization effect, the S2G algorithm adds a random delay 
to the scheduled time of the controlled loads [12]. Moreover, as 
there is no inter-HAC communication, the time at which the 
algorithms run and modify the loads is distributed uniformly. 
By virtue of local voltage measurements, the algorithms 
indirectly sense the previous actions of the neighboring HACs 
and utilize this information to stabilize the grid by rescheduling 
their own loads. Previous simulations showed that even when 
all the dispatchable loads were controlled by the HACs, the 
S2G algorithm was able to improve network stability [13]. 
Load flattening can also be achieved by allowing short range 
communication between the controllers [12]. 

IV.  CONCLUSIONS 

We have presented some of the results of the Swiss2Grid 
measurement campaign performed on the selected LV grid. We 
have shown that the power fluctuations at the transformer 
radial branch can be predicted from local voltage 
measurements at the grid end nodes. We have shown that 
voltages measured on the same radial branch of the low voltage 
grid are strongly correlated. We can easily identify 
neighbouring HHs by computing the correlation of their 
voltage time courses. 

The correlation between voltage at the appliance and power 
at the transformer can be further improved by compensating 
the voltage drops caused by local load. Operating on a 5-day 
time history yields lower RMSEs, as it likely avoids long-term 
seasonal effects. The applicability of these results to the 
Swiss2Grid algorithm has been verified in the case of the 
“Asilo Genestrerio” LV grid. 

Future work will verify the approach on a broader set of 
grid topologies, such as grids in which the LV transformer is 

equipped with a tap changer, using both measured and 
simulated data. 
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Fig. 7 Box plot of the root mean square error of the linear regression defined 
by (1) calculated based on a 5-day time history. The central mark on each box
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smaller than q1 – 1.5(q3 – q1), where q1 and q3 represent the 25th and the 
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