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Abstract

This research targets prediction of power consumption change (PCC) in the branch of
electrical distribution grid between a sum meter and consumer meter in response to
consumer load change. The problem is relevant for power preservation law-based event-
driven methods aiming for detection of anomalies like meter errors, electricity thefts, etc.
The PCC in the branch is due to the change of technical (wiring) losses as well as change of
power consumption of loads connected to the same distribution branch. Using synthesized
dataset set a data-driven model is built to predict PCC in the branch. Model performance is
assessed using root mean squared error (RMSE), mean absolute, and mean relative error,
together with their standard deviations. The preliminary experimental verification using
a test bed confirmed the potential of the method. The accuracy of the PCC in the branch
prediction is influenced by the systematic error of the meters. Therefore, the error of the
consumer meter and the PCC in the branch cannot be evaluated separately. It was observed
that the absolute error of the estimate of power measurement gain error was observed to
be within ±0.3% and the relative error of PCC in the branch prediction was within ±10%.

Keywords: power measurement; power distribution network; power loss; meter error

1. Introduction
The smart nature of modern metering devices, together with Advanced Metering

Infrastructure (AMI), greatly extends the scope of their functionality [1–4]. A smart meter
is electrical energy revenue electronic meter equipped with diverse communication capa-
bilities. Additional features such as high-resolution data acquisition, on-device storage,
bidirectional communication, time synchronization, real-time data processing, and event
detection enable smart meters to support applications far beyond those of conventional
electromechanical meters [5–9]. Smart electric energy meters can measure and transmit
values of current, voltage, active and reactive power, and power factor at sufficiently high
time resolution [10,11]. These data streams enable continuous monitoring of grid condi-
tions and facilitate the detection of anomalies, such as meter faults [12,13], non-technical
energy losses [14–16], atypical consumption patterns, infrastructure degradation, power
interruptions, or equipment malfunctions [17–19].

To fully leverage these functionalities, advanced methods for data analysis and in-
terpretation must be developed. This need has attracted substantial attention in recent
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research. Most anomaly detection methods proposed for smart meter data are grounded
in statistical analysis and machine learning techniques. The employed models include
linear regression frameworks (e.g., least squares), support vector machines, least squares
support vector regression, Gaussian process models, deep neural networks, unsupervised
clustering methods, decision tree ensembles, regularization-based methods, and various
optimization algorithms [20–27].

Revenue energy meters fall under the scope of legal metrology. Manufactured meters
undergo metrological verification for compliance with the requirements of standards like
IEC 62053-21 or EN 50470-3. Country-dependent regulations define the energy meter’s
period of the first reverification, which typically is in the range of 6 to 12 years [28]. It is
expected that before the expiration of the verification period meter’s measuring error does
not exceed the limits described in the corresponding standard, for example, 1% of energy
measurement for the class 1 meters. However, due to the ageing phenomenon, quality of
electronics assembly, impact of harsh environmental conditions, malicious acts, etc., may
cause metering error to exceed allowed limits. In this case, the larger the meter error, the
higher the economic losses energy provider or consumer will experience. Therefore, it is
important to detect meters that do not comply with the standard requirements. In some
cases, consumers may complain or utilities detect unexpected behavior of meters, also a
meter may report its malfunctioning mode if self-diagnostics features are implemented. In
all cases, the meter is removed from service and replaced with the new meter. In practice,
error correction is never applied for the revenue meters that are found to exceed errors
defined by the standard. Therefore, the key requirement in order to minimize economic
losses or errors of power consumption forecasts is to detect the malfunctioning meter as
fast as possible. Consumer complaints can be incorrect (the meter is found to operate
properly), and sending utility personnel to perform on-site verification or deliver a meter
for metrological verification in-laboratory is a costly procedure. Therefore, the reliability
of detection of a suspected meter is of utmost importance. Remote meter error detection
methods are aimed at identifying the suspected meters that have to be replaced with
new metrologically certified meters according to the internal procedures of the electricity
providing utility. Quantification of the impact of metering errors could be performed
to determine economic losses due to incorrect metering. Some considerations on this
issue were presented in our previous articles [13]. Typically, if meters are compliant with
the corresponding standards, the impact of systematic errors (within allowed limits) and
economic losses to consumers and energy providers are expected to be equally distributed,
and no actions are applied to correct meters reported consumption readings.

Many of the suggested methods are based on the analysis of long-term time series
of power consumption and other electrical quantity data [29–33]. This strategy involves
tracking energy usage patterns over time and comparing them to expected baseline be-
havior [29,34]. Another widely applied strategy is based on power balance analysis,
which requires aggregating measurements from a sum (total) meter and comparing them
with the cumulative readings of all downstream submeters in the power distribution net-
work [20,21,35,36]. A sum meter is a smart meter that is installed at the beginning of the
energy distribution branch and monitors total consumption of loads connected to the same
branch and losses in the distribution electrical cables. The reliability and applicability of
such methods diminish in practical deployment scenarios where smart metering coverage
is incomplete or partially implemented.

In our previous work [37], we proposed an alternative method for detection of anoma-
lies in smart metering data, which is based on the observation of discrete power events,
sudden changes in load resulting from consumer activity, such as switching appliances
on or off. This approach involves the joint analysis of power, current and voltage mea-
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surements obtained simultaneously from a sum meter and a meter under test (MUT), both
before and after such power events. The sum meter serves as a reference instrument which
readings are trusted both at the period of training of models necessary for the implemen-
tation and monitoring period. A power event (or power step), is defined as a distinct
transition in energy demand at a specific time. This direct comparative method between
meters eliminates the need for exhaustive submetering of all individual loads beneath the
sum meter, a requirement that constrains many conventional techniques. Our method is
based on evaluating the active power balance associated with a power consumption change
(PCC) during a power step. The key equation is expressed as follows:

dPs = dPc + dPn + dPA, (1)

where dPs is an active PCC at the sum meter installation point, dPc is active PCC of the load
located under the consumer MUT, dPA is PCC associated with a presence of the anomaly
and dPn is the change of active power consumption in the distribution branch. As presented
in (2), PCC in the distribution branch in response to the consumer load consumption change
(power step) is a superposition of (1) change of energy transfer losses in the distribution
branch between sum meter and consumer meter, and (2) change of power consumption by
other loads connected to the same distribution branch.

dPn = dPw + dPnL. (2)

The reason for the dPw is power losses in energy delivery cables, and the reason for
the dPnL is power consumption change due to voltage change caused by the change of the
consumer load behind MUT. This decomposition facilitates building a prediction model as
derived later, but its constituent parts dPw and dPnL are not measured separately in a real
distribution network.

The change of power associated with technical losses dPw in the section of the dis-
tribution network or installation wiring between sum meter and consumer MUT, can be
calculated—provided the impedances of each segment and the respective current readings
are known—using the expression

dPw =
N

∑
i=1

I2
wi2Rwi −

N

∑
i=1

I2
wi1Rwi, (3)

where Iwi1 and Iwi2 are the currents in the ith line (cable) segment, before and after the
power step dPc, respectively, Rwi is wire resistance of the ith line’s (cable’s) segment, N is
number of line segments between consecutive load connection points in the grid.

Numerous methods have been proposed for estimate technical losses, which depend
on available information, network topology, and voltage levels. For low-voltage distribu-
tion networks, accurate loss estimation becomes particularly challenging due to the large
number of elements and insufficient operational data [38].

One of the most straightforward approaches to estimating losses in low-voltage grids
involves comparing the total energy supplied and consumed [39–42]. However, this method
cannot distinguish between technical and non-technical losses [40,43], making it unsuitable
for anomaly detection. Moreover, it requires synchronized or time-aggregated readings
from both the entry-point meter and all load meters downstream. In real-world settings,
data from some consumers is often unavailable due to non-telemetered loads [44,45]. Some-
times data from users is also unavailable due to disaster. Then, a load restoration method is
required. This method must also consider losses (disconnections). In [46], an asynchronous
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decentralized load restoration method of the resilient electricity-transportation network
considering building and electric bus was presented.

Several methods have been developed to estimate missing data from non-telemetered
customers or uncertain smart meter readings. For instance, Velasco J. A. and others [44]
propose a top-down approach using intra-hour demand profiles generated via a Markov
process, while Li Z. and others [47] suggest a Dirichlet-sampled Gaussian mixture model.
However, such synthetic profiles are insufficient to accurately estimate instantaneous power
loss changes triggered by specific load events, which is critical for our method.

Another class of techniques estimates technical losses via analytical approximations
using parameters such as load form factor, loss factor, energy loss ratios, and empirically
derived coefficients [38–40,48–55]. While these models are computationally simple and
only require loading data at the entry point, their estimates are based on peak demand
and general load profiles, lacking real-time responsiveness [48]. Thus, they are valuable
for planning and optimization [40,56,57] but inadequate for event-based loss estimation in
consumer delivery branches.

Benchmarking methods approximate a target network by matching it to a representa-
tive circuit from a library of benchmark models [40,45,58]. Selection is based on similarity
between various features such as feeder length, number of branches, and customer den-
sity [45,59]. These techniques employ machine learning or statistical clustering to build and
navigate the benchmark library [48]. However, the selected benchmark is an approximation
rather than an exact match, which limits its usefulness for precise loss estimation [39].

Power flow analysis is a widely accepted method for estimating power losses [39,43,60–63].
It can yield high precision [60] but requires complete knowledge of network parameters and
all load data. Since our method relies only on readings from the sum meter and the consumer
MUT and assumes no access to detailed grid topology or wiring specifications, neither power
flow analysis nor analytical loss estimation via (3) is applicable for our purposes.

In [64], a fundamentally different technique is proposed based on Newton’s law of cool-
ing, which utilizes non-electrical parameters such as conductor and ambient temperatures.
Although rooted in heat transfer physics, this method requires additional instrumentation
(e.g., temperature sensors and data transmission systems) and suffers from slow thermal
response and low sensitivity to small power changes, making it incompatible with our
anomaly detection objectives.

The PCC component associated with changes in grid loads dPnL, caused by a consumer
load event dPc, arises due to voltage fluctuations across the network. These voltage changes
stem from altered current flows and the corresponding shifts in voltage drops. The response
of each load to voltage variation—and hence its individual PCC component, dPi—depends
on the electrical nature of the load (e.g., constant power, constant current, or constant
impedance), or their ZIP model composition [62,65].

If the ZIP model parameters of all loads and their voltage readings are known, then
dPnL can be calculated analytically:

dPnL =
M

∑
i=1

PiN

(
ai + bi

Vi2
VN

+ ci

(
Vi2
VN

)2
)
−

M

∑
i=1

PiN

(
ai + bi

Vi1
VN

+ ci

(
Vi1
VN

)2
)

, (4)

where PiN is power consumed by ith load when its voltage equals to the nominal Vi = VN ,
ai, bi, ci are the coefficients representing the constant power, constant current, and constant
impedance components of the ZIP load model, Vi2 and Vi1 are actual voltages of the nodes
where ith load is connected, correspondingly, before power step dPc and after it. However,
in practical deployments, voltage readings are often unavailable due to partial smart meter
coverage, and the ZIP model parameters of connected loads are generally unknown. This
significantly limits the applicability of (4) to real-world grid monitoring.
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For the identification of the anomaly dPA ̸= 0, the suggested method requires eval-
uation of the PCC component dPn (1). As discussed, it could not be done by applying
previously presented analytical approaches (3) and (4) as the method relies just on data
provided by sum meter and consumer smart meter, and the currents, voltages and powers
of other consumers’ loads connected to the distribution branch monitored by the sum meter
(except the one monitored by consumer MUT) are unknown. It also cannot be obtained
directly from the data acquired by sum meter and MUT if PCC component associated with
the anomaly dPA is suspected to be non-zero (1). However, dPn could be predicted by
applying statistical analysis or machine learning (ML) methods. Therefore, the aim of this
work is to propose and verify a method for the prediction of PCC in distribution branch,
which is caused by the PCC at consumer site using readings (powers, voltages, currents)
acquired by sum meter and meter under test. It is assumed that readings of the other con-
sumer loads, connected to the distribution branch, are unavailable because of partial smart
metering deployment. If consumer MUT readings are used as input predictors (variables)
for input of the prediction model, then its systematic error will influence the target output
errors. Therefore, PCC and consumer MUT errors cannot be evaluated separately and
become a common consumer MUT error and PCC assessment.

The main contribution of the paper is a method for estimation of PCC in the distribu-
tion branch in response to consumer load change. As can be seen from the survey of related
literature (Table 1) of loss assessment techniques any method suitable for this specific task
was not published earlier. A technique suggested in this paper targets improvement of
event-driven accuracy of the method of remote meter error detection published in our
earlier publication [37] by means of predicting PCC in the distribution branch between sum
meter and consumer MUT. As the technique of remote error detection [37] relies on power
preservation law, its accuracy improvement is achievable due to prediction of losses change
in the distribution branch, and other same branch-connected loads’ power consumption,
which are members of the power balance equation.

Table 1. Summary of the methods for LV grid losses assessment.

References Measure of Losses The Main Principle Required Data, Models
and/or Tools Limitations

[41,42,44,47]
Difference between
input and output

powers (energies).

Based on power
(energy) balance.

Power readings at the entry point
and of all loads (or output).

Prediction model for the
unmonitored loads for the partial
smart-meter deployment cases.

All loads must be monitored by the
smart meters; this does not provide an
opportunity to discern technical and
non-technical losses. Approximate

data of the non-monitored loads for the
partial smart-meter deployment cases.

[39,40,49–52]
Load loss factor,

load factor,
empirical coefficients.

Based on analytical
approximations.

Power (energy) or current data at the
entry point and factors, coefficients

analytical approximations.

Are based on rougher approximations
and provide rough losses estimates.

Do not provide real-time information.

[45,58,59] Losses of the
equivalent circuit.

Based on reference
grid models.

Power readings at the entry point.
Set of benchmark circuits or

approximations. Model, assessing
similarities of the circuits.

Provides approximate estimates which
accuracy depends on similarity of the

analyzed network and its approximation.

[39,43,60,61]
The losses estimates

based on Power-
flow calculation.

Based on power-
flow analysis.

Detailed technical specifications of
the network. The data about all

loads in the network, power flow
analysis software.

Requires complete data about the
network (technical specifications) and

all loads.

[64]
Temperatures of
the conductors

and environment.

Based on Newton’s
Law of Cooling.

Data of conductors and environment
temperatures, data gathering,

transmission equipment,
interpretation algorithms.

The inertia of the thermal processes
and low sensitivity to the small power

steps. Requires additional sensors,
interpretation algorithms.
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2. Materials and Methods
2.1. Equivalent Circuit of the Distribution Grid Branch

An equivalent circuit of a single-line diagram of the distribution grid branch represen-
tation for the verification of the power change prediction during the consumer power step
by the suggested method is presented in Figure 1. The scheme mimics a common radial
LV power supply path from a sum meter (SM) to a remote consumer meter under test
(consumer MUT). Consequently, connected consumer loads i = 1,N as well as the consumer
MUT are separated by the line segments, which are represented by resistances in the circuit.

Figure 1. Equivalent circuit representing the energy delivery route from sum meter to consumer
MUT. The arrows and dots represent the other branches. The circles represent electricity meters.

The section of the DG between the sum meter installation point and the consumer,
which is monitored by the smart meter, includes several branches with active resistances
Rwi, i = 1,N and loads PLi, i = 1,N as depicted in Figure 1. The electrical quantities at
intermediate nodes from 1 to N are not tracked by the consumer MUT. When the power
consumption at the consumer node changes by dPc, the network’s power consumption
dPn alters due to change in losses caused by resistances Rwi and consumption of loads PLi.
We assume that choosing N = 6 adequately captures the effect of branch resistances and
various other consumer loads to examine the dPn range accessible to readings at the sum
and consumer MUT locations. If the consumer MUT is not connected at the DL’s beginning,
all DL in front of the consumer MUT can be represented by the Nth node’s appropriate
power consumption.

2.2. Data Synthesis

To validate the proposed model for estimating dPn, the electrical flow issue was
resolved for the circuit depicted in Figure 1, utilizing the pandapower (version 3.1.2)
tool (https://www.pandapower.org/, accessed on 14 June 2025). In the simulations, the
MV/LV transformer was represented by the 0.25 MVA, 10/0.4 kV transformer model from
the standard pandapower library. The scenarios of DL resistances (Figure 1) are provided
in Table 2. Table 3 presents cases of the active power loads of the network.

Table 2. Resistances of distribution lines.

Grid Case Rs,
mΩ

Rw1,
mΩ

Rw2,
mΩ

Rw3,
mΩ

Rw4,
mΩ

Rw5,
mΩ

Rw6,
mΩ

Rwsum,
mΩ

1 30 30 30 30 30 30 30 210
2 30 15 15 15 30 30 30 165
3 30 30 30 30 15 15 15 165

https://www.pandapower.org/
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Table 3. Active power load cases.

Grid Load Case PL1,
kW

PL2,
kW

PL3,
kW

PL4,
kW

PL5,
kW

PL6,
kW

1 0 0 0 0 0 0
2 6 0 0 0 0 0
3 6 6 0 0 0 0
4 0 0 0 6 0 0
5 0 0 6 6 0 0
6 0 0 0 0 0 6
7 0 0 0 0 6 6
8 6 6 6 6 6 6

The synthesized data covers variety scenarios in order to assess the main effects of
the branch operational modes on the method performance including different branch
parameters, different loading patterns and uneven load distribution along the branch,
different load types and different sizes of the consumer power step. Combination of the
loads and wire resistances during the worst-case scenario, i.e., grid case 1 presented in
Table 2, together with grid load case 8 presented in Table 3, causes 10% voltage drop in the
power supply path. The other grid load cases were meant to consider the effect of unequal
line lengths between consecutive loads. Grid load cases presented in Table 3 were utilized
to assess the effect of different voltage drops and power losses in the branch.

The arrangement of network load powers, smart meters metered power, and the con-
sumer power step size of dPc = (0.3, 0.5, 0.7, 1.0, 1.5) kW, to cover the relevant power ranges
of the conventional household appliances, alongside the power consumption preceding
the power step of Pc1 = (0, 0.3, 0.6, 0.9, 1.2) kW, is depicted in Figure 2, accompanied by
the corresponding dPn for each configuration scenario. The network loads were simulated
using the ZIP model, encompassing both constant impedance (ZZ) and constant power
(ZP) coefficients, with ZP = 1 − ZZ within this model. Every load PLi, i = 1,N, assumed the
constant impedance coefficient as illustrated in Figure 2. The aggregate power consumption
of the DG branch is

Peqn =
N

∑
i=1

PLi +
N

∑
i=1

Pwi + PRs (5)

where Pwi and PRs represent the power losses within the ith energy delivery branch and
the Rs branch, respectively. The distribution of PLi, along with its metadata, is available at
https://github.com/KTU-ANODETEL/Grid_of_6_Nodes_One_Phase_Dataset1, accessed
on 14 June 2025.

This study initially focusses on the consumption of active power by consumer loads.
Future plans include adapting the method to account for both active and reactive power
components.

As shown in Figure 2, the values of dPn can exhibit both positive and negative vari-
ations dependent upon the nature of loads and the magnitude of technical losses within
the DG branches. This inherent complexity renders the prediction of dPn a challenging
task. Furthermore, it is evident that fluctuations in dPn are substantial, and employing
the conventional average power loss rate (commonly approximately 4 to 5% of power
consumption in LV grids) in lieu of the actual dPn would significantly impair the accuracy
of power balance equality (Equation (1)). Notably, the ratio of the alteration in PCC in
distribution branch to consumer’s PCC kn = (dPn/dPc)·100% oscillated between −5% and
+15%, contingent on the load configuration (refer to Figure 2).

https://github.com/KTU-ANODETEL/Grid_of_6_Nodes_One_Phase_Dataset1
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Figure 2. Consumer load power, DG branch power consumption, ZIP model coefficient of loads,
change of DG branch power consumption after consumer power event, and power losses coefficient
in the synthesized data obtained from grid configuration case no. 2 (Table 2).

2.3. Meter Error and Resolution Modelling

Readings of electrical quantities acquired by consumer and sum meter exhibit mea-
surement errors, including those caused by limited resolution compared to error-free
synthesized data. We assume the following model of current and voltage readings

I = I0·
(

1 +
EI

100%

)
(6)

V = V0·
(

1 +
EV

100%

)
, (7)

where I0 and V0 are error-free values of the current and voltage obtained during synthesis,
EI and EV are the relative percentage gain errors of current and voltage, respectively.

The gain error can be divided into systematic components (eI , eV) and random com-
ponents (rI , rV), such that:

EI = rI + eI ; EV = rV + eV . (8)
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The systematic relative gain error is more related to the aging of the meter and the
influence of environmental conditions. The random component of the gain error represents
higher frequency thermal noise caused due to the electrical components in the measurement
channel of the current and voltage.

In a similar way, the active power readings can be modelled by

P = I·V·cosφ = I0·
(

1 +
EI

100%

)
·V0·

(
1 +

EV
100%

)
·cosφ. (9)

We do not consider phase angle measurement errors in this research. It can be derived
from (6)–(8) that:

P = I0·V0·(1 + eP + rP)·cosφ (10)

where systematic gain error and random gain error of active power measurement are
correspondingly denoted

eP ≈ eI
100%

+
eV

100%
, (11)

rP ≈ rI
100%

+
rV

100%
, (12)

when lower order terms such as eV ·eI/(100%·100%), eV ·rV/(100%·100%), rV ·eI/(100%·100%),
and rV ·rI/(100%·100%) are neglected. Later, relative errors expressed in parts rather than
percent will be used

γI =
eI

100%
, (13)

γV =
eV

100%
, (14)

δI =
rI

100%
, (15)

δV =
rV

100%
. (16)

The accuracy class of an energy meter (0.2, 0.5, 1, and 2 according to the standards
IEC 62053-21 and IEC 62053-22) defines the allowed range of power measurement errors.
Class 1 m are subject to a maximum error of ±1% of the measured active power value.
The presented research focusses on identifying changes in gain error, while the random
component of gain error is presumed to be constant. For example, if current and voltage
systematic gain errors are equal to 0.5% and random gain errors equal to 0.5% (rectangular
distribution), then the power systematic gain error will be 1% and the power gain error
will not exceed the range between 0 and 2%.

In a real-life application, the average of K measurement samples will be used to
estimate the power, current, and voltage of the sum and consumer MUT before and after
the power event (Figure 3). Therefore, the variance of random component will be reduced√

K times due to the averaging operation. In the research that follows, K is set to 10.
While active power calculations in meter metrology modules are performed with

high resolution, quantity readings are presented on the meter display or transmitted
through communication channels with a restricted resolution. To represent the constrained
resolution of quantity readings, such as current, an expression is utilized

Iread = round
(

I
res

)
·res (17)

where res denotes the current resolution in current units, I represent the high-resolution
current, and Iread stands for the current reading displayed with the resolution res. For
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instance, if I is 1.457 A and res is 0.01 A, then Iread would be 1.46 A. The resolution error is
inherently random, with a zero mean and a uniform distribution.

Sum 
meter

VS Vc
Consumer 

MUT

Pc1

Pc2

Ic1

Ic2

Vc1

Vc2

Ps1

Is1

Vs1

Ps2

Is2

Vs2

K=10 samples before 
power event

tevent

PL1 PL2 PL3 PL4 PL5 PL6 PC

K=10 samples after 
power event

1   2   3   4    5   6   7    8   9   10

timeT=1 s (sampling period)

1   2   3   4    5   6   7    8   9   10

Figure 3. Power, current, and voltage readings of sum meter and consumer MUT before and after
power event.

Random and systematic type errors influence the readings of both meters (sum and
consumer). Errors occur in both voltage, current, and power readings. In this study, we
will assume that the random type errors of power measurement are equal to the accuracy
classes of typical meters. At the same time, we will also evaluate the influence of resolution.
Limited resolution affects both current, voltage, and power readings. The numerical values
of the resolution are taken according to the capabilities of the P1 interface (the P1 port is
a device of smart electricity meters) of currently used typical meters. The values of the
random errors and resolutions studied are presented in Table 4. The influence of systematic
type errors will be investigated in the range from −5% to +5% (when evaluating consumer
power data readings).

Table 4. Meter class and random error (rP) of active power measurement.

Case Sum Meter
Class

Sum Meter,
Random Power

Error (rP), %

Consumer
Meter, Class

Consumer Meter,
Random Power

Error (rP), %

Sum Meter Voltage,
Current and Power

Readings Resolution

Consumer Meter
Voltage, Current

and Power
Readings Resolution

M1 0 0 0 0 0.1 V, 0.05 A, 1 W 0.1 V, 0.05 A, 1 W
M2 0.5 0.5 0.5 0.5 0.1 V, 0.05 A, 1 W 0.1 V, 0.05 A, 1 W
M3 0.5 0.5 1 1 0.1 V, 0.05 A, 1 W 0.1 V, 0.05 A, 1 W

2.4. Synthesized Training and Testing Datasets

The synthesized data are partitioned into training and testing datasets. Using
Equations (6)–(12): (1) random noise corresponding to meter class is added to the sum and
consumer current, voltage and active power readings of training and testing datasets before
and after the consumer power event (Figure 3), (2) systematic gain error is injected into
the testing set of only consumer meter readings in the (6)–(12), (3) finally, the resolution is
restricted in all datasets by applying (17).

The notations of the synthesized data with the injected random and systematic gain
errors is denoted in Figure 3. The index 1 denotes average (from K samples) power, current
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and voltage before the power event, and index 2 denotes average (from K samples) power,
current and voltage after the power event.

In Table 5, cases of training and testing datasets are assigned distinctive titles (T1,
T2, T3) for the faster reference in the following text. Odd samples from the complete
synthesized dataset (Figure 2) of power, current and voltage are always used to build
data-driven models (training phase), which will be used to predict PCC and estimate gain
error of consumer MUT. The test data set was composed from even samples of the full
dataset or by selecting other samples according to the rule listed in Table 5.

Table 5. Cases of training and testing synthesized datasets (total number of samples and percentage
of the full dataset).

Dataset Case Training Data Set Testing Data Set

T1 500 samples/50% (odd samples, sample numbers
2n − 1, n is integer number from 1 to N/2)

500 samples/50% (even samples, sample
numbers 2n, n is integer number from 1 to N/2)

T2 500 samples/50% (odd samples) 250 samples/25% (sample numbers 4n, n integer
number from 1 to N/4)

T3 500 samples/50% (odd samples) 125 samples/12.5% (sample numbers 8n, n
integer number from 1 to N/8)

To summarize, the dataset was generated:

(1) Setting power consumption such that to cover ranges of typical loads used at house-
holds of residential consumers

(2) Modeling equivalent network to obtain voltage and current corresponding to the
power consumption before the power step and after power step at the consumer site
which is metered by consumer MUT. Different distribution branch resistances were
used to generate data sets representing distribution networks with different wiring
resistances (losses)

(3) Injecting random and systematic errors into simulated I/V/P according to (6), (7) and
(10)

(4) Limiting resolution of V/I/P readings to represent limited resolutions of readings
available from smart meters over communication interfaces.

Despite the wiring resistances and power consumptions might be slightly different
depending on countries, historical period of electrical network construction, contracts be-
tween consumers and utilities in different countries, but absolute values are not particularly
critical for the verification of the performance of a suggested method for PCC in the branch
and meter gain error detection. This is a typical research methodology in electrical power
systems when some standard, equivalent, typical network and their parameters are used to
verify a developed measurement, detection, control, or similar methods.

3. A Technique for Prediction of Branch Power Consumption Change
To determine the PCC of distribution grid dPn a two steps approach is applied. First, in

the reference conditions when sum and smart meter readings are trusted to be within their
accuracy class limits, the so-called training phase is performed. Assuming the equivalent
DG branch schematic as shown in Figure 4, the equivalent resistance Req is estimated and a
data-driven model for dPnL prediction using consumer meter readings is derived (see also
(2)). Peqn aims to model the total of all loads connected in the DG branch (PLi, i = 1, 6 in
Figure 1). dPnL denotes PCC of Peqn after a consumer power event.
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transformer
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Figure 4. Equivalent circuit of the branch of distribution grid.

Second, in a testing (or monitoring) phase, dPn is estimated using average Req and
dPnL prediction model. These two procedures are described in detail below.

In the training phase using training dataset, estimates of Req and dPnL are determined:

1. The equivalent resistance Req is calculated according to expression

Req =
dVc − dVs

dIs
, (18)

where dVs = Vs2 − Vs1 represents voltage change, and dIs = Is2 − Is1 denotes the current
change measured by the sum meter. Similarly, dVc = Vc2 − Vc1 corresponds to the voltage
change measured by the consumer’s meter.

After processing a set of consumer load changes, the mean value Req is calculated.

2. A data-driven linear regression model for predicting dPnL

dP̂nL = f(Vc2, Vc1, Pc2, Pc1) (19)

is built using stepwise regression (Matlab stewiselm training function) with the target
attribute obtained from training data using equation

dPnL = dPs − dPc − dPw = (Ps2 − Ps1)− (Pc2 − Pc1)−
(Vs2 − Vc2)

2 − (V s1 − Vc1)
2

Req
, (20)

and predictor variables including voltage and active power after and before the power
event Vc2, Vc1, Pc2, Pc1 and their following multiplications Vc2·Vc1, Vc2·Pc2, Vc2·Pc1, Vc1·Pc2,
and Vc1·Pc1 that were selected by the training function as the most relevant predictors.
The set of predictors (input features) was determined using the dataset synthesized T1
(see Table 5) and M3 (see Table 4) cases and afterwards was maintained fixed for other
examined training datasets. The model (19) exhibited a coefficient of determination
(R-squared) equal to 0.989. This way we attempt to avoid variations of model’s struc-
ture dependent on training data, because we do not have any evidence or expectation that
underlying phenomena are influencing relationships between physical quantities somehow
differ when synthesizing different data sets using the same equivalent circuit. No other
non-default settings were chosen for the regression model training.

In the testing (or monitoring) phase, smart meter current, voltage, and power gain
errors can appear, and they influence dPn estimation error. Therefore, dPn estimation and
consumer meter gain error estimation cannot be solved separately. Using the balance
equation gain error and afterward dPn can be evaluated. Since both quantities are solved
in the testing phase, the higher quality of dPn prediction positively influence precision of
gain error estimation. Therefore, dPn estimation error minimization and lower sensitivity
to both meters random and systematic errors remains relevant, though itself it is not the
final goal of monitoring.
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1. Assuming that the relative systematic error of consumer meter is γV , the predicted
power losses within the DG branch can be expressed as:

dP̂w =
(

Vs2 − Vc2/(1 + γV))
2 − (V s1 − Vc1/(1 + γV))

2
)

/Req. (21)

The predicted PCC of network loads is evaluated using the model (19) derived in
training phase and using corrected predictor readings:

dP̂nL = f
(

Vc2

1 + γV
,

Vc1

1 + γV
,

Pc2

1 + γI + γV
,

Pc1

1 + γI + γV

)
. (22)

The predicted quantity of the change of the sum meter PCC in response to a consumer
load change can be expressed:

dP̂s = dP̂w + dP̂nL +
Pc2

(1 + γI + γV)
− Pc1

(1 + γI + γV)
. (23)

To estimate the systematic gain errors of voltage and current SIV = (γ̂I, γ̂V) or their expression
in percentage SIV = (êI, ˆeV) it is necessary to solve the following minimization problem:

SIV = min

(
M

∑
i=1

(
dP̂s(i)− dPs(i)

)2
)

, (24)

where index i denotes the number of power event, and M is the total number of power
events, dPs = Ps2 − Ps1 is the sum meter measured PCC.

The solution of problem (24) is achievable using the least squares minimization solver.
The absolute estimation error of the systematic gain error of voltage (current or active

power) is defined as
∆(eV) = êV − eV , (25)

where eV represents the actual gain error associated with voltage (the same for current, or
active power measurements), as established during the synthesis of the test data set. Standard
deviation σ(∆(eV)) of mean is a typical measure of repeatability of the estimation error.

2. The predicted dP̂n can be found by substituting systematic error of voltage and current
with their estimates correspondingly γ̂V and γ̂I in (21), (22) and the expression

dP̂n = dP̂w + dP̂nL. (26)

The mean value dPn is obtained by averaging predictions dP̂ni, i = 1, M that were
obtained using voltage, current and power readings corresponding to ith power event.

4. Performance Assessment of Branch Power Change Estimation
4.1. Distribution Branch Resistance Estimation

Figure 5 presents the estimations of Req derived from the testing dataset, along with
the relative error

e
(

Req
)
=

Rwsum − Req

Rwsum
·100%, (27)

where Rwsum = ∑N
1 Rwi + RS represents the sum of DL resistances in the energy

delivery pathway.
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(a) (b) 

Figure 5. Req (a) and relative error of its estimate (b) vs. grid loads configuration case (see Table 3 and
Figure 2). Grid case no. 1 from Table 2.

The mean value of Req was determined based on distinct network configurations. Its
relative error e

(
Req
)

and the standard deviation σ
(
e
(

Req
))

of estimation error mean are
presented in Table 6. Despite that an estimate of Req exhibits rather high estimation error,
but the average of M estimate yields a good match to the actual branch resistance Rwsum.

Table 6. Equivalent resistance estimation. Meter class and random power error case M1 from Table 4
and training data T1 from Table 5.

Grid Case Rwsum, mΩ e(Req), % σ
(
e
(
Req
))

, %

1 210 0.64 0.56
2 165 1.66 0.76
3 165 1.37 0.73

4.2. Network Power Consumption Change After the Consumer Power Event

The prediction of change in power losses of DG branch denoted as dP̂w is estimated
using (26) (see Figure 6), whereas the actual dPw can be obtained from testing data readings
according to definition (see quantities notation in Figure 1)

dPw =
N

∑
i=1

dPwi + dPRs =
N

∑
i=1

dI2
wiRwi + dI2

s Rs. (28)

The prediction of change in grid loads power consumption dP̂nL is estimated using
(22) (see Figure 7), whereas the actual dPnL can be obtained from testing data readings
according to definition (see quantities notation in Figure 1)

dPnL =
N

∑
i=1

(
PL(2)i − PL(1)i

)
=

N

∑
i=1

dPLi (29)

where PL(1)i and PL(2)i are power consumption of the ith consumer before and after the
power event respectively.
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Figure 6. Predicted DG branch power loss change dP̂w. Grid case no. 1 from Table 2. Meter class and
random power error case M1 from Table 4 and training/testing data set case T1 (Table 5).

 

Figure 7. Predicted network loads change dP̂nL . Grid case no. 1 from Table 2. Meter class and
random power error case M1 from Table 4 and testing data (50% (even) of data).

The overall predicted PCC in the DG branch dP̂n is estimated using (26), whereas it’s
the actual dPnL is calculated from testing data set

dPn = dPw + dPnL (30)

The absolute error of prediction of dP̂n is

∆
(
dP̂n

)
= dPn − dP̂n (31)

The predicted PCC dP̂n and its prediction error ∆
(
dP̂n

)
are shown in Figure 8.

The average dP̂n calculated from all estimated samples of dP̂n which are obtained
using testing dataset are shown in Table 7 along with relative error average,

e
(

dP̂n

)
=

dP̂n − dPn

dPn
·100%, (32)

the standard deviation σ
(
∆
(
dP̂n

))
of absolute error ∆

(
P̂n
)

values, and the relative errors of dPn

e
(
σ
(
∆
(
dP̂n

)))
=

σ
(
∆
(
dP̂n

))
dPn

·100%, (33)

where dPn denotes average of actual dPn values in the testing dataset.
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Figure 8. Predicted PCC in the branch dP̂n and its prediction error. Grid case no. 1 from Table 2.
Meter class and random power error case M1 from Table 4 and testing data (50% of samples (even)).

Table 7. dP̂n estimation performance. eI = 0%, eV = 0%, eP = 0%. Data: grid case no. 1 from Table 2.

Training/Testing
Data Case

Meter Class and
Random Power

Error (rP) (Table 4)
dP̂n, W

Standard Deviation
of dP̂n, W

Relative Error
of dP̂n, %

Standard Deviation of
Relative Error dP̂n, %

T1 M1 21.5 - 2 −5.51 - 2

T1 M2 1 21.7 1.8 −4.37 7.8
T1 M3 1 22.0 2.2 −3.20 8.9
T2 M1 21.3 - 2 −3.94 - 2

T2 M2 1 20.2 3.6 −8.80 16.0
T2 M3 1 21.6 1.9 −2.71 8.8
T3 M1 21.3 - 2 0.21 - 2

T3 M2 1 20.1 2.3 −5.37 10.9
T3 M3 1 21.0 2.3 −1.45 10.9

1 10 iterations were performed using M2 and M3 cases with different noise ensembles. 2 In these cases standard
deviation of dP̂n and standard deviation of relative error dP̂n are not calculated.

The results in Table 7 were obtained in the case where systematic errors were absent
in the readings of the consumer MUT. It can be seen that the ratio between training data
set size and testing data set size does not significantly influence the standard deviation of
prediction error of dPn. Also, no strong correlation was observed between random error
influenced by meter accuracy class of power measurement and error of prediction of dPn.

By analyzing relative error of dP̂n and its standard deviation in Table 7, it cannot be
confirmed that higher accuracy class of consumer meter (compare M2 and M3 cases) yields
higher accuracy of PCC prediction. Moreover, we have observed that less random noise
level due to better meter accuracy class may cause higher PCC estimation error (compare
case T2/M2 to T2/M3). This could be explained that training data containing higher levels
(to some extent, of course) of additive random noise is better generalized by the data-driven
model (19) and consequently more accurate prediction of dP̂s according to (23). Though
more extensive analysis might be required, but our initial insight is that improvement
of consumer meter accuracy class does not unequivocally improves PCC in the branch
prediction error due to the influence of other factors impacting solution of minimization
problem (24) which is necessary to obtain estimates of voltage and current gain errors and
afterwards PCC using (21), (22) and (26).
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4.3. Influence of Systematic Gain Errors of Consumer MUT

Figure 9 presents scatter plots of eI, eV, eP estimations, which are obtained by solving (24).
It indicates a good approximation precision.

(a) (b) (c) 

Figure 9. Scatter plots of gain errors eP (a), eV (b), eI (c) estimates. Test data: grid case no. 1 from
Table 2, Meter class and random power error case M3 and Training data/Testing data case T3
from Table 7.

It can be seen from Figure 10a that the dPn estimation error is not influenced by the
size of eP increases in case of larger estimation error of eP (see Figure 10b).

 
(a) (b) 

Figure 10. Relative error of dP̂n versus eP actual value (a) and versus absolute eP estimation error
of ∆(êP) (b). Every sample of relative error of dP̂n was obtained by averaging 10 estimates dP̂n

acquired at 10 different noise ensembles of random injected error. The training/testing data set is
T1 from Table 7.

Based on the applied test data set, the RMSE of êP was 0.10%, the RMSE of ˆeV was
0.08%, and RMSE of êI was 0.07% (calculated from estimates shown in Figure 9). From
the data shown in Figure 9 it was observed that the absolute error of the estimate of
power measurement gain error was within ±0.3% These performance metrics seem quite
acceptable for practical needs because Class 1 m power (energy) measurement error should
not exceed 1% and if consumer MUT power measurement error estimates are obtained
with RMSE 0.10%. The rule for triggering detection of MUT non-compliance to standard
requirements could be a fixed threshold-based or adaptive thresholding based on power
gain error RMSE calculated after several consecutive estimations.
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RMSE of estimation of the relative error of dPn was 4.41% while observed relative
error of PCC in the branch samples were within the ±10% range (calculated from estimates
shown in Figure 10b, which is superior compared to techniques that neglect the presence of
PCC in the branch (neglect the presence means that relative error is 100%).

In Figure 11, the influence of the resistance of the DG branch (grid cases in Table 2) on
the absolute error of the estimation of gain error is investigated. Training was performed
using the data set corresponding to grid case no. 1, whereas testing data set is indicated in
the legend of plots. The training/testing procedure was repeated 10 times, each with dif-
ferent noise samples presenting random error. Ranges [eP,V,I − σ(eP,V,I), eP,V,I + σ(eP,V,I)]
are indicated in Figure 11 after calculating standard deviation of average eP,V,I from
M = 10 estimates of eP, eV , and eI .

 
(a) (b) (c) 

Figure 11. Mean and standard deviation of the mean of absolute error of gain error estimation
(eP (a), eV (b), eI (c)). Training was performed using data set corresponding to the T1 dataset of
grid case no. 1 and T1 testing data set of the grid shown in the legend of the plot.

It can be seen from results presented in Figures 11 and 12 that change of network losses
compared to those present during models’ training cause higher estimation errors of both
gain error eP and relative error of dPn estimation. Therefore, it should be acknowledged
that the technique suggested for the DG branch PCC in response to consumer load power
event is sensitive to the variations in distribution line power losses and the retraining of
model (28) might be mandatory to retain better dPn and low gain error estimation error.
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(a) (b) 

Figure 12. Relative error of dP̂n estimation versus eP (a), and versus absolute error of eP estimation (b).
Meter accuracy case M3 and the T3 training data/testing data case from Table 7 are used. Every
sample of relative error of dPn was obtained by averaging 10 estimates of dPn acquired at 10 different
noise ensembles of random injected error.

4.4. Experimental Verification

To verify the suggested method a test bed consisting of a sum meter, consumer meter
MUT, branch cable Req, ohmmeter OM, relay control block RB and personal computer for
loads control and data collection was constructed (Figures 13 and 14).

The sum meter and the consumer MUT type was Elgama Gama150 Type G15
(https://www.elgama.eu/G15-en, accessed on 5 June 2025). Both meters are capable
of measuring active power, voltage and current in 1-phase 2-wire networks. Accuracy
class B (IEC 50470-3) for active power. Electrical quantities measured by smart meters are
transmitted with the period of 1 s via P1 port according to Companion Standard DSMR
(Dutch Smart Meter Requirements) ver. 5.0.2, 2016 (https://www.netbeheernederland.nl/
publicatie/dsmr-502-p1-companion-standard, accessed on 5 June 2025). The resolution
of readings in P1 port packets were 0.1 V for a single-phase voltage, 0.001 kW for active
instantaneous import power and 1 A for a single-phase current. However, assuming the
nominal voltage Vn = 230 V and using active power and voltage to calculate current, the
achievable current resolution is 0.001 kW/230 V ≈ 0.005 A. The distribution grid branch
resistance Req was 15 m length with cross-sectional area of 1 mm2 of copper wire. The actual
value of Req resistance was measured using D.C. Milli-Ohm Meter GOM-802 (OM) with
0.05% accuracy using four-wire measurement mode. To measure Req using ohmmeter, the
Req was multiplexed using two contact relays K1 and K2. Relays K3, K4, and K5 were used
to multiplex loads according to a pre-programmed sequence during the experiment. Smart
meters and ohmmeter readings were recorded with Matlab R2024b software in personal
computer interfaced via P1 (RS-232) to USB converter. To record smart meters messages,
interrupt routine was written in Matlab, which was executed on every message received
via USB (RS232) for every meter separately. Resistance readings were requested from Ohm-
meter (OM). Relays were controlled by relay block (RB) containing the preprogrammed

https://www.elgama.eu/G15-en
https://www.netbeheernederland.nl/publicatie/dsmr-502-p1-companion-standard
https://www.netbeheernederland.nl/publicatie/dsmr-502-p1-companion-standard
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Arduino Pro Micro microcontroller. All these devices (Smart meters, Ohmmeter and relays)
controlled and data recorded using the main Matlab script.

PL1

Sum 
meter

Consumer
MUT

PL2 PC1

Req

LV grid 
(one phase)

OM

K1.1 K1.2

K2.1 K2.2

Figure 13. Test bed structural diagram.
  

 
 
 

Figure 14. Picture of the test bed for method experimental verification.

The load PC is switched on and off 10 times with the period of 30 s to generate power
event. The total duration of power event recording was approximately 3 h. All loads
were of resistive type, their nominal powers were PL1 = (0, 2.0) kW, PL2 = (0, 0.4) kW,
PC1 = (0, 0.25, 0.5) kW, and consumer power step sizes were dPC = (0.25, 0.5, 0.7, 1.0, 1.5) kW.
In total 195 power events were recorded with the combinations of initial power consump-
tion of test bed loads shown in Figure 15. According to the circuit shown in Figure 13,
a 2 kW nominal power heater is used for implementation of load PL1, a 0.4 kW heater for
load PL2, two 0.25 kW incandescent lamp blocks (a and b), a 0.2 kW incandescent lamp (c),
and a 0.8 kW heater (d) are used for load Pc1. In total, 6 different loads are used. From
the loads assigned to Pc1, by combining several devices, the power changes dPc and the
constant load Pc1 are connected every 30 s. For example: the first groups of 5 points shown
in Figure 16 correspond to dPc generated by the following load combinations: group #1—a,
group #2—a + b, group #3—a + b + c, group #4—c + d, group #5—a + b + c + d. When loads
a and b are used as constant loads (Pc1 in Figure 15) the last three groups of 5 points shown
in Figure 16 correspond to dPc generated by the following load combinations group #37—c,
group #38—d, group #39—c + d.
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Figure 15. Power consumptions PC1, PL1 and PL2.

 

Figure 16. Measured dPC and calculated dPn.

For the detection of power step and step size estimation the method presented in [37]
was used.

Every power event with the positive magnitude dPC was repeated 5 times (Figure 16).
The value of dPC is measured by consumer MUT, the value of dPS is measured by sum
meter, and PCC in the branch is calculated as dPn = dPS − dPC (Figure 16).

The resistance Req is estimated according (18) and samples obtained are plotted in
Figure 17. The mean resistance measured using the ohmmeter was 669.08 mΩ, and mean
calculated resistance Req was 667.95 mΩ. Therefore, the mean absolute error e

(
Req
)

was
0.17% and the standard deviation σ

(
e
(

Req
))

of estimation error mean was 3.08%.
All measured samples (195 samples) were split into training and testing data sets. The

training data set is always kept the same, and the testing data set cases are shown in Table 8.
In Figure 18, the partitioning of PCC samples for training and testing are displayed.
The training dataset is used to train a model of PCC prediction as described in

chapter 3, Equations (18) and (19). In Figure 19, the measured PCC dPn and predicted PCC
dP̂n together with corresponding average values using training/testing dataset case E1 are
shown and assuming absence of systematic errors because both meters were calibrated.
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(a) (b) 

Figure 17. The equivalent resistance Req estimates (a) and relative error (b).

Table 8. Cases of training and testing measured datasets (total number of samples and percentage of
the full dataset).

Dataset Case Training Data Set Testing Data Set

E1 98 samples/50% (odd samples, sample numbers
2n − 1, n integer number from 1 to N/2)

97 samples/50% (even samples, sample
numbers 2n, n integer number from 1 to N/2)

E2 98 samples/50% (odd samples) 49 samples/25% (sample numbers 4n, n integer
number from 1 to N/4)

E3 98 samples/50% (odd samples) 25 samples/12.5% (sample numbers 8n, n
integer number from 1 to N/8)

E4 98 samples/50% (odd samples) 13 samples/6.25% (sample numbers16n, n
integer number from 1 to N/16)

 

Figure 18. Measured dPn samples split to 50% for training and 50% for testing datasets (E1 case).
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Figure 19. Measured PCC dPn and prediction PCC dP̂n (E1 case).

The difference between measured PCC dPn and predicted PCC dP̂n is in the range from
−3.5 W to 4.4 W for the exercised testing data set E1 (Figure 20). Statistical parameters of
dPn are shown in Table 9 and include the difference between the average PCC obtained from
measured PCC samples and the average of PCC estimates denoted as ∆

(
dPn

)
= dPn − dP̂n,

the relative error of average PCC denoted as e
(

dPn

)
= ∆

(
dPn

)
/dPn·100%, and the

standard deviation of all ∆(dP n) samples (see Figure 20) denoted as σ(∆(dP n)). The
average values mentioned are always obtained from PCC samples measured of predicted
using testing data set indicated in Table 9. Considering the power balance Equation (1),
which can be averaged for multiple power events, parameters ∆

(
dPn

)
and σ(∆(dP n))

indicate how precisely the equality could be reached and how precisely meter gain errors
estimated or other anomalies detected.

The relationship between the measured dPn and the predicted dP̂n is shown in
Figure 21, indicating the quality of the built prediction model (26).

Figure 20. Prediction absolute error ∆
(
dP̂ n

)
for dataset case E1.
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Table 9. dPn estimates and their statistical parameters.

Dataset Case dPn, W dP̂n, W ∆(dPn), W e
(
dPn

)
, % σ(∆(dPn)), W

E1 −0.17 −0.14 −0.03 13.53 1.64
E2 −1.26 −1.39 0.13 −10.41 1.83
E3 −1.11 −1.24 0.13 −11.22 1.92
E4 2.19 1.95 0.24 10.63 1.98

Figure 21. Scatterplot of dPn prediction (dataset case E1, no systematic errors).

The influence of consumer MUT systematic error was examined by injecting
(êV , êP) = [(−2.5%, −5%), (−1.5%, −3%), (0%, 0%), (1.5%, 3%), (2.5%, 5%)] systematic
errors to the testing data set samples and applying (24) to acquire estimates of these injected
errors (êV , êP) as shown in Figure 22. The absolute error of estimation for testing datasets
E1, E2, E3 is virtually equal to zero. This ideal situation can be justified by: (1) a very simple
distribution grid branch equivalent schematics, which in opposite to real electrical grids,
matches the assumed equivalent model for method equations development (Figure 4),
(2) the limited search resolution when solving (24) using exhaustive search (0.1% for both
eV and eP), and (3) the size and distribution of training data represented the full dataset
very well, which enabled to build a data-driven model capable of high precision prediction
(this could also be the case in real-life conditions when a consumer owns limited set of
loads and operates them daily causing very similar power steps both at the period of model
training and testing). It has to be emphasized, that the estimation error of power and voltage
gain errors that are achievable in the range of 0.1% is quite sufficient for practical needs, for
example, to decide about out-of-tolerance status of MUT. Yet another reason of very small
error of estimation of gain error is probably lower level of random noise component in the
readings of real smart meter utilized in the testbed compared to the random noise injected to
the synthesized datasets used to estimate the performance of the PCC estimation method.

Despite the promising results of method performance using in-laboratory build test
bed, the next step of testing in larger scale distribution network will be mandatory. For the
setup upscaling a remote acquisition of electrical quantities readings has to be implemented
maintaining a sufficient synchronization between sum meter and consumer MUT. The
synchronization is expected to achieve using 1 s time stamps transmitted by smart meters
over the external interface (P1 or Modbus). Data storage in the centralized database
designed for experimental needs has to be created because utilities or external organizations
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not always acquire and store all the readings which are available from smart meters and
required for the implementation of the technique explored in this paper.

 
(a) (b) (c) 

Figure 22. Absolute error of eP (a), eV (b), eI (c) estimation for different testing dataset. Results of
datasets E1, E2 and E3 are overlapped.

5. Discussion
The conducted analysis substantiates that PCC in a distributed grid (DG) branch,

attributable to consumer load power event, is significantly influenced not only by the
magnitude of the consumer power demand change but also by the characteristics of the
other network loads—such as their ZIP model parameters—along with their sizes and
location distribution across the grid. The lack of measurement data due to incomplete
deployment of smart meters hinders accurate PCC estimation based solely on available
readings. As a result, developing a predictive model to estimate PCC in response to power
events becomes the only viable alternative.

The accuracy and robustness of such a model will depend strongly on the quality and
quantity of data—including readings from sum and consumer meters—collected under
controlled reference conditions and utilized for model training. A tradeoff is often sought
between model complexity and the volume of training data to be collected and used during
in-service grid and meter monitoring. This tradeoff is influenced by considerations such
as anomaly or meter error detection speed (i.e., convergence rate) and the reliability of
estimates (including meter error and PCC).

In case of a boundary option, one may rely on extended observation period during
reference conditions and employ averaging techniques to derive model parameters that
reflect the aggregate behavior of user loads, grid losses, and consumer activity. However,
such a model does not capture the underlying physical phenomena of an electrical grid and
require a large number of data samples to ensure reliable estimates of meter errors or PCC
in the monitored distribution branch. In the extreme opposite case, it is feasible to construct
data-driven models of higher complexity, capable of predicting the attributes of interest
using less input (testing) data. Machine learning algorithms represent the most likely
methodological choice and will be explored further in our subsequent research publications.
Nonetheless, integrating fundamental principles of electrical grid physics into these models
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may help overcome some of the inherent limitations of machine learning, which, being
purely data-driven, necessitate extensive datasets encompassing diverse conditions and
ranges of independent variables—a requirement that is not easily satisfied in real-world
operational environments.

Although exploring advanced modeling techniques, including machine learning, for
predicting dP̂n is a promising direction, this task remains challenging due to the scarcity
of voltage, current, and power data during consumer power event monitoring phases.
Averaging dP̂n might initially seem inappropriate given the variability in network configu-
rations across different events, it remains valuable because the power balance Equation (1)
retains validity when applied to averaged quantities. By averaging dP̂n various grid and
load setups are accounted for, thereby mitigating the impact of a single prediction error
under some rear conditions, notwithstanding the loss of direct physical meaning.

Future scholarly work should focus on techniques for recognition of conditions for
acquiring test data (including load setup, types, and locations) as compared to those during
the data training phase. Additionally, aligning the consumer power steps recorded during
monitoring with those from the model’s training phase could enhance the repeatability of
Req and dPn estimates. Since the mean value of Req is used in monitoring phase, it is indeed
important to acquire sufficient number of its samples (like 195 in Figure 17). Also, it has to
be noted, that Req is the parameter of equivalent circuit and it is influenced by the mismatch
between equivalent schematics (Figure 4) and electrical circuit used to generate training
and testing datasets (Figure 1) or real electrical grid topology (in case of experimental
testing in this article Figure 13). Therefore, the cause of samples dispersion is not only
due to random measurement errors (outlier detection could reduce the dispersion of the
mean estimate) of meters but also due to the power consumption and locations in the grid
(Figure 4) and consumer power step size and consumption before the power step. Even
though Req could be affected by these factors, it is the most important that its repeatability
is ensured during testing compared to training phase. A way to reduce dispersion of mean
value of Req is to seek for the similar conditions (same power steps, same initial consumer
consumption, same total grid consumption) of Req sampling both during training and
testing phases. Equivalent circuit parameter Req is aimed to model the distribution branch
ohmic resistance, but it has to be non-sensitive to other mentioned power consumption
conditions. The similar consideration for dPn dispersion reduction applies.

The research must also continue in the aiming at method verification in real grid
conditions. The key assumption of the event-driven technique [37] is that probability
of power consumption changes of other consumers except the consumer whose load
is metered by MUT is very low at the moment of power event (consumption change).
Electrical quantities (voltage, current, power) before and after the power event are sampled
during the time interval of 10 s before to 10 s after the moment of sudden power change.
If at the same moment (in the period of 20 s) power events take place not only in the
load of consumer monitored by MUT but at some other consumer loads, then the power
balance equation definition (1) becomes not valid. Therefore, it is important that within
this period (20 s) a consumption of other consumers remain constant, because their power
consumption fluctuations influence readings of the sum meter. In case these rear events of
overlapping of power consumption changes due to other consumers load activities, the
data acquired at the moment of this power step must be rejected and not used for the PCC
in the branch prediction or MUT gain error detection. Though not applied in this research
(in synthesized data set and during experimental testing overlapping of power events was
prevented), a quite simple rejection rules can be suggested, like if the difference between
sum meter and consumer MUT power change differs more than a preset threshold, for
example 10% (because typically power losses in LV distribution grid is less than 5%).
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If power consumption before and after the power step is non-constant due to some
power consumption transient processes or dynamic behavior, certain power step samples
processing is applied as described in [37]. It is specified that the average of 10 samples (10 s)
of V/I/P before power step and average value of 10 samples (10 s) of V/I/P after power step
are used to calculate V/I/P values before and after the power steps. Therefore, fluctuations
of power V/I/P are suppressed and their influence on dP, dV, and dI is minimized.

The influence of network noise did not deteriorate method performance during testing
with experimental test bench, which was power from a LV network. A more extensive
verification with sum meter placed at some network node closer to the transformer is
underway and will be reported in follow-up research.

The influence of more specific energy quality indicators like voltage sags remains
unexplored and should be targeted in the future. Nevertheless, we do not expect a severe
influence because 10 voltage samples before and 10 samples after (sampling period is 1 s)
will be always averaged and this should filter several periods voltage magnitude decrease
during the sag. In case the sag continues for a longer period (minute), both sum meter
and consumer MUT will sense the same voltage dip, and that will not be an issue for
the method. Finally, some outlier rejection rules may be introduced if voltage sags cause
distortions of meter readings and unexpectedly high PCC or meter gain error values.

To mention additional influencing factors for future analysis, it has to be noted that
power losses in 3-phase distribution systems are influenced by the unbalance of load in
different electrical phases [66,67]. At the moment of PCC, due to a single-phase load
switching, the balancing conditions in the distribution grid are changing instantaneously.
Consequently, the change of power losses measured by sum meter includes unbalanced
conditions, caused power losses. Influence of phase load unbalance on power losses was
investigated in [68,69], showing that it may contribute up to a 3.7 ÷ 6.4% increase of power
losses. Though such a size of losses seems comparable and even less than the error of
PCC estimation by the presented method, it is important to investigate its influence in
more detail in the future. Considering that instantaneous power consumption in all phases
and in some implementations neutral current is available from a 3-phase sum meter, the
unbalance factor before and after the power step could be obtained and used as inputs
for dPw and dPnL correction. Implementation of the method in the existing monitoring
systems may require some modifications to their current functionality. At this stage of
development, this can be discussed only in a preliminary fashion. Some manufacturers
of MDMS (Meter Data Management Systems) among the features list anomaly detection,
but no more information is made open [70]. The deployment of various anomaly de-
tection systems can either be based on readings accessible from smart meters. Siemens
EnergyIP Mosaic, Landis+Gyr’s Revelo are examples of AMI vendor-agnostic MDMS,
promoting anomaly detection features. However, they are proprietary and not open for
new developed techniques integration without vendor cooperation. Data storage and
analytics could be integrated into (1) MDMS owned or operated by utilities or (2) operated
by DSO-independent vendors. Though federated systems preserving user data privacy are
discussed in scientific papers, the majority of methods described for anomaly detection are
still based on centralized processing. In the application we consider in this paper a real-time
detection is not mandatory. Indeed, it could last for weeks and months before a reliable
detection of meter error is triggered. Every new application imposes certain requirements
on the data collection system. Acquisition of electrical data from a smart meter at the rate
of 1 s is commonly available over P1 interface. Therefore, technical solutions can rely on
P1 local reading of measurements and delivering data to centralized processing servers.
The amount of data to be transmitted over a communication channel (GSM, PLC, Wifi,
etc.) and storage of data is a typical concern. An event-driven technique, as discussed in
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this publication, requires high time resolution sampling (1 s) of electrical quantities, but only
surrounding the moment of the power event. Therefore, detection of a power event should be
implemented in the firmware of a smart meter and V/I/P samples 10 s before and after the
power step delivered to the central server. At the same time, 20 s V/I/P readings from sum
meter has to be requested and delivered to the same central server. Some implementation
scenarios and load on the communication infrastructure have already been discussed in our
previous publication [37].

6. Conclusions
A method has been developed to predict the power consumption change (PCC) in a

distribution grid branch resulting from consumer load switching events. The predicted
PCC enhances the accuracy of the active power balance equation, which is applied to the
power readings from both the sum meter and the consumer smart meters at the moment
of the consumer power demand change. By leveraging this improved power balance, the
gain error in active power (or in voltage and current) measurements can be estimated, and
other smart metering anomalies can be detected.

The total PCC in the distribution grid is decomposed into two components: one
associated with distribution line losses and the other with consumers’ load variations. The
first component is approximated using an analytical expression based on an equivalent
resistance value, estimated under reference conditions (i.e., during the training phase). The
second component is approximated through a data-driven approach, which uses readings
collected during these reference conditions from sum meter and consumer meter under test.

The accuracy of power gain error and PCC estimations is primarily influenced by the
number of power events (and corresponding electrical measurements) used for model deriva-
tion and for the assessment of target values during the monitoring (testing) period. The
improvement of accuracy class of the consumer meter from typical Class 1 to Class 0.5 was not
found to have a noticeable influence on PCC prediction error, due to the statistical averaging
of a sufficiently large number of events and other factors influencing accuracy of minimization
problem solution necessary to obtain PCC estimate. Based on a synthesized dataset, the
absolute error in estimating the power measurement gain error was within ±0.3%, and the
relative error in estimating the PCC in the distribution branch was within ±10%. Both levels
of precision are considered acceptable for practical applications, given that the objective of the
methodology is not to replace formal metrological verification or laboratory calibration, but
rather to enable anomaly detection in smart metering, which can trigger further investigation
via regulated metrological procedures or consumer complaint handling mechanisms.

An experimental validation of the methodology was conducted using a laboratory
testbed equipped with two commercial smart meters, confirming the suitability of the
methodology for estimating measurement errors and assessing changes in power consump-
tion in the grid segment between the sum and consumer meter. However, field tests in an
actual distribution grid environment are still required to further validate the methodology
under real-world operating conditions.
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Abbreviations

AMI Advanced Metering Infrastructure
DG Distribution Grid Branch
DL Distribution lines
DSMR The Dutch standard for smart metering (NTA 8130)
E1 Experimental training and testing case 1
E2 Experimental training and testing case 2
E3 Experimental training and testing case 3
E4 Experimental training and testing case 4
K1–K5 Relays
LV Low voltage (230/400 V)
M1 Meter class and random power error case 1
M2 Meter class and random power error case 2
M3 Meter class and random power error case 3
MDMS Meter Data Management System
MUT Meter under test
MV Medium voltage (typically 10–20 kV)
OM Ohmmeter
P1 Port of smart electricity meters
PCC Power consumption change
PLC Power Line Carrier
PL1, PL2 Loads
RB Relay control block
RMSE Root mean squared error
RS-232 A hardware standard for asynchronous serial communication
T1 Training data/Testing data case 1
T2 Training data/Testing data case 2
T3 Training data/Testing data case 3
USB Universal Serial Bus

ZIP

A load model used in power system analysis to represent how the power
consumption of a load changes with voltage. It combines three load
characteristics: constant impedance (ZZ), constant current (ZI), and
constant power (ZP)

Variables
dIs The change of sum meter current (A)
dPA The PCC associated with a presence of the anomaly (W)
dPc An active PCC of the load located under the consumer MUT (W)

https://github.com/KTU-ANODETEL/Grid_of_6_Nodes_One_Phase_Dataset1
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dPi PCC component of a particular load (W)
dPLi The PCC of network loads (W)
dPn The change of active powers in the network (W)
dPn Mean value of real values dPn (W)
dP̂n Predicted change of active powers in the network (W)
dP̂n Mean value of predicted values dP̂n (W)
dPnL The PCC associated with the grid and power of the grid loads (W)
dP̂nL Predicted dPnL (W)
dPRs The PCC of consumption within the Rs branch (W)
dPs An active power change at the sum meter installation point (W)
dP̂s Predicted active PCC at the sum meter installation point (W)
dPw The PCC associated with a technical power loss (W)
dP̂w Predicted PCC associated with a technical power loss (W)
dPwi The PCC of consumption within the ith energy delivery branch (W)
dVc The change of consumer meter voltage (V)
dVs The change of sum meter voltage (V)
EI The relative percentage gain errors of current (%)
EV The relative percentage gain errors of voltage (%)

e
(

dP̂n

)
Relative error of dP̂n (%)

eI Systematic components of relative percentage gain errors of current (%)

êI
Predicted systematic components of relative percentage gain errors of
current (%)

eP Systematic components of relative percentage gain errors of power (%)

êP
Predicted systematic components of relative percentage gain errors of
power (%)

e
(

Req
)

Relative error of Req (%)
eV Systematic components of relative percentage gain errors of voltage (%)

ˆeV
Predicted systematic components of relative percentage gain errors of
voltage (%)

e
(

σ
(

∆
(

dP̂n

))) Relative error of the standard deviation σ
(
∆
(
dP̂n

))
of absolute error ∆

(
dP̂n

)
values (%)

I Current with added error (A)
I0 Error-free values of the current obtained during synthesis (A)

Ic1
Consumer meter current before power step dPc with random noise and
systematic gain errors, and resolution (A)

Ic2
Consumer meter current after power step dPc with random noise and
systematic gain errors, and resolution (A)

Iread The current reading displayed with resolution (A)

Is1
Sum meter current before power step dPc with random noise and
resolution (A)

Is2
Sum meter current after power step dPc with random noise and
resolution (A)

Iwi1
The currents in the ith line (cable) segment, correspondingly, before
power step dPc (A)

Iwi2
The currents in the ith line (cable) segment, correspondingly, after power
step dPc (A)

K It is set to 10. Number for averaging of measurements.

N
Number of line segments between consecutive load connection points in
the grid

P Power with added error (W)
Pc Consumer meter power (W)

Pc1
Consumer meter power before power step dPc with random noise and
systematic gain errors, and resolution (W)

Pc2
Consumer meter power after power step dPc with random noise and
systematic gain errors, and resolution (W)
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Peqn The aggregate power consumption of the DG branch (W)
PiN Power consumed by ith load when its voltage equals to the nominal (W)
PLi Network active loads power (W)
PRs The power consumption within the Rs branch (W)

Ps1
Sum meter power before power step dPc with random noise and
resolution (W)

Ps2
Sum meter power after power step dPc with random noise and
resolution (W)

Pwi The power consumption within the ith energy delivery branch (W)
Req The equivalent resistance (Ω)
Req Mean value of the equivalent resistance (Ω)
Rs Wire resistance between sum meter and first line’s (cable’s) segment (Ω)
RT Wire resistance between transformer and sum meter (Ω)
Rwi Wire resistance of the ith line’s (cable’s) segment (Ω)

Rwsum
Sum of wire resistances of the ith line’s (cable’s) segment between sum
meter and consumer meter (Ω)

res Resolution of the current reading
rI Random components of relative percentage gain errors of current (%)
rP Random components of relative percentage gain errors of power (%)
rV Random components of relative percentage gain errors of voltage (%)
SIV The minimization task
V Voltage with added error (V)
V0 Error-free values of the voltage obtained during synthesis (V)

Vc1
Consumer meter voltage before power step dPc with random noise and
systematic gain errors, and resolution (V)

Vc2
Consumer meter voltage after power step dPc with random noise and
systematic gain errors, and resolution (V)

Vi Nominal voltage (V)

Vi1
Actual voltages of the nodes where ith load is connected, correspondingly,
before power step dPc (V)

Vi2
Actual voltages of the nodes where ith load is connected, correspondingly,
after power step dPc (V)

VN , ai, bi, ci
The coefficients representing the constant power, constant current, and
constant impedance components of the ZIP load model

Vs1
Sum meter voltage before power step dPc with random noise and
resolution (V)

Vs2
Sum meter voltage after power step dPc with random noise and
resolution (V)

γI Relative systematic gain error of current
γ̂I Predicted relative systematic gain error of current
γV Relative systematic gain error of voltage
γ̂P Predicted relative systematic gain error of power
γ̂V Predicted relative systematic gain error of voltage

∆
(

dPn

)
The absolute error between predicted and real dPn (W)

∆
(
dP̂n

)
The absolute error between predicted and real dPn (W)

∆(dPnL) The absolute error between predicted and real dPnL (W)
∆(eV) Estimation error of the systematic gain error for voltage (%)
δI Relative random gain error of current
δV Relative random gain error of voltage

σ
(

e
(

Req
))

The standard deviation of estimation error mean of Req (%)

σ(∆(eV))
Standard deviation of mean of estimation error of the systematic gain
error for voltage (%)

σ(∆(dP n)) Standard deviation of absolute error of dPn (W)
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34. Žarković, M.; Dobrić, G. Artificial Intelligence for Energy Theft Detection in Distribution Networks. Energies 2024, 17, 1580.
[CrossRef]

35. Korhonen, A. Verification of Energy Meters Using Automatic Meter Reading Data. Master’s Thesis, School of Electrical
Engineering, Aalto University, Espoo, Finland, 2012.

36. Fangxing, L.; Chengbin, L.; Qing, H. A Data-Based Approach for Smart Meter Online Calibration. Acta IMEKO 2020, 9, 32–37.
[CrossRef]
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