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Abstract This deliverable is from WP4 of the ADVANTAGE
project and focuses on the future of the grid
and how intelligent networks of future can work
through utilization of Advanced Metering Infrastruc-
ture (AMI). It will address fundamental problems of
Demand Side Management (DSM) in the distribu-
tion sector, new Distributed Systems State Estima-
tion (DSSE) frameworks through new technologies
(µicro-Synchrophasors) and novel methods (Belief
Propagation and Factor Graphs), as well as energy
theft detection, with combined use of AMI and DSSE
or other methods.
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1 Introduction to Intelligent Networks

With higher integration of Distributed Generation (DG) units and Advanced Metering Infras-
tructure (AMI) coming into power systems, new challenges and opportunities arise. This
workpackage will address fundamental problems of Demand Side Management (DSM) in the
distribution sector, new Distributed Systems State Estimation (DSSE) frameworks with use of
new technologies (µicro-Synchrophasors) and novel methods (Belief Propagation and Factor
Graphs), as well as energy theft detection through use of AMI data combined with DSSE or
other methods:

1) Introduction to real time Distribution Grid State Estimation:
In contrast to the past, the Distribution Grid (DG) consisted of an active infrastructure,
hosting Distributed Energy Resources (DERs) and providing ancillary services. As a result,
monitoring downstream of the primary distribution substation has become a necessity and
DG State Estimation (SE) algorithms have gained a lot of interest. However, the inherent
non-convexity of the SE problem and the immature metering infrastructure on the DG place
strong restrictions. As shown below, advanced signal processing techniques seem promising
to overcome the statistical peculiarity of the problem. Further, the exploitation of the new
metering technologies can provide increased accuracy and reliability.

2) Distributed Systems State Estimation through Belief Propagation and Factor Graphs:
Additionally, following this growth of DERs as well as introduction of Demand Response
(DR), distributed control centers are becoming essential and replace old central ones. For
distributed systems with high population and stochasticity, probabilistic system analysis could
provide effective SE solutions. Factor Graphs (FG) and Belief Propagation (BP) algorithms are
a powerful tool for such systems. Additionally, the BP algorithm applies a similar mathematical
framework as in conventional SE algorithms resulting in a rather simple integration to existing
energy management systems (EMS).

3) Clustering and load modelling for large scale Demand Side Management:
One of the biggest assets of Demand Side Management is Demand Response (DR). With the
available Advanced Metering Infastructure (AMI) and communication technologies, the last
step to DR is development of proper load models and control algorithms. Currently DR is
being utilized from industrial and large commercial units, yet for wide scale implemenation the
challenge lies in the vast number of loads to be aggregated and coordinated. Classification
and clustering approaches are being examined, as well as the development of dynamic load
models specifically for DR.

4) Energy theft Detection:
AMI can also provide a better understanding of customers consumption behaviour. Data can
help in developing an energy theft detection system (ETDS). ETDSs trough AMI can be based
on state estimation, game theory or classification algorithms. Our approach will focus mainly
in developing a machine learning algorithm and energy flow analysis. Additionally within this
context, detection of incorrect assignment of smart meters can be performed.
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2 Distribution Grid State Estimation

The Distribution Grid (DG) was initially constructed with the only aim to transfer the energy
from the Transmission Grid (TG) to the customers, through a tree topology infrastructure,
operating at the Medium and Low Voltage level. In contrast, over the last decade, the increas-
ing penetration of Distributed Energy Resources (DER) accompanied with the introduction
of new components, such as controllable loads (CLs) and distributed energy storage systems,
have transformed the DG into an active system, [1], Figure 1. As a consequence, in recent

Figure 1: The active Distribution Grid

years there has been a more comprehensive research on State Estimation (SE) downstream
of the primary distribution substation. As the role of Distribution System Operators (DSOs),
becomes more and more complicated, the monitoring and control of the DG has become im-
perative and DG SE has become the cornerstone for the Distribution Management System
(DMS). However, despite the case of the TG, here, the algorithms face statistical challenges
arising from topological peculiarities. These include the characteristics of the medium volt-
age grid, such as the low ratio of R/X, combined with the current immature metering and
communication infrastructure, result in inadequate SE models.

Within the Smart Grid context, a solution to this lies in recent developments on metering
technologies. On one hand, in the near future Smart Meters will be able to provide information
to the Secondary Distribution Substations in small intervals, providing a previously unavailable
visibility of distribution systems. On the other hand, as the advent of active distribution
networks coincides with the rapid development of the phasor meter technology, it seems very
possible that the MV system will pass directly to the ”phasor era”, in contrast to the TG and
its extended SCADA systems.

Overcoming the obstacle of classic Phasor Measurement Units (PMUs) and a cost pro-
hibitive business case, the California Institute for Energy and Environment in Berkeley, has
constructed low cost, high resolution µicro-synchrophasors [2]. As of now, only in rare cases
for DGs are single PMUs are installed on the primary distribution substation to provide an
angle reference in accordance with the upstream subtransmission grid. The deployment of
phasor technology within MV feeders could be the answer to issues recently introduced due
to the increasing penetration of DER, such as reverse power flows and voltage fluctuations.
Data from synchrophasors can offer new opportunities for advanced knowledge on the DG
operation, exploiting techniques from signal processing and machine learning.
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Figure 2: Deployment of µicro-PMUs on MV system [2].

2.1 Distribution Grid State Estimation using µicro-Synchrophasors

We have assessed the impact of the µicro-synchrophasors introduction into the SE measure-
ment sets using two different algorithms. A hybrid scheme based on a successive convex
approximation technique (SCA-SE) that we have introduced in [3] and a conventional Normal
Equations based state estimator (NE-SE).

System Model for NE-SE

The measurement model of the power system is [4]:

z = h (x) + e (1)

where, x ∈ R2N is the state vector that consists of the real and imaginary part of the complex
voltages, z ∈ Rm is the measurement vector and h (x) is the vector function that relates the
measurements with the state variables. The measurements have been considered as corrupted
with noise e ∈ Rm, assumed that N (0,Rε).

Using the Weighted Least Squares, the estimated state of the system is given from the
first order approximation:

G(k)∆x(k) = [H(k)]TW[z− h(x)] (2)

where, H(k) is the Jacobian of h(x) evaluated at (k) iteration, W−1 is the weighting matrix,
G(k) = HTWH is the gain matrix and ∆x(k) = x(k+1) − x(k) is the difference of the
estimated state vector between two iterations.

System Model for SCA-SE

The cost function for the SE problem is:

U(x) = min
{x}

(
α

2
‖r−Ax‖2

2 +
β

2

Li∑
l=1

(
zl − xTHlx

)2
)

(3)

where r ∈ R2K and {zl}Ll=1 correspond to the µicro-synchrophasors and SCADA measurements
respectively and A ∈ R2K×2N and Hl ∈ R2N×2N are the measurement matrices in each case
[2]. The positive scalars α and β weight the contribution of the two type of measurements.
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Note that the optimization problem in (1) is not convex and, thus, global optimality of the
solution cannot be guaranteed. Hence, with the aim of finding a local minimum efficiently, we
resort to the novel iterative optimization algorithm proposed in [5].

According to [5], we need to approximate U(x) by a strongly-convex function. Practically,
we simply linearize the nonconvex terms around a feasible point x̃ and add a proximal term
ρ
2
‖x− x̃‖2

2, that is,

Ũ(x, x̃) =
α

2
‖r−Ax‖2

2 +
β

2

(
gTx̃ (x− x̃) +

ρ

2
‖x− x̃‖2

2

)
(4)

where

gx̃ = −2
L∑
l=1

(
zl − x̃THlx̃

)
(Hl + HT

l )x̃. (5)

2.2 Results

We have tested the algorithms on a 56- bus Distribution Grid test case. We have used a
measurement set of redundancy 1.6, adding sequentially a number of µicro-synchrophasors.
The initial measurements set consists of voltage meters, on the primary substation and the
DER, a small number of power on the branches, squared current measurements low at the
feeder and a number of power injection pseudomeasurements for observability purposes. The
measured values have been corrupted with Gaussian noise using standard deviations 0.001,
0.002, 0.004 and 0.01 respectively. The results have been averaged over 100 noise and voltage
profile realizations.

In Figure 3 is shown the absolute error of the magnitude in all the buses in two different use
cases. In the first, we have used only the conventional measurement set while in the second
we have added 12 µicro-PMUs. It is clear from the figure that the accuracy of the estimated
voltage increases significantly. In the second figure, referring to the Normal Equations based
SE, with the same measurement set we have tested 4 different cases, adding sequentially 4
µicro-synchrophasors. As a metric we have used the root mean squared error (RMSE) in
accordance with the real state of the system provided from MATPOWER 5.1 [6]. As before,
the accuracy is increased with the number of the sensors. Concerning the convergence rate,
we have not observed any difference, taking into account the very good performance of the
Gauss Newton iterations.

2.3 Conclusions and Future Work

Briefly, the introduction of µicro-synchrophasors into the measurements for the SE algorithms
has lead to more accurate results, despite the low redundancy measurement sets, which is the
case in DG. Our current and future work will focus on the exploitation of these sensors beyond
the enhanced accuracy of the estimators. More specifically, based on their faster sample rate,
we have concentrated our efforts to the construction of a real time DG SE, which is crucial
as the number of fluctuations and reverse power flows in the DG increases, mainly because of
the stochastic behaviour of the Distributed Energy Sources.
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Figure 3: Voltage magnitude error in 56- bus test case

Figure 4: Iterations vs normalized error using NE-SE

3 Belief Propagation on Factor Graphs

State estimation (SE) is an essential part of real-time energy management system (EMS),
it provides inputs for other EMS functions as well as a reliability measure by assessing the
state of the system in real-time. Typically, SE includes the following processes: network
topology processors, observability analysis, state estimation algorithms, and bad data analysis
[7]. According to the network topology and available measurements, SE algorithms provide
an estimate of the state variables and thus the state of the system. The standard approach
to obtain the state estimate in electric power systems is formulated as an overdetermined
system of non-linear equations. Conventional SE algorithms are centralized and typically use
the Gauss-Newton method to solve the non-linear weighted least-squares (WLS) problem [8].

Deregulation of electric power systems implies their decentralized structure, however, in-
tegrated control and monitoring across the entire network is still needed. In view of recent
trends, control centers are migrating towards distributed control centers [9]. Consequently,
there are requirements for more distributed and computationally efficient SE algorithms, thus
many centralized algorithms of EMS have to be redefined. In a new, distributed and more dy-
namic power grid, supporting an increased number of DG sources and time-varying loads with
DR potential, new emerging tools for distributed probabilistic system analyses could provide
effective SE solutions.

Probabilistic graphical models, such as factor graphs (FGs), represent a powerful tool for
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modeling probabilistic systems. The algorithm for exact inference on probabilistic graphical
models without loops is known as the belief propagation (BP) algorithm [10], [11]. Using BP,
it is possible to efficiently calculate marginal distributions or a mode of the joint distribution
of the system of random variables. The BP algorithm can also be applied to graphical models
with loops (loopy BP) [12], although in that case, the solution is not guaranteed to converge to
the correct marginals/modes of the joint distribution. BP is a fully distributed algorithm that
takes probability distributions as an input, processes them, and outputs marginal probability
distributions used to estimate values of state variables [13], [14]. This makes it a flexible
solution for accommodation of distributed power sources and time-varying loads in various
applications of electric power systems [15].

3.1 System description

The AC SE problem reduces to solving the system of equations [16]:

z = h(x) + u, (6)

where h(x) = (h1(x), . . . , hk(x)) includes both non-linear and linear measurement functions,
x = (x1, . . . , xn) is the vector of the state variables, z = (z1, . . . , zk) is the vector of inde-
pendent measurements (where n < k), and u = (u1, . . . , uk) is the vector of measurement
errors.

The state variables are bus voltage magnitudes and bus voltage angles, transformer mag-
nitudes of turns ratio and transformer angles of turns ratio. Without loss of generality, in the
rest, bus voltage angles θ = (θ1, . . . , θN) and bus voltage magnitudes V = (V1, . . . , VN) will
be observed as state variables x ≡ (θ,V), where N is the number of buses (n = 2N).

One can find the MAP solution to the SE problem via maximization of the likelihood
function, which is defined via likelihoods of k independent measurements:

x̂ = arg max
x
L(z|x) = arg max

x

k∏
h=1

N (zh|x, σ2
h). (7)

The maximum likelihood estimator (7) is equivalent to the weighted least-squares estimator
whose solution can be found using the Gauss-Newton method:

J(xν)TWJ(xν)∆xν = J(xν)TWr(xν) (8.1)

xν+1 = xν + ∆xν , (8.2)

where ν is the iteration step, ∆xν ∈ Rn is the vector of increments of the state variables,
J(xν) ∈ Rkxn is the Jacobian matrix of measurement functions h(xν), W ∈ Rkxk is a diagonal
matrix containing inverses of measurement variances, and r(xν) = z− h(xν) is the vector of
residuals [17].

At each iteration ν, the Gauss-Newton method returns a new estimate of x, which in a
given iteration may be observed as a constant vector. If the Jacobian matrix J(xν) has a
full column rank, the equation (8.1) represents the linear WLS solution of the minimization
problem [18]:

min
∆xν
||W1/2[r(xν)− J(xν)∆xν ]||22. (9)
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Hence, at each iteration ν, system of linear equations can be observed:

r(xν) = g(∆xν) + u, (10)

where g(∆xν) = J(xν)∆xν comprises linear functions. The equation (8.1) is the weighted
normal equation for the minimization problem defined as (9), or alternatively, equation (8.1)
is WLS solution of (10).

Consequently, the probability density function associated with the m-th measurement (i.e.,
the m-th residual component rm) at any iteration ν is given by:

N (rm(xν)|∆xν , σ2
m) =

1

σm
√

2π
exp

{
[rm(xν)− gm(∆xν)]2

2σ2
m

}
. (11)

The MAP solution of (7) can be redefined as an iterative optimization problem where,
instead of solving (8.1) and (8.2), we solve MAP (sub)problem:

∆x̂ν = arg max
∆xν
L
(
r(xν)|∆xν

)
= arg max

∆xν

k∏
h=1

N
(
rh(x

ν)|∆xν , σ2
h

)
xν+1 = xν + ∆x̂ν .

(12)

The solution to the above MAP subproblem over increment variables ∆xν can be efficiently
obtained using BP algorithm applied over the underlying factor graph. The resulting BP
algorithm has the interpretation of a fully distributed Gauss-Newton method with the same
accuracy as the conventional or centralized SE [19]. Consequently, the presented algorithm
applies similar mathematical framework as the conventional SE, which simplifies its integration
into existing EMS. In addition, it can be implemented in a fully distributed manner suitable
for the distributed multi-area SE environment.

Note that, if the factor graph corresponding to the problem (12) is a tree, the resulting BP
algorithm provides a solution equal to the linear WLS solution ∆xν of (8.1). In general, if the
factor graph contains loops, the BP solution of ∆x̂ν in each iteration ν (outer iteration loop)
will be obtained via iterative BP algorithm (inner iteration loops). Every inner BP iteration
loop ρ = 1, 2, . . . , τ(ν) outputs ∆x̂ν,ρ, where τ(ν) is the number of inner BP iterations within
outer iteration ν.

3.2 Results

The IEEE 14 bus test case shown in Fig. 5 is used to analyse performance of the proposed
algorithm. The set of measurements obtained from 61 measurement devices that measure
active and reactive power flow, active and reactive injection power, bus voltage magnitude
and bus voltage angle are selected so that the system is observable.
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Figure 5: The IEEE 14 bus test case

Measurement values are generated using the AC power flow analysis, additionally corrupted
by Gaussian white noise of variance σ2. For each value of variance σ2, using Monte Carlo
approach, we generate 1000 random sets of measurement values and feed them to the proposed
BP-based SE algorithm in order to obtain the average performance results.

The convergence is analysed by measuring the root mean square error (RMSE) using the
described Monte Carlo approach for different values of measurement variances from the set
σ2 = {σ2

1, σ2
2, σ2

3, σ2
4} = {0.012, 0.0012, 0.00012, 0.000012} [p.u.]. For every outer iteration

ν, the number of inner iterations is defined as τ(ν) = νq, where q is inner iteration exponent,
which we set to q = 4.

Fig. 6 shows the convergence behaviour for the simulation scenario described above. The
algorithm is terminated after ν = 7 outer iterations with the total number of inner iterations
ρt =

∑7
ν=1 ν

4 = 4676. The figure demonstrates that the proposed algorithm converges to
WLS solution over a wide range of noise variances. As expected, the convergence behaviour
improves as the noise levels decreases.

3.3 Conclusions and future work

The presented BP solution of the AC SE problem can be interpreted as a fully distributed
Gauss-Newton method. The proposed BP algorithm converges to the same solution as the
centralized WLS state estimator. For future work, we plan to compare the proposed algorithm
with other recently proposed solutions in the literature, in the multi-area SE setup, main
performance indicators being convergence and computational cost.
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Figure 6: Convergence performance for different variances σ2

4 Clustering and Load Modelling for large scale Demand
Side Management

Intermittent renewable and distributed energy in the power grid is replacing older power gen-
eration sources very rapidly worldwide, especially in the case of China where wind power
production has doubled every year since 2004 [20]-[21]. However, frequency stability and
transmission congestion (MV and LV mainly) becomes a larger problem, and therefore new
Demand Response (DR) programs are emerging. DR may be used for either balancing services
or energy regulation [20]-[22]. Energy storage systems (ESSs) have also been proposed as a
solution, yet ESSs are generally expensive, especially large scale implementations, and suffer
from round trip efficiency, resulting in increased energy generated, thus incurring additional
costs and grid wear and tear compared to DR. In theory, any measure taken from the supply
side has an equivalent countermeasure from the demand side. As Demand Response comes
from aggregation of large populations of loads with different characteristics, each population
has its own DR characteristics based on the type of loads aggregated. Thus the aggregation
methodology (which controllable loads and how) defines the use and limits of DR directly.
Coupled with scalability, these are the major challenges DR faces for large scale implementa-
tion. Industrial and a few commercial DR programs are under development but have relatively
low uptake to date. [23]-[24]

Demand Response can be divided into dispatchable and non-dispatchable (Fig. 7). In non-
dispatchable DR, a decentralized approach, users are prompted to alter their behaviour and
thus demand profile, through dynamic tariffs or other incentives [22],[25]-[26]. Dispatchable
DR is centralized or automated; usually for emergency cases upon a dispatch command, where
immediate accurate response within few second to a minute is needed in some cases [21],[27]-
[28].
Based on the service that is provided, different loads or groups of loads are utilized. For
instance, T. Masuta & A. Yokoyama [21] simulate frequency control with WHs (Water Heaters)
and EVs (Electric Vehicles), which can be switched on/off for short intervals (in case of high
frequency fluctuation) without affecting the quality of service. In [22], I. Hernando-Gil et
al., make use of wet loads for DSM, but in this case shifting the loads operating time to
achieve peak demand reduction. Thus, it is important to identify which services can be
provided, by which controllable loads, when and in what volume. Not only can DR substitute
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Figure 7: Demand Side Management

conventional units for ancillary services, but they also bring several advantages including lower
cost, free from CO2 emissions, instantaneous response and synergetic potential with RES
intermittence [23],[29],[30]. Additionally the unique characteristics of DR can change the way
balancing services work today. Demand Response comes from controlling loads, which are
ubiquitous throughout the grid, giving the unique ability of spatial actions. A large distributed
population of controllable loads also has inherently higher reliability than a single unit. In
case an individual conventional unit becomes unavailable there is a great impact in overall
availability. In addition, contingencies can be countered through DR, through grid relief, whilst
a generation unit cannot provide such service. With new Advanced Metering Infrastructure
(AMI) being deployed, access to DR is inexpensive and what separates us from realising the
full potential of DR is development of proper load models and their control strategies [31].

4.1 Demand analysis for DR potential

For the aggregation of large numbers of loads and coordinated control, information centers
called aggregators are used: these are entities which can operate in wholesale markets with
Power Plant characteristics, thus quality, accuracy and reliability are strictly defined [23]. These
aggregators are seen as Virtual Power Plants (VPPs) for the purposes of the grid, providing
dispatchable DR or used for non-dispatchable DR estimation. In our approach we define
two aspects of a controllable load (CL) in accordance with their potential for dispatchable
and non-dispatchable DR. Flexibility, for dispatchable DR: Alternation of a loads duty cycle,
whilst fulfilling its end-use objectives. For instance, electric vehicles (EVs) or thermostatically
controlled loads (TCLs, such as water heating) can be switched off or reduce their consumption
for a few minutes, as long as the battery gets fully charged or the water temperature is within
the thermostats limits [21]. Deferability, for non-dispatchable DR: Deferring a loads duty cycle
in time, without affecting the quality of service. Examples are wet loads (washing machines,
dish washers, etc), which can postpone (or start earlier) their starting time for a couple of hours
or more, based on consumers’ preferences and given incentives i.e. dynamic pricing [32],[33].
Using the above, CLs can be classified (see table I); control frameworks for dispatchable and
non-dispatchable DR can thus be developed separately and accurately.

4.2 Large data sets

The large population as well the variability of loads within the residential sector, make clustering
essential for developing robust, accurate and fast models. Clustering for non-dispatchable DR
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Table I: DR potential of basic domestic appliance categories
Load type Flexibility Deferability Main factors

Cold appliances M.O.*:10(max 20)
Auto-defrost

(∼hours)
Human behaviour

Electric space heating Overnight (1-2 h) Reheat (∼hours) Weather
Electric water heating M.O./Reheat:7(max 14) M.O./Reheat (1-2 h) Human behaviour

Wet appliances 15 Few hours Human behaviour
Cooking - - Human behaviour
Lighting - - Irradiance

Electronics &
Computing

- - Human behaviour

Other - ∼hours Human behaviour

*M.O. denotes main operation

can be done based on the overall demand profile, though in the case of dispatchable DR more
detailed data might be needed, unless disaggregation techniques are utilized for identifying
CLs demand [34]. Smart appliances are becoming more widely available, which can provide
this data without the need for disaggregation. Classic clustering approaches though are not
suitable due to high deviation (Fig. 8) [33].
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Figure 8: Domestic demand variation

As such, in the first instance classification was used, which takes into consideration occupation
characteristics; total number and employment status, demand characteristics; overall demand
(consumption) and time of use. The model used for this purpose was a Markov chain Monte
Carlo (MCMC) model, based on UK load statistics [35], population statistics [36] and TUS
survey.

The above combinations, with household sizes of up to four, cover 95% of the U.K.
population [36], thus suitable to represent the overall characteristics of the U.K. population.
The importance of occupation in determining load demand in volume and time was also
investigated, see Tables II and III.
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Table II: Daily mean demand (Wh), day in January

Number of total
occupants

Number of employed occupants
0 1 2 3 4

1 350.673 273.045 - -
2 463.943 410.429 373.442 - -
3 524.967 460.975 444.101 420.233 -
4 - 524.536 490.053 474.480 484.068

Table III: Daily mean demand (Wh), day in January

Number of total
occupants

Number of employed occupants
0 1 2 3 4

1 32.9% 36.7% - -
2 30.4% 32.1% 36.2% - -
3 53.3% 31.6% 34.9% 29.9% -
4 - 27.1% 28.7% 28.2% 28.4%

As seen the standard deviation in some cases is quite substantial, showing that extra actions
need to be taken. This classification can be combined with clustering of the probability mass
function (PMF) of the demand profiles [37] to improve the accuracy. PMF is based on historic
data, the PMF of each end-user (or node) is calculated and the clustering is based on that.
Separate PMFs can be used for weekdays and weekends. Results of simple clustering based
on classification can be seen in figures 9 & 10.

Figure 9: Demand deviation
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Figure 10: Classification based clusters

4.3 Demand Response Models

Once the appropriate information is available to aggregators, the estimation of availability
(power, duration) and the control are based on the load models used by the aggregators
[23],[33]. A simple approach to model the various types of CLs is breaking them down in
TCLs & non-TCLs. This is due to the unique characteristic of TCLs, thermal inertia (storage)
and its inherent flexibility but also limits. TCLs have potential as flexible loads (especially
cold loads, 24/7 availability and ubiquity) [20]-[28],[30]-[38],[32],[33]. Research has heavily
focused on control theories for TCLs, but not as much on developing models specifically for DR.
Non-TCLs CLs (mainly wet loads) are preferable for load shifting (deferrable loads) through
non-dispatchable DR (dynamic pricing or similar incentives) [27],[29],[30],[26],[33], though in
some cases they may also be used as flexible loads. Modelling is less complicated and the
main challenge is predicting consumers demand-price elasticity and time constraints. TCL
modelling is mainly based on Hybrid Partial Deferential Equations (H-PDF), one of the most
commonly used [25],[39],[23],[40]-[41] (or variations of it), was developed by Mortensen &
Haggerty [42] to study the cold load pick up effect (equations (13.1)-(13.2)). These models
consist of 3 basic parts, the time varying differential equation that governs heat transfer
mechanics, a discrete state varying parameter (denoting the switch on/off state of TCLs) and
a stochastic part, commonly a Wiener process (Gaussian with mean 0, variance σ) or similar
distributions (such as random/uniform). The original model, is suitable for cold load pick up,
which is basically the response (demand) of TCLs after brown outs and/or black outs. It works
as a snapshot of the population at a given moment, under known conditions (temperature,
thermodynamics etc.) with a small noise factor for stochasticity. Even though this model is
suitable to represent a snapshot of TCLs population for a given moment, with knowledge of
similar condition (time/weather historic data), it does not reflect the dynamic nature of TCLs
population throughout the day, as it does not describe the main factors behind this behaviour.
As seen in some of the above studies, the aggregated profile has significant differences with
actual demand profiles. The best showcase being the cold loads, being plugged 24/7, where
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their aggregated demand is displayed as an almost straight line with a small fluctuation (noise).
In reality though, cold loads aggregated demand is not an (almost) straight line, but rather
seems to follow the trend of the rest of the demand (in both residential and commercial cases),
a comparison of real world measured data and the classic H-PDF model can be seen in Figures
11, 12; Figure 11 shows real world measured data (mean demand) and Figure 12 comparisons
between the classic H-PDF model (MC computation for 10,000 loads) and the real data (mean
scaled to thousands loads for easier comparison).

θi,t(n+1) = ai · θ(i,t(n) + (1− ai) · [θai −mi,t(n) ·Tg
i ] + Wi,t(n) (13.1)

mi,t(n+1) =


0 if θi,t(n) < θs,i − δi/2 = θ−,i
1 if θi,t(n) > θs,i + δi/2 = θ+,i

mi,t(n) otherwise
(13.2)

Pt(n+1) =
N∑
1

(1/ηi) · Pi ·mi,t(n+1) (13.3)

ai = exp(−1/C ·R), T gi = Ri · Pi (13.4)

Annotation: temperature (oC), m switch state 0,1, W Weiner process, P power rate (Watts),
C thermal capacitance (kWh/oC) and R thermal resistance (oC/kW)

(a) DECC - (UK)

(b) Smart-A project - (EU)

Figure 11: Measured mean data [43],[44]
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(a) Classic H-PDF model MC simulation

(b) Scaled measured data

Figure 12: Comparison between classic H-PDF model and reality

A realistic dynamic model specifically for DR studies and DR controls (Fig. 13) is currently
in development. As seen in comparison with real data it is indeed a realistic match. The
model is based on MCMC, similar to the one used for classification above in Section 4.2 and
is applicable to all TCLs. It is based on real data (loads, weather, behaviour), and shows the
dynamic change of the population during the day under those condition, which is crucial for
determining the available demand for DR as well as the response to control actions. Moreover
it has inherent classification and can be used for clustering.

4.4 Conclusions and Future work

This section has described load modelling and clustering for aggregated virtual power plants.
High heterogeneity is an obstacle for accurate control of TCLs [40], which is a strict require-
ment for participation in DR through VPPs [23]. Thus the next step is examining dynamic
clustering and cross-type clustering for TCLs through the developed models. Another major
issue as mentioned is the scalability of aggregators and DR. One potential structure is the
hierarchical structure, a mix of centralized and decentralized approach, which can utilize such
clusters, and also be combined with non-intrusive controls and data anonymity, both of which
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Figure 13: Developed dynamic model

are of high importance for the comfort and privacy of consumers.

5 Introduction to Treatment, Use and Value of Smart
Grid Data in Real Environment

In this section, a new research project on smart grid data analysis is briefly described. Smart
meters are the centerpiece of Smart Grids in the demand side. Smart meters are able to
provide frequent measurements of energy consumption and power quality, giving a better
understanding of customers consumption behaviour [45]. Their data can help to address one
of the major concerns of electricity utilities: energy theft [46]. The goal of this new research
project, which started as of May 2016, is to develop an energy theft detection system (ETDS)
in collaboration with Endesa, the largest electricity utility company in Spain. According to
the existing literature, ETDSs using advanced metering infrastructure can be based on state
estimation, game theory or classification algorithms [47]. State estimation based detection
systems have a high accuracy though they require an extra investment for the monitoring
system. Game theory based systems have the advantage of being a low cost alternative but
formulating the utility function represents a challenging problem nowadays. Classification based
systems train a supervised learning algorithm on data which contains both honest consumers
and thieves. One of the problems encountered with this methodology is that the thieves
sample data is either unavailable or much smaller in comparison to the honest customers data
[48]. Our approach consists in developing a machine learning algorithm, either supervised
or unsupervised, able to identify anomalies in the customers consumption behaviour. The
accuracy of this algorithm can be improved by performing an energy flow analysis which can
locate where the nontechnical losses appear. Another minor goal is to detect smart meters
which send their data to a data concentrator they are not physically connected to, due to
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crosstalk. Detecting the wrong assignment of smart meters will improve the accuracy of the
energy flow analysis and thus of the entire system. The first stage focuses on detailed analysis
of the problem and formulation of the above potential solutions, the results of which will follow
in the next stage.

6 WP4 - Overall Conclusions

This deliverable has described initial research findings on the topic of future intelligent power
networks. Techniques for state estimation of the distribution grid using micro-synchrophasors
has been reviewed. A novel approach to state estimation of power networks using the technique
of belief propagation of factor graphs has also been explored. There is also interest in using
virtual power plant techniques for future power networks and techniques to model loads and
studying how they may be clustered have been discussed. Finally, a new project that will use
data from the smart grid to monitor and look for energy theft has also been described.

References

[1] A. Gomez-Exposito, A. Abur, A. De La Villa Jaen, and C. Gomez-Quiles, “A multilevel
state estimation paradigm for smart grids,” Proceedings of the IEEE, vol. 99, no. 6, pp.
952–976, 2011.

[2] A. von Meier, D. E. Culler, A. McEachern, and R. Arghandeh, “Micro-synchrophasors for
distribution systems.” in ISGT, 2014, pp. 1–5.

[3] J. Matamoros, A. Tsitsimelis, M. Gregori, and C. Anton-Haro, “Multiarea state estimation
using legacy and synchronized measurements,” pp. 1–56, 2016.

[4] A. Abur and A. G. Exposito, Power System State Estimation Theory and Implementation.
New York, NY, USA: Marcel Dekker, 2004.

[5] G. Scutari, F. Facchinei, L. Lampariello, and P. Song, “Distributed methods for
constrained nonconvex multi-agent optimization-part I: theory,” Arxiv (preprint), vol.
abs/1410.4754, 2014.

[6] R. D. Zimmerman, C. E. Murillo-Sanchez, and R. J. Thomas, “Matpower: Steady-state
operations, planning, and analysis tools for power systems research and education,” IEEE
Transactions on Power Systems, vol. 26, no. 1, pp. 12–19, Feb 2011.

[7] A. Abur and A. Expósito, Power System State Estimation: Theory and Implementation,
ser. Power Engineering. Taylor & Francis, 2004.

[8] A. Monticelli, “Electric power system state estimation,” Proc. of the IEEE, vol. 88, no. 2,
pp. 262–282, Feb 2000.

[9] F. F. Wu, K. Moslehi, and A. Bose, “Power system control centers: Past, present, and
future,” Proceedings of the IEEE, vol. 93, no. 11, pp. 1890–1908, Nov 2005.

Project Title: ADVANTAGE
Project Coordinator: University of Edinburgh

20/23 Contract No. ITN-607774
www.fp7-advantage.eu



Version 1.0, 30/06/2016

[10] J. Pearl, Probabilistic Reasoning in Intelligent Systems: Networks of Plausible Inference.
San Francisco, CA, USA: Morgan Kaufmann Publishers Inc., 1988.

[11] C. M. Bishop, Pattern Recognition and Machine Learning. Springer, 2006.

[12] Y. Weiss and W. T. Freeman, “On the optimality of solutions of the max-product belief-
propagation algorithm in arbitrary graphs,” IEEE Transactions on Information Theory,
vol. 47, no. 2, pp. 736–744, Feb 2001.

[13] Y. Weng, R. Negi, and M. Ilic, “Graphical model for state estimation in electric power
systems,” in Smart Grid Communications, 2013 IEEE International Conference on, Oct
2013, pp. 103–108.

[14] M. Cosovic and D. Vukobratovic, “State estimation in electric power systems using be-
lief propagation: An extended DC model,” in Signal Processing Advances in Wireless
Communications SPAWC, 2016. 17th IEEE Workshop, Edinburgh, United Kingdom, Jul.
2016.

[15] Y. Hu, A. Kuh, A. Kavcic, and D. Nakafuji, “Real-time state estimation on micro-grids,”
in Neural Networks (IJCNN), The 2011 International Joint Conference on, July 2011, pp.
1378–1385.

[16] F. C. Schweppe and D. B. Rom, “Power system static-state estimation, part ii: Approx-
imate model,” power apparatus and systems, ieee transactions on, no. 1, pp. 125–130,
1970.

[17] A. Monticelli, State Estimation in Electric Power Systems: A Generalized Approach, ser.
Kluwer international series in engineering and computer science. Springer US, 1999.

[18] P. C. Hansen, V. Pereyra, and G. Scherer, Least squares data fitting with
applications. Baltimore, Md. Johns Hopkins University Press, 2013. [Online]. Available:
http://opac.inria.fr/record=b1134718

[19] M. Cosovic and D. Vukobratovic, “Distributed Gauss-Newton Method for AC State Es-
timation: A Belief Propagation Approach,” ArXiv e-prints, May 2016.

[20] S. Kawachi, H. Hagiwara, J. Baba, K. Furukawa, E. Shimoda, and S. Numata, “Modeling
and simulation of heat pump air conditioning unit intending energy capacity reduction of
energy storage system in microgrid,” in Power Electronics and Applications (EPE 2011),
Proceedings of the 2011-14th European Conference on. IEEE, 2011, pp. 1–9.

[21] T. Masuta and A. Yokoyama, “Supplementary load frequency control by use of a number
of both electric vehicles and heat pump water heaters,” Smart Grid, IEEE Transactions
on, vol. 3, no. 3, pp. 1253–1262, 2012.

[22] I. Hernando-Gil, B. Hayes, A. Collin, and S. Djokic, “Distribution network equivalents for
reliability analysis. part 1: Aggregation methodology,” in Innovative Smart Grid Tech-
nologies Europe (ISGT EUROPE), 2013 4th IEEE/PES. IEEE, 2013, pp. 1–5.

Project Title: ADVANTAGE
Project Coordinator: University of Edinburgh

21/23 Contract No. ITN-607774
www.fp7-advantage.eu



Version 1.0, 30/06/2016

[23] D. S. Callaway and I. A. Hiskens, “Achieving controllability of electric loads,” Proceedings
of the IEEE, vol. 99, no. 1, pp. 184–199, 2011.

[24] L. Yao and H.-R. Lu, “A two-way direct control of central air-conditioning load via the
internet,” Power Delivery, IEEE Transactions on, vol. 24, no. 1, pp. 240–248, 2009.

[25] M. U. Kajgaard, J. Mogensen, A. Wittendorff, A. T. Veress, and B. Biegel, “Model
predictive control of domestic heat pump,” in American Control Conference (ACC), 2013.
IEEE, 2013.

[26] M. H. Albadi and E. El-Saadany, “A summary of demand response in electricity markets,”
Electric power systems research, vol. 78, no. 11, pp. 1989–1996, 2008.

[27] M. Starke, D. Letto, N. Alkadi, R. George, B. Johnson, K. Dowling, and S. Khan,
“Demand-side response from industrial loads,” in 2013 NSTI Nanotechnology Conference
and Expo, vol. 2, 2013, p. 46.

[28] Y.-J. Kim, J. L. Kirtley, and L. K. Norford, “Variable speed heat pump design for frequency
regulation through direct load control,” in T&D Conference and Exposition, 2014 IEEE
PES. IEEE, 2014, pp. 1–5.

[29] O. Malik and P. Havel, “Active demand-side management system to facilitate integration
of res in low-voltage distribution networks,” Sustainable Energy, IEEE Transactions on,
vol. 5, no. 2, pp. 673–681, 2014.

[30] K. Managan, “Demand response: A market overview,” 2014.

[31] C.-K. Woo, E. Kollman, R. Orans, S. Price, and B. Horii, “Now that california has ami,
what can the state do with it?” Energy Policy, vol. 36, no. 4, pp. 1366–1374, 2008.

[32] A. Subramanian, M. J. Garcia, D. S. Callaway, K. Poolla, and P. Varaiya, “Real-time
scheduling of distributed resources,” Smart Grid, IEEE Transactions on, vol. 4, no. 4, pp.
2122–2130, 2013.

[33] A. Kleidaras and A. Kiprakis, “A roadmap for domestic load modelling for large-scale
demand management within smart grids,” in Wireless and Satellite Systems. Springer,
2015, pp. 33–47.

[34] Y.-H. Lin and M.-S. Tsai, “Non-intrusive load monitoring by novel neuro-fuzzy classifi-
cation considering uncertainties,” Smart Grid, IEEE Transactions on, vol. 5, no. 5, pp.
2376–2384, 2014.

[35] “Department of energy and climate change (decc) statistics, electricity.”

[36] G. Compton et al., “Population and household estimates for the united kingdom, march
2011,” 2013.

[37] B. Stephen and S. J. Galloway, “Domestic load characterization through smart meter
advance stratification,” Smart Grid, IEEE Transactions on, vol. 3, no. 3, pp. 1571–1572,
2012.

Project Title: ADVANTAGE
Project Coordinator: University of Edinburgh

22/23 Contract No. ITN-607774
www.fp7-advantage.eu



Version 1.0, 30/06/2016

[38] T.-H. Chang, M. Alizadeh, and A. Scaglione, “Real-time power balancing via decentral-
ized coordinated home energy scheduling,” Smart Grid, IEEE Transactions on, vol. 4,
no. 3, pp. 1490–1504, 2013.

[39] N. Lu and D. P. Chassin, “A state-queueing model of thermostatically controlled appli-
ances,” Power Systems, IEEE Transactions on, vol. 19, no. 3, pp. 1666–1673, 2004.

[40] D. S. Callaway, “Tapping the energy storage potential in electric loads to deliver load
following and regulation, with application to wind energy,” Energy Conversion and Man-
agement, vol. 50, no. 5, pp. 1389–1400, 2009.

[41] D. Angeli and P.-A. Kountouriotis, “A stochastic approach to dynamic-demand refrig-
erator control,” Control Systems Technology, IEEE Transactions on, vol. 20, no. 3, pp.
581–592, 2012.

[42] R. E. Mortensen and K. P. Haggerty, “A stochastic computer model for heating and
cooling loads,” Power Systems, IEEE Transactions on, vol. 3, no. 3, pp. 1213–1219,
1988.

[43] “Department of energy & climate change, energy consumption in the uk statistics.”

[44] R. Stamminger, G. Broil, C. Pakula, H. Jungbecker, M. Braun, I. Rüdenauer, and
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