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Abstract: Energy disaggregation aims at reconstructing the power consumed by each electric
appliance available in a household from the aggregate power readings collected by a single-point
smart meter. With the ultimate goal of fully automatizing this procedure, we first estimate a set
of jump models, each of them describing the consumption behaviour of each electric appliance.
By representing the total power consumed at the household level as the sum of the outputs
of the estimated jump models, a filtering algorithm, based on dynamic programming, is then
employed to reconstruct, in an iterative way, the power consumption at an individual appliance
level.
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1. INTRODUCTION

A detailed knowledge of timings, peak-hours, and frequen-
cies of use of electric devices in a household is a useful
starting point to understand consumers’ behaviours, iden-
tify consumption anomalies, design and assess the impact
of energy efficiency programs and customized demand
management strategies. Without meter readings at indi-
vidual appliance level, energy disaggregation algorithms
can be used to retrieve information on the consumption
of the single appliances from aggregate power readings
collected by a single-point smart meter. This solution leads
to a reduction in the number of smart meters and smart
plugs installed in a house, thus reducing costs for the in-
stallation, maintenance and replacement of the monitoring
system.

The problem of energy disaggregation, also known in the
literature as Non-Intrusive Load Monitoring (NILM), was
addressed for the first time in (Hart, 1992). Since the
seminal work of Hart, several algorithms for energy disag-
gregation have been developed (see, e.g., (Esa et al., 2016;
Faustine et al., 2017) for a detailed review on the topic).
Among the existing disaggregation algorithms, we mention
the optimization-based method in (Suzuki et al., 2008),
which formulates the energy disaggregation problem in
terms of integer programming, and the work in (Piga et al.,
2016) which minimizes a convex cost function accounting
for the fitting error and penalizing the time switch in
the operating modes of the single appliances. Instead, the
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methods in (Kolter and Jaakkola, 2012; Cominola et al.,
2017) are based on Factorial Hidden Markov Models (FH-
MMs). In these algorithms, the consumption behaviour of
the single appliance is modelled by a Hidden Markov Model
(HMM), with hidden states representing the operating
conditions of the considered device.

This paper presents a novel iterative algorithm for non-
intrusive load monitoring, which follows a similar ratio-
nale as the FHHM-based approaches. The behaviour of
each appliance is modelled by a jump linear model, which
is estimated from the appliance’s signature through the
coordinate-descent optimization algorithm recently pro-
posed in (Bemporad et al., 2017), under the hypothesis
that the appliances rarely change their operating mode
over two consecutive time samples. Similarly to NILM
methods based on HMMs, each state of the jump model
is associated to an operating condition of the single ap-
pliance. Once jump models for each appliance are esti-
mated, the disaggregation problem is formulated in terms
of discrete-state filtering, and solved iteratively through
dynamic programming. Overall, the iterative nature of the
algorithm makes it particularly suited also for a real-time
implementation.

The paper is organized as follows. After introducing the
energy disaggregation problem in Section 2, the estimation
of jump models describing the behaviour of each appli-
ance is discussed in Section 3, while the disaggregation
algorithm is presented in Section 4. The proposed method
is tested against the AMPds dataset (Makonin et al.,
2016), containing real energy consumption readings of a
single house located in Canada. The obtained results are
discussed in Section 5. Concluding remarks and directions
for future works are given in Section 6.
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2. PROBLEM FORMULATION

Suppose that N different devices connected to the power
line are available in a house and let yi(t), with i ∈
{1, . . . , N}, be the power demand of the i-th appliance
at time t.

The aggregate power reading y(t) measured at the house-
hold level is then given by the sum of the power demands
of the single appliances, i.e.,

y(t) =
N∑
i=1

yi(t) + e(t), (1)

where e(t) is a modelling error, accounting for additional
unmodelled appliances available in the house and measure-
ment noise on the aggregate reading.

In this work we want to address a disaggregation prob-
lem. Specifically, given a sequence DT = {y(t)}Tt=1 of
observations of the aggregate power signal, we aim at
reconstructing the unknown power demand yi(t) of the
single appliances at each time sample t.

3. LEARNING SINGLE-APPLIANCE MODELS

With the ultimate goal of retrieving the end-use con-
sumption patterns yi(t) from the aggregate measure y(t),
models describing the behaviour of each single device are
first estimated. To this aim, we approximate the power
consumption of the i-th appliance at time t with a static
hybrid model, which consists of a collection of Ki ∈ N
static local models, each describing the power demand of
the considered appliance at a given operating condition or
mode, i.e.,

ŷi(t) = θ
si(t)
i , (2)

where si(t) ∈ Si = {1, . . . ,Ki} denotes the active mode

at time t and the parameter θ
si(t)
i ∈ R thus represents the

power consumed by the i-th appliance at mode si(t).

For each appliance, the parameters θji , with j ∈ Si, are
estimated from a training set Mi which only consists of
the power consumed by the i-th appliance gathered over
an intrusive period of length T̄ . To reduce intrusiveness
and costs, T̄ should be as short as possible and it might
be different for each appliance. Obviously, the sets Mi

should be disjoint from the dataset DT = {y(t)}Tt=1 where
final disaggregation should be performed. The number Ki

of local sub-models is supposed to be known a priori.
Nonetheless, Ki can be selected by cross-validation, with
an upper-bound on Ki dictated by the maximum tolerated
complexity of the single-appliance model.

Learning appliance models (2) thus amounts to estimate

the parameters Θi = (θ1i , . . . , θ
Ki
i ). This requires to re-

construct the sequences of active modes Si = {si(t)}T̄t=1,
which is not directly observable from data.

According to the jump model fitting algorithm proposed
in (Bemporad et al., 2017), Θi and Si are estimated from
data by minimizing the loss function

Ji(Θi, Si) =
T̄−1∑
t=1

[� (yi(t),si(t),Θi) + Li(si(t), si(t+ 1))]+

�
(
yi(T̄ ), si(T̄ ),Θi

)
(3)

The function � (yi(t), si(t),Θi) accounts for the fitting
error, as it penalizes the mismatch between the measured
and the model output. Among possible fitting costs, the
following quadratic cost is used in this work:

� (yi(t), si(t),Θi) =
1

T̄

(
yi(t)− θ

si(t)
i

)2

. (4)

The term Li(si(t), si(t+1)) in (3) is introduced to penalize
changes of discrete state, in accordance with the prior
hypothesis that the operating mode si(t) changes rarely
over time, so that si(t) = si(t − 1) for most of the time
instants t = 2, 3, . . .. This is a reasonable assumption when
the power readings are taken at high-time resolution (e.g.,
1 min). This leads to the following choice of Li(si(t), si(t+
1)):

Li(si(t), si(t+ 1)) = λi(si(t))1(si(t+ 1) �= si(t))

where 1(si(t + 1) �= si(t)) is the indicator function of
the condition si(t + 1) �= si(t).The parameters λi(j),
j = 1, . . . ,Ki, can be tuned via cross-validation or they
can be chosen by following the guidelines provided in (Be-
mporad et al., 2017). In the considered application, we
impose λi(j) = λi for all j ∈ Si and then we select
λi through cross-validation. Based on the active mode
sequence resulting from the training procedure it is then
possible to update λi(j) as the empirical probability (with
Laplace smoothing) of the i-th appliance to be in the same
mode j ∈ Si for two consecutive steps, i.e.,

λi(j) =

∑T̄−1
t=1 1(si(t) = j, si(t+ 1) = j) + 1

∑T̄−1
t=1 1(si(t) = j) +K2

i

, (5)

with 1(si(t)= j, si(t + 1)= j) and 1(si(t)= j) being the
indicator functions of conditions {si(t)=j and si(t+1)=j}
and si(t) = j, respectively. If the underlying system
satisfies the prior assumption on the discrete state, the
computed values of λi(j), with j = 1, . . . ,Ki and i =
1, . . . , N , are expected to be relatively high (λi(j) ≥ 0.9).

Using the coordinate descent approach presented in (Bem-
porad et al., 2017) and outlined in Algorithm 1, the cost (3)
is alternately minimized with respect to the parameters Θi

(for a fixed Si), and with respect to the mode sequence Si

(for fixed Θi). When the state sequence Si is fixed, the
minimization of (3) over Θi is performed analytically by
least squares (Step 1.1). At Step 1.2, for fixed Θi = Θh

i ,
the cost Ji(Θ

h
i , Si) in (3) is minimized through dynamic

programming (DP) as follows.

We first compute the “terminal cost”:

Vi(j, T̄ ) = �(yi(T̄ ), j,Θ
h
i ) (6)

for all j ∈ {1, . . . ,Ki}. Then, for all t = T̄ , . . . , 2, the cost
Vi(k, t − 1) of the i-th appliance being at state j at time
t−1 is computed going backward from time T̄ by following
the shortest path, i.e.,

Vi(k, t−1)=�(yi(t−1), k,Θh
i )+min

j∈Si

(Vi(j, t)+Li(j)), (7)

for all k ∈ Si, with Li(j) = λi(j)1(si(t+1) �= si(t)). The
optimal sequence of active modes Sh

i is thus obtained going
forward through the computed shortest path.

The computation of the state sequence Si thus requires
O(T̄K2

i ) operations (see equation (7)).
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Algorithm 1 Learning i-th appliance jump model

Input: Training data set Mi = {yi(t)}T̄t=1; num-
ber Ki of sub-models; initial mode sequence S0

i =
{s0i (1), . . . , s0i (T̄ )}; parameters λi(j), j = 1, . . . ,Ki; maxi-
mum number of iterations hmax.

1. iterate for h = 1, . . .

1.1. Θh
i ← arg minΘi

∑T̄
t=1 �

(
yi(t), s

h−1
i (t),Θi

)
;

1.2. Sh
i ← arg minSi

Ji(Θ
h
i , Si);

2. until Sh
i = Sh−1

i or h = hmax.

Output: Estimated model parameters Θ�
i = Θk

i and
mode sequences S�

i = Sk
i .

4. ENERGY DISAGGREGATION

Once the models for each single appliance are estimated,
the aggregate power readings in the set DT should be
split into end-use energy consumptions. This requires to
reconstruct the active mode si(t) for each appliance at
each time instant only from the aggregate power readings
y(t) and the sub-model parameters Θi.

Let us introduce the joint active mode s(t) ∈ NN , with
s(t) being the collection of the appliances’ modes at time
t, i.e., s(t) = [s1(t), . . . , sN (t)]. We indicate as S the set
of all possible combinations taken by s(t).

Energy disaggregation can be formulated as a discrete-
state filtering problem and solved iteratively, according
to (Bemporad et al., 2017), by minimizing the cost J(St)

J(St)=ð(y(1),s(1))+
t∑

τ=2

[ð(y(τ),s(τ))+L(s(τ − 1),s(τ))] ,

(8)

L(s(τ − 1), s(τ)) = λ(s(τ − 1))1(s(τ) �= s(τ − 1)) (9)

with respect to St, where St = {s(1), . . . , s(t)} is the active
joint mode sequence up to time t. Similarly to (3), the cost
in (8) both penalizes the fitting error on the aggregate
power measurement y(t) and the switch of the joint mode.
In particular, the fitting cost is:

ð(y(t), s(t)) =

(
y(t)−

N∑
i=1

θ
si(t)
i

)2

,

while the penalization term L(s(τ − 1), s(τ)) in (9) ac-
counts for the hypothesis that all the appliances rarely
change their operating regime over time. Assuming that
the mode transitions of the different devices are indepen-
dent, the parameter λ(d) in (8), with d ∈ S, is chosen to
be equal to

λ(d) = w

N∏
i=1

λi(di), w > 0, (10)

where w is a tunable weight and λi(di) is the empirical
probability that the i-th appliance remains at the mode di
for two consecutive time instants and it can be computed
from the training datasets Mi as in (5).

The cost J(St) in (8) is minimized iteratively through
dynamic programming as described in Algorithm 2. At
Step 1, the “initial cost” J (1, h) is computed for all h ∈ S
and the joint mode at time t = 1 is selected as the one
minimizing J (1, h) (Step 2). Mode s(t) at time t ≥ 2

Algorithm 2 Mode sequence inference

Input: Aggregate output readings flow y(1), y(2), . . .;
model parameters Θi, i = 1, . . . , N ; parameters λ(d),
d ∈ S.
1. J (1, h) ← ð(y(1), h); h ∈ S;
2. s(1) ← arg minh∈S J (1, h);
3. iterate for t = 2, . . .

3.1. J ′(t) ← mind∈S (J (t− 1, d) + λ(d)1 (h �= d));
3.2. J (t, h) ← ð(y(t), h) + J ′(t), h ∈ S;
3.3. s(t) ← arg minh∈S J (t, h);

Output: Estimated joint mode sequence s(1), s(2), . . .

is then selected as the one minimizing the “cost-to-go”
J (t, h) over h ∈ S (Step 3.3), with J (t, h) obtained as
in Step 3.2. Note that, J (t, h) is computed recursively
based on the cost-to-go at the previous time step J (t −
1, d), d ∈ S, and the current aggregate measurement y(t).
Consequently, Algorithm 2 does not require to store past
data and it is thus suited for real-time disaggregation.

5. NUMERICAL RESULTS

The performance of the approach described in this paper is
assessed on real consumption data taken from the AMPDs
dataset (Makonin et al., 2016). This dataset consists of the
electric power consumption readings of 19 devices taken
at 1-minute time resolution in a single house located in
Canada. We only model 5 out of 19 appliances, namely,
cloth dryer (CDE); dishwasher (DWE); fridge (FGE); heat
pump (HPE); basement plugs & lights (BME).

5.1 Single appliance modelling

Part of the AMPDs dataset is used to model each of the
five appliances. In particular, the training sets {Mi}5i=1
consist of one week of power consumption records (T̄ =
10080 samples) for each device. To have informative data
sets, we consider different weeks for different appliances.
In particular, readings from day 74 to day 80 form the
training set for the clothes dryer, from day 170 to day 176
for the dishwasher, from day 23 to day 29 for fridge, heat
pump and basement plugs & lights.

Models for each appliance are estimated running Algo-
rithm 1. The hyper-parameters λi, with i = 1, . . . , 5, are all
set to 0.9. As Algorithm 1 may trap in a local minimum, it
is run for 10 different randomly generated initial sequences
S0
i , and the estimate providing the minimum value for the

cost Ji is selected. The number of sub-models Ki is chosen
through cross-validation and it results in: K1 = 3 (CDE),
K2 = 3 (DWE), K3 = 2 (FGE), K4 = 2 (HPE) and
K5 = 2 (BME).

The estimated parameters Θi for each appliance are re-
ported in Table 1. Note that, due to the chosen model
class (2), the parameters represent the estimated power
consumption of each appliance at the different operating
regimes.

The performance of the trained models are assessed on the
following one-day (Tv = 1440 samples) validation sets: day
170 for CDE (V1), day 45 for DWE (V2), day 234 for FGE
(V3), day 80 for HPE (V4) and day 300 for BME (V5). The
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Algorithm 1 Learning i-th appliance jump model

Input: Training data set Mi = {yi(t)}T̄t=1; num-
ber Ki of sub-models; initial mode sequence S0

i =
{s0i (1), . . . , s0i (T̄ )}; parameters λi(j), j = 1, . . . ,Ki; maxi-
mum number of iterations hmax.

1. iterate for h = 1, . . .

1.1. Θh
i ← arg minΘi

∑T̄
t=1 �

(
yi(t), s

h−1
i (t),Θi

)
;

1.2. Sh
i ← arg minSi

Ji(Θ
h
i , Si);

2. until Sh
i = Sh−1

i or h = hmax.

Output: Estimated model parameters Θ�
i = Θk

i and
mode sequences S�

i = Sk
i .

4. ENERGY DISAGGREGATION

Once the models for each single appliance are estimated,
the aggregate power readings in the set DT should be
split into end-use energy consumptions. This requires to
reconstruct the active mode si(t) for each appliance at
each time instant only from the aggregate power readings
y(t) and the sub-model parameters Θi.

Let us introduce the joint active mode s(t) ∈ NN , with
s(t) being the collection of the appliances’ modes at time
t, i.e., s(t) = [s1(t), . . . , sN (t)]. We indicate as S the set
of all possible combinations taken by s(t).

Energy disaggregation can be formulated as a discrete-
state filtering problem and solved iteratively, according
to (Bemporad et al., 2017), by minimizing the cost J(St)

J(St)=ð(y(1),s(1))+
t∑

τ=2

[ð(y(τ),s(τ))+L(s(τ − 1),s(τ))] ,

(8)

L(s(τ − 1), s(τ)) = λ(s(τ − 1))1(s(τ) �= s(τ − 1)) (9)

with respect to St, where St = {s(1), . . . , s(t)} is the active
joint mode sequence up to time t. Similarly to (3), the cost
in (8) both penalizes the fitting error on the aggregate
power measurement y(t) and the switch of the joint mode.
In particular, the fitting cost is:

ð(y(t), s(t)) =

(
y(t)−

N∑
i=1

θ
si(t)
i

)2

,

while the penalization term L(s(τ − 1), s(τ)) in (9) ac-
counts for the hypothesis that all the appliances rarely
change their operating regime over time. Assuming that
the mode transitions of the different devices are indepen-
dent, the parameter λ(d) in (8), with d ∈ S, is chosen to
be equal to

λ(d) = w

N∏
i=1

λi(di), w > 0, (10)

where w is a tunable weight and λi(di) is the empirical
probability that the i-th appliance remains at the mode di
for two consecutive time instants and it can be computed
from the training datasets Mi as in (5).

The cost J(St) in (8) is minimized iteratively through
dynamic programming as described in Algorithm 2. At
Step 1, the “initial cost” J (1, h) is computed for all h ∈ S
and the joint mode at time t = 1 is selected as the one
minimizing J (1, h) (Step 2). Mode s(t) at time t ≥ 2

Algorithm 2 Mode sequence inference

Input: Aggregate output readings flow y(1), y(2), . . .;
model parameters Θi, i = 1, . . . , N ; parameters λ(d),
d ∈ S.
1. J (1, h) ← ð(y(1), h); h ∈ S;
2. s(1) ← arg minh∈S J (1, h);
3. iterate for t = 2, . . .

3.1. J ′(t) ← mind∈S (J (t− 1, d) + λ(d)1 (h �= d));
3.2. J (t, h) ← ð(y(t), h) + J ′(t), h ∈ S;
3.3. s(t) ← arg minh∈S J (t, h);

Output: Estimated joint mode sequence s(1), s(2), . . .

is then selected as the one minimizing the “cost-to-go”
J (t, h) over h ∈ S (Step 3.3), with J (t, h) obtained as
in Step 3.2. Note that, J (t, h) is computed recursively
based on the cost-to-go at the previous time step J (t −
1, d), d ∈ S, and the current aggregate measurement y(t).
Consequently, Algorithm 2 does not require to store past
data and it is thus suited for real-time disaggregation.

5. NUMERICAL RESULTS

The performance of the approach described in this paper is
assessed on real consumption data taken from the AMPDs
dataset (Makonin et al., 2016). This dataset consists of the
electric power consumption readings of 19 devices taken
at 1-minute time resolution in a single house located in
Canada. We only model 5 out of 19 appliances, namely,
cloth dryer (CDE); dishwasher (DWE); fridge (FGE); heat
pump (HPE); basement plugs & lights (BME).

5.1 Single appliance modelling

Part of the AMPDs dataset is used to model each of the
five appliances. In particular, the training sets {Mi}5i=1
consist of one week of power consumption records (T̄ =
10080 samples) for each device. To have informative data
sets, we consider different weeks for different appliances.
In particular, readings from day 74 to day 80 form the
training set for the clothes dryer, from day 170 to day 176
for the dishwasher, from day 23 to day 29 for fridge, heat
pump and basement plugs & lights.

Models for each appliance are estimated running Algo-
rithm 1. The hyper-parameters λi, with i = 1, . . . , 5, are all
set to 0.9. As Algorithm 1 may trap in a local minimum, it
is run for 10 different randomly generated initial sequences
S0
i , and the estimate providing the minimum value for the

cost Ji is selected. The number of sub-models Ki is chosen
through cross-validation and it results in: K1 = 3 (CDE),
K2 = 3 (DWE), K3 = 2 (FGE), K4 = 2 (HPE) and
K5 = 2 (BME).

The estimated parameters Θi for each appliance are re-
ported in Table 1. Note that, due to the chosen model
class (2), the parameters represent the estimated power
consumption of each appliance at the different operating
regimes.

The performance of the trained models are assessed on the
following one-day (Tv = 1440 samples) validation sets: day
170 for CDE (V1), day 45 for DWE (V2), day 234 for FGE
(V3), day 80 for HPE (V4) and day 300 for BME (V5). The

2018 IFAC SYSID
July 9-11, 2018. Stockholm, Sweden

277



278 V. Breschi  et al. / IFAC PapersOnLine 51-15 (2018) 275–280

Table 1. Appliances modelling. Estimated pa-
rameters Θi for each appliance.

Appliance Θi

CDE
[
0.4 251.8 4644.3

]

DWE
[
0.1 781.2 146.6

]

FGE
[
1.1 132.8

]

HPE
[
33.7 1822.1

]

BME
[
5.7 330.5

]

Table 2. Appliances modelling. Achieved BFR
for the five estimated models on the validation

sets {Vi}5i=1.

Set
Model

CDE DWE FGE HPE BME

V1 (CDE) 95.5% 15.8% 2.2% 37.1% 6.3 %

V2 (DWE) 30.5% 98.0% 15.2% 0% 10.6 %

V3 (FGE) 0% 81.8% 91.4% 0% 0%

V4 (HPE) 10.0% 40.1% 3.3% 91.3% 14.7%

V5 (BME) 72.6 % 38.5 % 34.1 % 0% 97.1 %

quality of the estimated models is quantified in terms of
Best Fit Rate (BFR)

BFRi =100max


1−

√∑Tv

t=1 (yi(t)− ŷi(t))
2

√∑Tv

t=1 (yi(t)− ȳi)
2

, 0


%,

(11)

with ȳi denoting the sample mean of the output and ŷi(t)
being the output predicted by the model. The BFRs shown
in Table 2 are computed testing all the models over all
the available validation sets Vi, i = 1, . . . , 5. It can be
noticed that the BFRs in the diagonal entries of the table
are always higher than 90% and they are the highest one
of the corresponding row. This basically means that the
estimated models provide useful information in detecting
which appliance has generated a given power consumption
pattern. Note that the BFR achieved by the model of the
dishwasher (DWE) is relatively high (81.8%) on the power
consumption pattern of the fridge (FGE). Furthermore, on
the validation set V5, a BFR of 72.6% is achieved by the
model of the clothes dryer (CDE), even if V5 comprises
the power readings of the basement plugs & lights (BME).
These results are mainly due to some similarities in the
consumption patterns of those appliances, that can be
observed comparing the estimated parameters Θi for the
DWE and the FGE model and the ones for the CDE and
BME model (see Table 1).

To further assess the quality of the estimated models, in
Fig. 1 we compare the actual and the predicted outputs
obtained in validation. For a better visualization, only the
results on 240 samples are reported. It can be seen that
the behaviour of each appliance is accurately described by
the corresponding estimated jump model.

5.2 Energy disaggregation

Capabilities of the disaggregation algorithm in recon-
structing the appliances’ power consumption from the
aggregate readings are now assessed. The considered dis-
aggregation dataset DT is disjoint from the sets Mi,
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Fig. 1. Single appliance modelling. True (black) vs esti-
mated (red) consumption patterns.

i = 1, . . . , 5, and it contains measurements over 12 con-
secutive days (T = 17280). The aggregate measurements
y(t) on the dataset DT are synthetically constructed by
summing up the power consumption of the five considered
appliances. To assess robustness against modelling errors,
we also corrupt the obtained aggregated power y(t) with
a fictitious zero-mean Gaussian noise with standard devi-
ation 4 W and then we add the unmodelled consumption
patterns of bedroom, garage and dining room on top of
y(t). We remark that the end-use profiles available from
the AMPDs dataset are only used as ground-truth when
evaluating the performance of the disaggregation method.

To quantitatively assess the performance of the disaggre-
gation approach we use the following metrics:
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1. The F -score Fs (Batra et al., 2014):

Fsi = 2
PCi ×RCi

PCi +RCi
. (12)

The indexes RCi and PCi in (12) are defined as

RCi =
TPi

TPi + FNi
, PCi =

TPi

TPi + FPi
,

where TPi, FPi and FNi are the true positives
(correctly classified on events), the false positives (off
events labeled as on) and false negatives (on events
classified as off), respectively.
The F -score provides an indication of the capabili-

ties of the disaggregation method in detecting the ap-
pliance on/off states. As the estimated models are not
limited to the description of on/off events, we classify
the cloths dryer, dishwasher, fridge and basement as
off when their power consumption is less than 10 W.
This threshold is set to 50 W for the heat pump, as
its estimated low-level power consumption is 33.7 W
(see Table 1).

2. The Estimated Energy Fraction Index (EEFI):

EEFIi =

∑T
t=1 ŷi(t)∑N

i=1

∑T
t=1 ŷi(t)

. (13)

The EEFIi index represents the fraction of energy
assigned to the i-th appliance based on the recon-
structed consumption pattern. It is compared with
the Actual Energy Fraction Index (AEFI):

AEFIi =

∑T
t=1 yi(t)∑N

i=1

∑T
t=1 yi(t)

. (14)

which indicates the actual fraction of energy con-
sumed by the i-th appliance.

3. The Relative Square Error (RSE):

RSEi =

∑T
t=1(yi(t)− ŷi(t))

2

∑T
t=1 y

2
i (t)

. (15)

4. The R2 coefficient

R2
i = 1−

∑T
t=1(yi(t)− ŷi(t))

2

∑T
t=1(yi(t)− ȳi)2

, (16)

where ȳi is the sample mean of {yi(t)}Ti=1.

Both R2
i and RSEi measure the quality of the

estimated consumption pattern for the i-th device
over time.

The values of the performance metrics achieved by Al-
gorithm 2 are reported in Tables 3 and 4, while the re-
constructed single-appliance consumption trajectories over
time are plotted in Fig. 2. A comparison between AEFIi
and EEFIi, with i = 1, . . . , 5 indicates that the disaggrega-
tion method enables to accurately estimate the fraction of
energy consumed by each appliance. This result is related
to the accuracy of the disaggregated trajectories (see the
RSEi and the R2

i indexes in Table 4). Although the re-
sulting RSEi and R2

i seem to indicate that the mismatch
between actual and estimate trajectory over time for the
fridge is not negligible, the estimated profile plotted in
Fig. 2 accurately reproduces the behaviour of the fridge
most of the times. The obtained RSEi and R2

i are thus
strongly influenced by the errors in the reconstructed con-
sumption of the fridge. These mismatches are due to the

Table 3. Energy disaggregation. Actual Energy
Fraction Index AEFIi vs Estimated Energy

Fraction Index EEFIi.

AEFIi EEFIi
Clothes dryer 12% 14.3%

Dishwasher 2.2% 4.1%

Fridge 8% 6.8%

Heat Pump 66.3% 66.7%

Basement 11.5% 8.1%

Table 4. Energy disaggregation. Achieved
F−scores (Fsi), Relative Square Errors

(RSEi) and R2
i coefficients.

Fsi RSEi R2
i

Clothes dryer 97.8% 15.7% 84.1%

Dishwasher 95.6% 37.0% 62.4%

Fridge 94.4% 42.5% 39.6%

Heat Pump 99.9% 1.3% 98.3%

Basement 96.4% 34.3% 56.6%

unmodelled transient of this appliance and the similarities
between the high-power and the mid-power levels of the
fridge and the dishwasher, respectively.

All computations are carried out on an i7 2.80-GHz Intel
core processor with 16 GB of RAM running MATLAB
R2016b. The average CPU time required to disaggregate
the total power consumed at a given time instant is
0.25 ms.

6. CONCLUDING REMARKS AND FUTURE WORK

In this paper we have applied the approach for jump model
fitting and filtering recently proposed by (Bemporad et al.,
2017) to: (i) model consumption patterns of residential
electric appliances and (ii) decompose, in real-time, the
total power consumption measured at a household level
into the individual contributions of the single appliances.

Current research addresses the identification of dynamic
sub-models to better characterize the transient behaviour
of the single appliances and integration of single jump
model identification into the disaggregation procedure,
in order to simultaneously reconstruct the disaggregated
signals and update the models of the single devices.
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1. The F -score Fs (Batra et al., 2014):

Fsi = 2
PCi ×RCi

PCi +RCi
. (12)

The indexes RCi and PCi in (12) are defined as

RCi =
TPi

TPi + FNi
, PCi =

TPi

TPi + FPi
,

where TPi, FPi and FNi are the true positives
(correctly classified on events), the false positives (off
events labeled as on) and false negatives (on events
classified as off), respectively.
The F -score provides an indication of the capabili-

ties of the disaggregation method in detecting the ap-
pliance on/off states. As the estimated models are not
limited to the description of on/off events, we classify
the cloths dryer, dishwasher, fridge and basement as
off when their power consumption is less than 10 W.
This threshold is set to 50 W for the heat pump, as
its estimated low-level power consumption is 33.7 W
(see Table 1).

2. The Estimated Energy Fraction Index (EEFI):

EEFIi =

∑T
t=1 ŷi(t)∑N

i=1

∑T
t=1 ŷi(t)

. (13)

The EEFIi index represents the fraction of energy
assigned to the i-th appliance based on the recon-
structed consumption pattern. It is compared with
the Actual Energy Fraction Index (AEFI):

AEFIi =

∑T
t=1 yi(t)∑N

i=1

∑T
t=1 yi(t)

. (14)

which indicates the actual fraction of energy con-
sumed by the i-th appliance.

3. The Relative Square Error (RSE):

RSEi =

∑T
t=1(yi(t)− ŷi(t))

2

∑T
t=1 y

2
i (t)

. (15)

4. The R2 coefficient

R2
i = 1−

∑T
t=1(yi(t)− ŷi(t))

2

∑T
t=1(yi(t)− ȳi)2

, (16)

where ȳi is the sample mean of {yi(t)}Ti=1.

Both R2
i and RSEi measure the quality of the

estimated consumption pattern for the i-th device
over time.

The values of the performance metrics achieved by Al-
gorithm 2 are reported in Tables 3 and 4, while the re-
constructed single-appliance consumption trajectories over
time are plotted in Fig. 2. A comparison between AEFIi
and EEFIi, with i = 1, . . . , 5 indicates that the disaggrega-
tion method enables to accurately estimate the fraction of
energy consumed by each appliance. This result is related
to the accuracy of the disaggregated trajectories (see the
RSEi and the R2

i indexes in Table 4). Although the re-
sulting RSEi and R2

i seem to indicate that the mismatch
between actual and estimate trajectory over time for the
fridge is not negligible, the estimated profile plotted in
Fig. 2 accurately reproduces the behaviour of the fridge
most of the times. The obtained RSEi and R2

i are thus
strongly influenced by the errors in the reconstructed con-
sumption of the fridge. These mismatches are due to the

Table 3. Energy disaggregation. Actual Energy
Fraction Index AEFIi vs Estimated Energy

Fraction Index EEFIi.

AEFIi EEFIi
Clothes dryer 12% 14.3%

Dishwasher 2.2% 4.1%

Fridge 8% 6.8%

Heat Pump 66.3% 66.7%

Basement 11.5% 8.1%

Table 4. Energy disaggregation. Achieved
F−scores (Fsi), Relative Square Errors

(RSEi) and R2
i coefficients.

Fsi RSEi R2
i

Clothes dryer 97.8% 15.7% 84.1%

Dishwasher 95.6% 37.0% 62.4%

Fridge 94.4% 42.5% 39.6%

Heat Pump 99.9% 1.3% 98.3%

Basement 96.4% 34.3% 56.6%

unmodelled transient of this appliance and the similarities
between the high-power and the mid-power levels of the
fridge and the dishwasher, respectively.

All computations are carried out on an i7 2.80-GHz Intel
core processor with 16 GB of RAM running MATLAB
R2016b. The average CPU time required to disaggregate
the total power consumed at a given time instant is
0.25 ms.

6. CONCLUDING REMARKS AND FUTURE WORK

In this paper we have applied the approach for jump model
fitting and filtering recently proposed by (Bemporad et al.,
2017) to: (i) model consumption patterns of residential
electric appliances and (ii) decompose, in real-time, the
total power consumption measured at a household level
into the individual contributions of the single appliances.

Current research addresses the identification of dynamic
sub-models to better characterize the transient behaviour
of the single appliances and integration of single jump
model identification into the disaggregation procedure,
in order to simultaneously reconstruct the disaggregated
signals and update the models of the single devices.
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