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Abstract—Smart meters allow utilities to gain access to tremendous amount of power consumption data, from which they may
improve their knowledge of their customers. In this paper, we
propose a method to detect and characterize domestic heat
pumps from household electricity consumption data. Appliance
detection is not a trivial task, owing to the variability in heat
pump load dynamics and to the distortion of their power
consumption signature by other appliances. Compared to Stateof-the-art methodologies that relies on energy disaggregation with
supervised learning and high-resolution data (e.g., 10 seconds),
our novel approach uses lower resolution data. Also, it is semisupervised and relies on a Bayesian framework allowing to
continuously learn as new data becomes available. To do so,
the overall power consumption signals are decomposed and
approximated into a dictionary of boxcar functions using sparse
signal approximation to isolate heat pump activity. The learning
phase consists then to generate distributions summarizing power
consumption, operation time and frequency of heat pump activity
summarized as boxcar functions after approximation. During
the test phase, those distributions are used as prior to identify
boxcar generated by heat pump. Using standard classification
performance measure and an application to data from the
EcoGrid EU project, the methodology reaches high performance
in heat pump detection.
Index Terms—Bayesian framework, energy analytics, heat
pump detection, semi-supervised learning.

I. I NTRODUCTION
The deployment of two-way communication smart meters
and more generally information and communication technologies form the basis of the smart grid. Its aim is to manage
and operate the grid in a more effective manner through an
optimized integration of Renewable Energy Sources (RES)
as well as decentralized generation. The intermittency of
RES generation may there be accommodated through the
implementation of modern forms of Demand Side Management (DSM), allowing for a paradigm shift with consumption
partially following generation [1].
At the same time, large electrical appliances, like heat
pumps or electric vehicles or air coolers, are an increasing
part of the domestic customers electricity consumption [2]. In
a DSM context if equipped with a controller, they can also
be an asset for aggregators or Distribution System Operators
(DSOs) as they can be used as virtual generator by moving
their consumption in time and provide flexibility [3] or services [4], [5] to the grid. Furthermore for marketing purposes

it will drastically reduce costs to target customers with these
appliances to enroll them in a more energy efficient program
or propose a flexibility contract for example [6]. Hence it is
strategically important to know at a distribution level which
households are equipped with those appliances.
In recent years, an approach called Non Intrusive Load
Monitoring (NILM), first described in 1992 by Hart [7],
became reality thanks to increasing power consumption data
collection and computational power. It consists of disaggregating overall metered power consumption into individual
appliances’ power consumption. State-of-the-art NILM algorithms require high data resolution (down to the second) and
training (supervised) which makes it complicated to implement [8]. From a utility perspective, the only data available are
measurement from smart meters, mostly power consumption
data, at a resolution from 1 minute to 1 hour. Hence NILM
as it is, is not possible to implement at large scale. In a
previous work, an unsupervised NILM methodology has been
presented which showed performances in the same magnitude
as the state-of-the-art NILM algorithm but it proved to perform
as well at 1 minute and at 6 seconds (divided by 10 the
number of samples) [9]. The methodology relies on a sparse
approximation of the signal into a set of boxcar functions
selected from an overcomplete dictionary. After clustering
the boxcars according to their shape, a community detection
algorithm is run to group clusters with strong cross-temporal
dependencies that will form the load signature of multilevel
appliances.
In this work we propose an application of the framework
to a specific use case: the detection of heat pump. Indeed
beyond providing feedback to customers, little work has been
done to provide specific application of NILM [10]. From the
original methodology in [9], the community detection has
been removed and a Bayesian framework has been added to
generate distribution describing the behavior of heat pumps.
The remaining of the paper is organized as follows: Section II presents the empirical framework; Section III introduces
the different elements of the methodology; Section IV reports
the results of the methodology on different resolutions and
Section V provides conclusions and ideas for future works.
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The signal decomposition (dashed box in Figure 1) is a
simplified version of the work implemented in [9]. Indeed heat
pump’s, air cooler’s or electric vehicle’s charging power consumption Type I appliances (ON/OFF). Hence using the power
signal sparse approximation and a clustering is sufficient to
isolate heat pump power consumption signal.
The methodology is a semi-supervised approach, with a
training step, described in Section III-C, where a prior is
learned from a dataset of households labelled as equipped
with active heat pump (solid line in Figure 1). The second
step, developed in Section III-D, is the heat pump detection
of unlabelled households using the prior which is inferred after
every iteration (dotted line in Figure 1).
A. Power Signal Sparse Approximation
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Fig. 1. Algorithm overview.

II. DATA P RESENTATION
The data used have been collected during the EcoGrid EU
project, which was completed in 2015 [11]. Only a small
section of the data collection, corresponding to the coldest
period (i.e. where we know the heat pump are active), ranging
from the 26th of December 2014 to the 31st of December 2014
is used in this demonstration. The resolution of the data is 5
minutes, which means that the heat pumps when active are
easily identified from a plot of the power consumption when
active.
A part of the households in the dataset is known to be
equipped with heat pump and labelled as such. The other part
is unlabelled, which does not mean that households are not
equipped with heat pump. Among the households equipped
with heat pump, 50 are selected for the training set. The test
set consists of 10 households randomly picked among the
households labelled with heat pump as well as 65 unlabelled
households for a total of 75 households.

Signal approximation takes a signal and approximated it as
the sum of boxcar function as presented in Figure 2. In practice
it takes boxcar functions ϕk subjects to
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with αk the activation coefficient of boxcar function ϕk ,
from a dictionary Φ = {ϕk }K
k=1 (Figure 1) and generates
a sparse support vector Λ with the non-zero elements in
α = [α1 , . . . , αk , . . . , αK ] of boxcar function selected to
approximate the signal x.
The dictionary, generated beforehand, is said to be overcomplete as the set of basis functions, consisting in all the possible
translation-invariant boxcar in the signal, is much larger than
the dimension of the input.
The dictionary summarizes what we know about the appliances load behavior and how to approximate it both accurately
and in a simple manner. Appliances are mostly of two types,
I and II, which have respectively two states (ON/OFF) and
many states (OFF and several activation states). The simplest
way to approximate such signals is using translation-invariant
boxcar functions as building blocks
1
ϕtl,w = √ Πtl−w/2,l+w/2 ,
w

(2)

where l is the boxcar translation and w the width [12]. The
boxcar function is made of two Heaviside function as, Πta,b =
H(t − a) − H(t − b), where the H (·) is a Heaviside step
function.
Practically, the approach flags changes in power due to an
ON/OFF switch or change in state with a fixed or adaptive
threshold. The aim is to approximate the power consumption
signal so that the internal states fluctuation are removed
resulting in simplified the power signal averaged over the
activation state (Figure 2).
Iterative processes using a greedy algorithm can be implemented to avoid complexity of a direct sparse approximation,
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Fig. 2. Raw and approximated power consumption (top) and corresponding boxcar functions of an household equipped with heat pump.

i.e. using combinatorial optimization [13]. At each iteration,
a local optimal solution, also close enough to a global one
(i.e. overall approximation), is found. The most known greedy
algorithm is matching pursuit; it selects a function in the
dictionary according to the function contribution in the sparse
signal recovery. Orthogonal matching pursuit is an improved
version of matching pursuit by updating all the activated
coefficients at every iteration in computing the orthogonal projection of the selected functions. Hence it iteratively estimates
the coefficients, and discards them when needed. Orthogonal
matching pursuit is computationally more expensive but also
returns more accurate results.
The orthogonal matching pursuit algorithm starts with the
residuals R0 = x, the coefficient α0 = 0 and Λ0 = ∅. At each
bj is updated by subtracting
iteration j the residual Rj = x − x
j
b the approximated signal. The next function selected, ϕkmax
j+1 ,
x
in the dictionary Φ is the one that maximizes
j+1
kmax
= argmax Rj ϕ>
k
k

2

∀k ∈
/ Λj ,

(3)

the `2 -norm of the inner product Rj ϕ>
k . At each iteration,
bj
j+1
a single element ϕkmax
is added to the signal recovery x
simultaneously updating the sparse support vector
j+1
Λj+1 = Λj ∪ kmax

∀k ∈
/ Λj ,

(4)

The coefficients αj are then computed as least square
j

α = argmin kx − αΛj ΦΛj k2 =
α

Φ†Λj x,

height α with their location in time approximating the power
consumption signal when summed up as showed in Figure 2.
B. Clustering
A direct consequence of the dictionary being overcomplete
is that most of the boxcar functions are used only once.
However many are displaying similar height α (i.e. power)
and width w (i.e. operation time). Indeed they are often generated by the same appliance (e.g. heat pump) and the sparse
approximation estimates them differently due to the presence
of other appliances or a variation in the load signature. In
order to reconstruct the power signal of a heat pump, all the
boxcars from the heat pump have to be flagged. It is then a
long and tedious task to analyze the boxcar functions one-byone. To speed up the process, a clustering is implemented on
the selected set of boxcar function ΦΛ with power amplitude
α and operation time w (see Figure 1).
The clusters may vary differently in amplitude and operation
time which means that they have various shape in the 2D space
(α, w). Hence Gaussian Mixture Model (GMM) that can form
round or ellipsoidal clusters is a suitable algorithm [14]. Each
boxcar function ϕk of ΦΛ has then coordinates yk = (αk , wk )
and y = {y1 , . . . , yK }. The GMM model of G clusters is then
written
p(y) =

(5)

where Φ†Λj is the Moore-Penrose pseudo-inverse of ΦΛj the
subset of selected boxcars in the dictionary. The last iteration
generates the sparse support vector ΛJ = {k j }Jj=1 restricting
the dictionary to ΦΛJ . The sparse approximated signal can be
reconstructed using x ≈ αΛJ ΦΛJ (Figure 2).
Concretely the output of the power signal sparse approximation is a set of boxcar functions of different width w and

G
X
g=1

φg N (y | µg , Σg ) ∀g : φg ≥ 0,

(6)

where µg is the mean, Σ is the covariance matrix and φg
is the mixture coefficient of the g th component. The total
probability density function sums up to one with p(y) ≥ 0
and N (y |µg , Σg ) ≥ 0. It implies that the mixture coefficients
φg must satisfy
G
X
g=1

φg = 1 and 0 ≤ φg ≤ 1.

(7)
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Fig. 3. Prior generated during the training phase.

The number of components G is determined empirically,
according to how much the dictionary should be reduced. In
this specific implementation, G = 40 for every household.
C. Training Phase: Prior Definition
The solid line and the left hand side of Figure 1 represent the
training phase of the methodology. During the training phase,
the subset of households that are equipped with heat pump is
processed through signal sparse approximation and clustering.
From the approximate signal and the centroids of the clusters,
heat pumps’ power consumption is visually assessed, hence
clusters with the corresponding power consumption are flagged
(Figure 1 & 2). Thereafter the power α (height ) and the
operation time w (width) of each boxcar in the flagged clusters
are extracted. The heat pump power consumption signal is then
reconstructed with the set of flagged boxcars. The frequency
of activation of each heat pump can be computed by differentiating the heat pump consumption signal and counting how
many times the differentiated signal is positive over a rolling
window of half a days.
Using the empirical distribution of the power, operation
time and the frequency, Probability Density Functions (PDF)
(Gaussian, Lognormal and Weibull) are then fitted. The best
fit for each feature is presented in Figure 3. The power
consumption α is actually a GaussianPmixture where the difP
ferent Gaussian distributions p(α) = p=1 φp N (α | µp , σ 2p )
with µp = {2.0, 2.6, 3.0, 4.0, 5.0} corresponds to the average
consumptions of each size of heat pump (Figure 3(a)). The
operation time is actually transformed using the natural logarithm of the distribution to fit PDFs. Both the Lognormal and
the Weibull fit well the empirical distribution as it exhibits a
long tail on the high end side. The Lognormal PDF is then
chosen as it is simpler to handle (Figure 3(b)). The fit of the
frequency is a conditional PDF to each power consumption µp .
The empirical distributions of the frequency fits a Lognormal
PDF as they exhibit also a long tail on the high end side
(Figure 3(c)).
The set of three PDFs forms the prior definition of heat
pumps’ load behavior which can be used to identify the
presence of heat pump from the overall electricity consumption

of unlabelled households.
D. Test Phase: Heat Pump Detection and Characterization
The heat pump detection phase is presented with a dotted
line and the right hand side of Figure 1. As for the learning
phase, the overall households’ consumption signals are processed through sparse signal approximation and GMM. From
the PDFs of the power consumption, the likelihood

2
1 α−µp
−2
1
σp
2
L(µp | α) = f (α ; µp , σp ) = √ e
(8)
σp 2π
of each centroid power consumption α being sampled from a
heat pump with power consumption µp is calculated as well
as the likelihood of the power consumption not being sampled
from a heat pump that follows a lognormal distribution

2
1 ln α−µ0
−2
1
1
σ0
√ e
L(µ0 | α) = f (α ; µ0 , σ02 ) =
. (9)
α σ0 2π
The maximum likelihood decoding is obtained by calculating
L(µp | α)
P [α = µp ] = PP
p=0 L(µp | α)

(10)

for each values of µp and returns the probability that each
centroid is sampled for a specific distribution.
A counting with weighting of the centroids by the number
of boxcars they are generated from is done to determine which
µp has the most often the highest probability. The clusters with
the selected µp as potential heat pump size are then kept and
the likelihood, the maximum likelihood decoding as well as
as the counting is then implemented on individual boxcars.
The households which have µ0 as the most probable power
consumption are then considered not being a domestic heat
pump and thus left aside.
The lognormal PDF fitted on the natural logarithm of the
operation time is then used to calculate the likelihood of each
boxcar being generated by a heat pump from an operation
time perspective. As with the power, the PDF of the natural
logarithm of operation times of boxcars not generated by
heat pumps is used to calculate the complementary likelihood
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formance of the prediction is evaluated in comparison to (what
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From the output of the confusion matrix (Table I), the recall
or True Positive Rate (TPR), the precision, also known as
Positive Predictive Value (PPV), and the accuracy (ACC)
TP
TP
TP+TN
, PPV =
, ACC =
TP + FN
TP + FP
P+N
are calculated.
TPR =

IV. R ESULTS
of each boxcar not being generated by a heat pump. After
decoding of the maximum likelihood, the discrimination of
the household possibly equipped with heat pump and the one
without is operated by counting which of the options has the
most often the hightest probability.
The last step consists of recreating the consumption signal
of probable heat pump using the set of boxcars that are
likely to be produced by a heat pump. As in Section III-C,
the consumption signal is differentiated to calculate, using a
rolling window of half a day, the frequencies of activation.
The frequency PDF is conditional to the power of the heat
pump, µp , hence the PDF used to calculate the likelihood of
each consumption signal being generated by a heat pump is
conditional to its evaluated power consumption µp . In this
case, the decoding of the maximum likelihood cannot be done
as it will require high computing resources to decompose all
the signal to calculate the likelihood of frequencies generated
by other appliances. Hence, the Kullback-Leibler divergence


X
P (i)
DKL (P || Q) = −
P (i) ln
(11)
Q(i)
i
between the conditional PDFs of the frequency generated
during the training phase, and each individual heat pump
frequency PDF of the training set is calculated. The output,
Figure 4, is another lognormal PDF, which allows us to define
a threshold of 0.1 under which we assume it’s unlikely that the
frequency is sampled from a heat pump power consumption
signal.
E. Performance Metrics
The performance of our detection algorithm is evaluated
using standard classification performance measures, the per-

The results of the test phase are presented in Table II.
The performance measures are calculated at each step of
the detection as well as for the overall performance of the
algorithm. The results are also presented with the outlook of
what we know a priori is the ground truth (left hand side of the
table) and after corrections checking for unlabelled heat pump
detected and thus considered false positive (right hand side
of the table). Indeed, as explained in Section II uncertainties
exist in the subset of unlabelled households on the presence
of heat pump. Therefore, households’ load that seem to be
misclassified as equipped with heat pump have to be visually
checked. After visual checking of all the false positive but
also false negative, three households which were not labelled
as equipped with heat pump were displaying patterns that were
identified as heat pump and were actually correctly detected.
None unlabelled heat pump were placed in the false negative.

TABLE II
P ERFORMANCE OF THE DETECTION AT EACH STEP, WITH OR WITHOUT
CORRECTING FOR FALSE P OSITIVE BEING ACTUAL HEAT PUMP.
A priori

Corrected

TPR

PPV

ACC

TPR

PPV

ACC

Power
Operation Time
Frequency

0.80
1.0
0.88

0.11
0.23
0.32

0.15
0.56
0.21

0.84
1.0
0.91

0.16
0.30
0.45

0.19
0.60
0.35

Overall

0.70

0.31

0.75

0.77

0.46

0.80

The first step of the detection assigns a potential heat pump
size to each loads, hence the classification performance is not
high and only the TPR is actually relevant as we do not want
to discard households labelled with heat pump. Nevertheless
two households with heat pump are discarded at this stage of

the detection. They both present consumption which are on
the extremity of the range [1.2, 6.0] that we consider possible
for domestic heat pump based on the PDFs in Figure 3(a).
All the other households discarded at this step have power
consumption under 1.5kW which has a low probability for
the presence of a heat pump.
From an operation time perspective, the detection assigns
well all households with heat pump as having a heat pump.
This process is discriminating with a correct accuracy (0.56),
without misclassifying households labelled with heat pump
(TPR=1.0).
The frequency step is simply refining the classification by
reducing the false positive rate as it has the highest PPV of the
different steps. It has discarded only one labelled heat pump
which presents a relatively high frequency for a heat pump.
The Overall performance of the algorithm is correct in term
of detection of the heat pump labelled as such. However the
false positives are still relatively high which leads to low PPV
performance event after correction. A thorough examination of
the set of false positives at the end of the process reveals that
it consists of households equipped with large electric heating
which in these case have a load behavior similar to heat pump,
in terms of amplitude and frequency. Their operation times are
in contrary relatively short (5 minutes or less) but they were
not discarded as the operation time prior is not strict on the low
side of the distribution (see Figure 3(b)). These information
are valuable as they help us to update the prior, to improve
the performance of the algorithm through inference.
V. C ONCLUSIONS AND F UTURE W ORKS
This paper presents a Bayesian framework to detect domestic heat pumps and characterize their load behaviour. After
generating a first definition of heat pumps’ load behaviour
using PDFs summarizing the range of possible power consumption, operation time and frequency, a first inference is
implemented and its performance evaluated. It proved to be
performing well despite a small training set resulting in a
relatively slack prior definition. The results of this work could
be generalized to electric vehicles charging and air coolers
which are also large ON/OFF appliances.
The methodology presents already a level of accuracy
which could bring valuable insights for targeted marketing
strategies regarding efficiency programs or flexibility contract.
Indeed, heat pump electric vehicles charging, air coolers are
potentially flexible as they are not continuously related to
human activities like stoves or light can be. The possibility
of knowing where these appliances are geographically placed
at a grid distribution level is actually fundamental for efficient
DSM and distributed energy generation management. Indeed,
the smartness of the grid is not in the meter or in the
technology but in the information obtained from processing
data and used to take decision. The prior generated could also
be used to simulate heat pump power consumption behavior
at a population level and understand how the synchronicity of
the peak load can affect the grid.

Future works would consist in updating the prior definition,
observing its evolution and studying the evolution of the
performance of the detection. It would also be interesting to
test the detection of electric vehicles charging as the diversity
of technologies of chargers makes it more complex.
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