
Accepted at The Annual Electrical Power and Energy Conference (EPEC 2013).

AMPds: A Public Dataset for Load
Disaggregation and Eco-Feedback Research

Stephen Makonin∗†, Fred Popowich∗, Lyn Bartram‡, Bob Gill§, Ivan V. Bajić¶
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Abstract—A home-based intelligent energy conservation sys-
tem needs to know what appliances (or loads) are being used
in the home and when they are being used in order to provide
intelligent feedback or to make intelligent decisions. This analysis
task is known as load disaggregation or non-intrusive load mon-
itoring (NILM). The datasets used for NILM research generally
contain real power readings, with the data often being too coarse
for more sophisticated analysis algorithms, and often covering too
short a time period. We present the Almanac of Minutely Power
dataset (AMPds) for load disaggregation research; it contains
one year of data that includes 11 measurements at one minute
intervals for 21 sub-meters. AMPds also includes natural gas
and water consumption data. Finally, we use AMPds to present
findings from our own load disaggregation algorithm to show
that current, rather than real power, is a more effective measure
for NILM.

Index Terms—Power Meter, Current, Dataset, Load Disaggre-
gation, Eco-Feedback, Single-Measurement, Maximum a Poste-
riori (MAP), Energy Conservation

I. INTRODUCTION

Currently, much of the world is focused on reducing elec-
tricity consumption; our increase in consumption is neither
economically nor environmentally sustainable. Additionally,
there is a growing consensus that environmental and economi-
cal sustainability are inextricably linked. As the cost of power
rises, we must find technological solutions that help reduce
and optimize energy use. For homeowners and occupants, one
way to achieve this goal is to monitor their power consumption
by understanding appliance usage through an effective eco-
feedback device or display mechanism.

When designing and implementing an intelligent energy
conservation system for the home, it is essential to have
insight into the activities and actions of the occupants. In
particular, it is important to understand what appliances are
being used and when. In the computational sustainability re-
search community this is known as load disaggregation or non-
intrusive load monitoring (NILM) (Section II). Currently there
are a handful of datasets that load disaggregation researchers
can use (Section II-A). Each dataset has its own limitations–
mostly these datasets capture short-term power usage and only
provide readings of real power. We introduce the Almanac of
Minutely Power dataset (AMPds) containing one year of data
that includes 11 measurements at one minute intervals for 21
sub-meters. Furthermore, data for natural gas and water con-
sumption are provided (Section III). Additional measurements
are included to support the argument that current (not real

power) may be a better measurement for load disaggregation
(Section IV). Using AMPds, we present our initial findings of
a load disaggregation algorithm that uses single-measurement
MAP (Maximum a Posteriori) criteria (Section V). Finally,
we discuss how AMPds is being used to develop and test the
usability of eco-feedback devices (Section VI).

II. LOAD DISAGGREGATION

In the computational sustainability research field, load dis-
aggregation goes by many names and acronyms, including
non-intrusive load monitoring (NILM) and nonintrusive ap-
pliance load monitoring (NIALM or NALM). Early research
by Sultanem [1] and then Hart [2] proposed strategies to dis-
aggregate loads using whole-house power readings. Recently
researchers have focused on using smart meter data as a more
realistic solution [3]–[9]. However, we question whether using
real power to disaggregate is the best choice of measurement
(see Section IV for details).

We have previously identified five key problems which
further challenge the success of a load disaggregation system
[10]: multiple, simultaneous load events, noisy power signals,
dynamic and changing usage, computational cost and com-
plexity, and privacy. Of those five, dynamic and changing
usage is one of the motivations for AMPds. Dynamic and
changing usage means, that over a period of time, the number
of appliances within a home can increase and decrease. They
can also be replaced as in the case of an old dishwasher
breaking down which is then replaced with new, more energy
efficient model. These changes are coupled with the fact that
occupant-home interaction varies greatly from one home to
another, or over a long period of time [11]. So it can be
difficult for a load disaggregation system to generalize over
data from other homes or other periods of time. For this
reason, load disaggregation algorithms that rely on context-
aware and/or time-based/temporal modelling [12]–[14] needs
to be tested for accuracy on datasets that capture long-term
usage of appliances.

There are different types of appliances that need to be
considered by NILM algorithms. Hart identifies four different
applicance types: simple on/off, finite-state, constantly on,
and continuously variable [2]. Zeifman, for example, only
considers simple on/off appliance disaggregation [8]. Many
home appliances (including some LED lighting) have em-
bedded electronics that allow for different running options
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and controls, resulting in a load that does not have a simple
on/off behaviour. So the real challenge for load disaggregation
algorithms is the need to detect complex, finite-state appliances
and loads. Our preliminary load disaggregation algorithm
handles all of Hart’s four appliance types.

A. Other Datasets

There are existing datasets for load disaggregation re-
searchers to use–each with significant limitations. These
datasets generally provide only a power measurement for the
whole-house and/or multiple house loads. There are only a
handful of datasets due to the costs involved with equip-
ment purchase and installation. The MIT Reference Energy
Disaggregation Data Set or REDD [15] supplies high and
low frequency readings specifically for residential load dis-
aggregation for a short period of time (from a few weeks
to a few months). Zeifmann [8] found that whole-house
measurements were provided in apparent power and individual
circuits were measured in real power. Consequently, the sum
of individual circuits did not equal the whole-house. The
CMU Building-Level fUlly labeled Electricity Disaggregation
dataset or BLUED [16] contains high frequency readings of
a single family home with a list of appliance events, but
only for one week. The UMASS Smart* Home Data Set
[17] contains high and low frequency readings, but is not
specifically designed for NILM evaluation. The Tracebase
dataset [18] contains appliance power traces sampled at in-
tervals of one second. There are organizations that provide
datasets for their customers. For example, Green Button has a
number of sample datasets publicly available from their web-
site (http://www.greenbuttondata.org/greendevelop.aspx). The
Plugwise dataset was used by [4] but is only available upon
the submission of a request to the company.

III. THE AMPDS DATASET

Our dataset is a record of energy consumption of a single
house using 21 sub-meters for an entire year (from April
1, 2012 to March 31, 2013) at one minute read intervals.
We chose a one minute interval due to concerns over data
communication network saturation, but this comes at a cost
of loss of fidelity (i.e. missing power measurement spikes that
could help identify loads more easily) [6]. We monitored a
house built in 1955 in the greater Vancouver region in British
Columbia, which underwent major renovations in 2005 and
2006–receiving a Canadian Government EnerGuide rating of
82%.

Using branch circuit power metering (BCPM, see Figure 1)
we metered 21 breakers from the house power panel. Table IV
lists the 21 sub-metered breakers/loads. The two BCMP units
were queried once per minute by an industrial data acquisition
server (see Figure 3(a)). Table I lists the BCPM measurements
captured.

For natural gas metering there were two meters: the whole-
house meter (WHG) and the gas furnace meter (FRG). For
water metering there were also two meters: the whole-house
meter (WHW) and the hot water meter (HTW). Figure 2 shows

Fig. 1. Two DENT PowerScout 18 units metering 24 loads at the elec-
trical circuit breaker panel. Measurements are read over a RS-485/Modbus
communication link by data acquisition equipment (see Figure 3(a)).

TABLE I
POWER MEASUREMENTS CAPTURED

Column Description Units
0 Unix Timestamp (since Epoch) s
1 Voltage (V) V
2 Current (I) A
3 Frequency (f ) Hz
4 Displacement Power Factor (DPF) ratio

5 Apparent Power Factor (APF) ratio

6 Real Power (P) W
7 Real Energy (Pt) Wh
8 Reactive Power (Q) VAR
9 Reactive Energy (Qt) VARh

10 Apparent Power (S) VA
11 Apparent Energy (St) VAh

the pulse meters used. Table II and Table III lists the pulse
measurements captured by the data acquisition server (see
Figure 3(b)) for both natural gas and water consumption.

TABLE II
NATURAL GAS MEASUREMENTS CAPTURED

Column Description Units
0 Unix Timestamp (since Epoch) s
1 Pulse Counter dm3

2 Average Rate dm3/h
3 Instantaneous Rate dm3/h

The data acquisition servers (Figure 3) push data captured
to a remote, off-site MySQL server via HTTP POSTS. When
creating the AMPds comma separated value (CSV) files, we
first cleaned the dataset by removing incomplete captures (i.e.



(a) Gas Main Meter (b) Gas Furnace Meter

(c) Water Main Meter (d) Hot Water Meter

Fig. 2. Pulse meters for natural gas (a), (b) and water (c), (d); (a) is an
Elster AC250 gas meter, (b) is a Elster BK-G4 gas meter, and (c) and (d) are
Elster/Kent V100 water meters. Measurements are electrical pulses that are
read by data acquisition equipment (see Figure 3(b)). Each pulse represents
a quantity on consumption.

(a) Power Data Acquisition (b) Gas and Water Data Acquisition

Fig. 3. Data acquisition units: (a) is a Obvius AcuiSuite EMB A8810 for
communicating via Modbus to the 2 branch circuit power meters (BCPM), and
(b) is a Obvius AcuiLite EMB A7810 for recording pulses from the natural
gas and water meters. These units have a maximum read rate of once per
minute.

some sub-meters had data missing for different timestamps),
resulting in the removal of 1,054 rows. The dataset contains
524,544 valid readings per sub-meter. For the power metering
we added a meter labelled UNE (or unmetered loads) as a
soft-meter that is calculated by subtracting the sum of the sub-
meters from the WHE whole-house power meter. Data for
UNE is not included in the in the dataset download: (1) to
reduces the dataset file size, and (2) it is easily generated via a
script. Four sub-meters were removed from the dataset: the gas

TABLE III
WATER MEASUREMENTS CAPTURED

Column Description Units
0 Unix Timestamp (since Epoch) s
1 Pulse Counter L
2 Average Rate L/min
3 Instantaneous Rate L/min

cook-top sub-meter, the microwave sub-meter, and the partial
lights sub-meter did not have enough activity and/or contained
data errors, while the rental unit sub-meter was removed for
privacy concerns.

IV. CURRENT vs REAL POWER

With the detailed and long term information available in the
dataset, we were able to compare the use of real power (P)
for disaggregation with the use of current (I).

Utilities bear the line losses by the time signals reach the
pole, indicative of voltage degradation and hence find ways to
correct power factor along the way using capacitors. Power
factor cos(Θ) is the the ratio between real power (P) and
apparent power (S) in a circuit. The power formulae are:

S = I·V ,
P = S· cos(Θ) = I·V· cos(Θ) ,

(1)

where Θ is the angle between voltage (V) and current (I). The
power factor is unity (1) when the voltage and current are in
phase and zero when the current leads or lags the voltage by
90 ◦. Power factors are usually stated as leading or lagging to
show the sign of the phase angle of current with respect to
voltage.

Table IV shows the result of an analysis we performed on
473,232 data point (per min readings) over 11 months. We
found that real power readings had a high degree of fluctuation
(as high as 10×, see Table IV) compared to current. This is
due in part to the meter using two sensor readings (current
and voltage) that can both fluctuate independently to measure
real power. With BCPMs, current is measured on the same
wire as the load while voltage is measured in one spot on the
breaker power panel. There is a noticeable voltage drop when
measuring voltage at the top of the breaker power panel vs
the bottom. This means that if the BCPM meter is measuring
the voltage level at a single spot the further away the current
transformer (CT) the less accurate the voltage reading. This
leads to a less accurate power reading when calculating the
power associated to that CT. In addition, the resistiveness (R)
of the load changes due to other factors such as wire gauge
and material used. In other words, there is again a voltage
drop from the breaker as compared to the plug outlet. It is
worth noting that current is not affected by these problems.

We concluded that using current would result in: (1) being
better able to determine load states from historical data al-
gorithmically, and (2) a higher classification accuracy score
for the load disaggregation algorithm. Figure 4 shows the
results from Table IV for the dishwasher. By examining the



TABLE IV
CURRENT vs REAL POWER COMPARISON

ID Load Distinct I Distinct P Flux
B1E North Bedroom 14 84 6×
B2E Master/South Br 19 175 9×
BME Basement Plugs & Lights 51 387 8×
CDE Clothes Dryer 86 632 7×
CWE Clothes Washer 122 720 6×
DNE Dining Room Plugs 9 55 6×
DWE Dishwasher 46 270 6×
EBE Electronics Workbench 17 104 6×
EQE Security/Network 4 26 7×
FGE Kitchen Fridge 131 525 4×
FRE HVAC/Furnace 45 298 7×
GRE Garage 63 122 2×
HPE Heat Pump 186 1268 7×
HTE Instant Hot Water Unit 9 70 8×
OFE Home Office 73 408 6×
OUE Outside Plug 2 6 3×
TVE Ent TV/PVR/AMP 43 415 10×
UTE Utility Room Plug 7 24 3×
WOE Wall Oven 101 646 6×
WHE Whole-House Meter not tested
UNE Unmetered Loads not tested

number of distinct current reads (Figure 4(b)) we were able
to algorithmically determine that the dishwasher had 4 finite-
states. Figure 4(b) will form the basis for probability mass
functions (PMF) that our load disaggregation algorithm will
use.

V. SINGLE-MEASUREMENT DISAGGREGATION

Using what we have discussed in the previous section, we
continued to reflect on the nature of electrical systems and
power. We know the following properties to hold true: (1)
measurements of current draw are discrete as a limitation
of the measuring device, (2) size of the breaker and/or the
electrical limits of the load provide an upper bound on the
measurements of current draw, and (3) zero is a lower bound
on the measurements of current draw–current will never be
negative. Load disaggregation research generally uses contin-
uous probability distribution functions (e.g. Gaussian) [5], [6],
[8] and generally ignores the idea of discrete probability.

Zeifman [8] looks at a simple case of on/off appliances and
appliance state transitions, but does not systematically analyze
the single-measurement case. One potentially useful addition
is to look at what can be inferred from a single measurement
at a given time without analyzing the transitional probabilities
(i.e. just by knowing the total current at that one time). Our
single-measurement disaggregation algorithm uses discrete
probabilities and single measurement to disaggregate all four
types of appliances: simple on/off, finite-state, constantly on,
and continuously variable [2]).
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Fig. 4. An examination of the dishwasher. Comparing current (b) vs power
(c) there is 6× as many different measurements for power as there is for
current. This is due to fluctuations in voltage. Each spike in (b) can be seen
as a distinct load/appliance state (4 states in the case of our dishwasher).

A. Formal Mathematical Model

Let there be l independent discrete random variables
X1, X2, . . . , Xl, corresponding to current draws from l loads.
Each Xi is the deci-Ampere (dA) measurement of a me-
tered electric load with a probability mass function (PMF)
of pXi(x), where i is the load index i ∈ {1, 2, ..., l}, x
is a number from a discrete set of possible measurements
x ∈ {0, 1, ...,mi}, and mi is the upper bound imposed by the
breaker that the i-th load is connected to. For example, with dA
measurements on a 15A breaker, we would have mi = 150.
The PMF pXi

(x) is defined as follows:

pXi(x) =

{
Pr[Xi = x], x ∈ {0, 1, . . . ,mi},
0, otherwise,

(2)

where Pr[Xi = x] is the probability that the cur-
rent draw of the i-th load is x. For example, if the
PMF of Xi is (0.10, 0.05, 0.25, 0.40, 0.20, 0, 0, ...) for x ∈
{0, 1, 2, 3, 4, 5, 6, ...}, then Pr[Xi = 2] = 0.25, so the proba-
bility of the i-th load drawing 2 dA (i.e., 0.2 A) is 0.25.

The probability Pr[Xi = x] is estimated from measurements
over a sample period. For example, if over T measurements,
the current draw x was recorded j times, then Pr[Xi = x] =
j
T . During the sample period each load is metered at a consis-
tent rate of one measurement per minute. This rate determines



the time resolution at which the load disaggregation will be
performed.

Peaks in PMF pXi(x) are designated as probable load states
s ∈ {0, 1, . . . , Si}, where Si + 1 is the number of states.
The states are assigned by quantizing the range of possible
measurements [0,mi] (without gaps) so that each quantization
bin contains one peak of the PMF. For example, in Figure 4(b),
there are four peaks in the PMF, so we would model this PMF
by a four-state model, with states being indexed {0, 1, 2, 3}.
The probability of each state is the total probability mass
within its quantization bin.

B. MAP disaggregation

A single measurement of the whole-house current draw is
given by

Z = X1 + X2 + ... + Xl, (3)

where Z is the sum of current draws by all loads. We want
to be able to determine the values of Xi’s from the value
of Z. In general, there are multiple combinations of Xi’s that
would produce any given Z, but not all of them have the same
probability. We want to find the combination (X1, X2, ..., Xl)
that is the most probable, given the sum Z, i.e., the one
that maximizes the posterior probability Pr(X1, X2, ..., Xl|Z).
Note that the conditional probability Pr(Z|X1, X2, ..., Xl) = 1
if
∑l

i=1 Xi = Z, and 0 otherwise, so by Bayes’ rule we have

Pr(X1, X2, ..., Xl|Z)

=
Pr(Z|X1, X2, ..., Xl)Pr(X1, X2, ..., Xl)

Pr(Z)

=

{
Pr(X1,X2,...,Xl)

Pr(Z) if
∑l

i=1 Xi = Z,

0 else.

(4)

Since Pr(Z) is common to all combinations, it does not make
a difference to their rank ordering in terms of probability.
Hence, the MAP solution is the one with the highest prob-
ability Pr(X1, X2, ..., Xl) such that

∑l
i=1 Xi = Z. Since

the load current draws are assumed independent, we have
Pr(X1, X2, ..., Xl) =

∏l
i=1 Pr(Xi).

C. Experimental Setup and Results

We chose 10 loads (or sub-meters) to disaggregate. Seven
sub-meters containing a single load (CDE, CWE, DWE,
FGE, FRE, HPE, WOE), 2 sub-meters containing multi-
ple loads (BME, TVE) and the unmetered loads soft-meter
(UNE). All loads can be considered finite-state loads. FRE
(HVAC/Furnace) is mainly a constantly on load consisting of
a fan and thermostat. CWE (Clothes Washer) is a front load
washer with a variable speed spinning drum so it is a finite-
state load combined with a continuously variable load.

We ran the algorithm on the 524,544 current data points
(per sub-meter) in AMPds. Ten experiments (one for each
sub-meter) were run to see if single loads could be identified
(or disaggregated) from the whole house reading. Accuracy is
based on the correctness of both of: (1) the load being correctly
identified, and (2) Ampere amount is the same as in the
ground truth. We conducted our experiments using a Python

implementation of the algorithm on a MacBook Air with a
1.8 GHz Core i7 CPU and 4 GB of memory. Table V shows
our elapsed time and accuracy results which look promising.
It currently takes ∼20 seconds to disaggregate all 10 loads for
each time period.

TABLE V
LOAD DISAGGREGATION RESULTS

ID Load Elapsed Time Accuracy
BME Basement Plugs & Lights 23 minutes 77.0%
CDE Clothes Dryer 16 minutes 97.9%
CWE Clothes Washer 33 minutes 97.4%
DWE Dishwasher 19 minutes 97.3%
FGE Kitchen Fridge 32 minutes 55.0%
FRE HVAC/Furnace 21 minutes 33.8%
HPE Heat Pump 30 minutes 84.7%
TVE Ent TV/PVR/AMP 20 minutes 57.0%
UNE Unmetered Loads 48 minutes 11.3%
WOE Wall Oven 18 minutes 99.5%

VI. TOWARDS RICHER ECO-FEEDBACK

Encouraging residents to consume less energy is key to
conservation efforts; research indicates that simply improving
the efficiency of how using one’s home can save between
10%–30% of energy [19]. However, the average person has
a very difficult time understanding their energy use [19]–[21].
Both utilities (providers) and residents (consumers) are thus
interested in residential eco-feedback [19] that offers residents
both real-time and historical representations of their energy
consumption. Currently available solutions tend to web-based
simple analytical reports (http://myBCHydro.com portal) or
simple aggregate in-home displays (Rainforest ERT R© In-
Home Display, TEDTM). The success of these has been limited,
with low utility and poor usability cited as common factors in
low adoption [22].

An emerging field of visualization research focuses on
what kinds of residential energy feedback are effective and
appropriate, in which contexts, and in which locations [19]–
[24]. Some of the critical research questions to examine in
such eco-visualizations include temporal resolution (month,
day, hour, minute) and presentation (real-time, historical);
data scale (aggregate or detailed, multi-point or single-point);
location (web-based, embedded in the home, mobile) and
communicative intent (inform a tactical decision, support
inferential analysis). The range of potential solutions spans
a gamut from analytical, historical visualizations to real-time
monitoring and at-a glance tactical feedback [20]–[22] but
researchers are hampered by a paucity of readily accessible
data at different resolutions and temporal scales. Commonly
available data is typically either an aggregate total from a smart
meter or a dataset of such values and timestamps provided
in batch form and downloaded from the different utilities
that supply electricity, natural gas, and water. This lack has
motivated the development and publication of the dataset
described in this paper.



Visualization and interaction researchers currently use this
dataset for the design, development and testing of several
prototype visualizations [23], [25], [26]. A variable feed at
different temporal scales is embedded in a personal calendar
showing the total energy use at different times [23], [27]. This
uses near-real-time data (up to the last 10 minutes). A related
approach represents the detailed house use by appliance and
room, showing both the current use (kW) and the accumulated
(kWh) for the day, in both traditional graphing and innovative
informative art representations [25]. These feedback displays
are intended for installation in a number of field sites begin-
ning in 2014 in a longitudinal study in partnership with the
provincial electricity utility.

VII. CONCLUSIONS

We have presented AMPds a dataset that contains detailed
measurements not seen in other datasets. In addition to power
meter data we have also released water and natural gas meter
data not done with other currently available datasets. We have
also demonstrated the promising results of our initial load
disaggregation algorithm. Unlike other load disaggregation
algorithms ours can disaggregate all four types of appliances.

Our future work includes augmenting our single-
measurement disaggregation algorithm with a dynamics
analysis (based on transitions) to improve the results. We are
also looking at integrating the water and natural gas meter
data as part of the disaggregation process to help identify
multi-fuel appliances. We also see that the PMF created for
each load can be used as a low frequency load signature
which may be used to disaggregate appliances of the same
make and model in other houses–an intuition that still needs
to be tested.
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from: http://ampds.org/.
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