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Motivación

• Smart grid es una aplicación que pasa a ser de 
interés estratégico para el G2PI junto con 
neuroimagen e internet as a data source

• Hay que buscar problemas de smart grid que 
puedan ser resueltos en menos de 3 años 
usando machine learning

• Hay que buscar problemas en los que haya datos 
públicos disponibles.
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Contenidos de la charla

• Escenario de aplicación: smart grid

• Predicción de consumo

• Desagregación de demanda

• Optimización de consumo

• Datos disponibles

• Discusión
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Escenario de 
aplicación: smart grid
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Smart grid
• Red “inteligente” de distribución de energía eléctrica

• Integra: usuarios finales, centros de distribución, 
generadores de renovables, generadores 
“tradicionales”, vehículos eléctricos, baterías de 
almacenamiento.

• Gestión inteligente para:

• Hacer la demanda plana (p.v. generación)

• Usar la energía barata (p.v. usuario final)
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Elementos nuevos
• Esquemas de precio variables con el tiempo para 

controlar PAR (peak-to-average-ratio)

• Real Time Pricing

• Inclining Block Rates. El precio marginal de la energía 
se incrementa significativamente (40%, 80%) por 
tramos de consumo

• Direct Load Control: cortar suministro

• Smart meters en cada hogar

• Sistemas Domésticos de Gestión de Energía
6
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Mercado de 
electricidad
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Fig. 1. A simplified illustration of the wholesale electricity market formed by multiple generators and several regional retail companies. Each retailer provides
electricity for a number of users. Retailers are connected to the users via local area networks which are used to announce real-time prices to the users.

example, in the case of a PHEV, in total is
needed to charge the battery for a 40-mi driving range [2]. As
another example, for a typical front-loading clothes washing
machine with warm wash/rinse setting, we have
per load [28]. Next, assume that for each appliance ,
the user indicates as the beginning and end of a
time interval in which the energy consumption for appliance
is valid to be scheduled, respectively. Clearly, we always have

. For example, after loading a dishwasher with the
dishes used at the lunch table, the user may select
and for scheduling the energy consumption for the
dishwasher as he expects the dishes to be ready to use by dinner
time in the evening. As another example, the user may select

and (the next day) for his PHEV after
plugging it in at night such that the battery charging finishes by
early morning time when he needs to use the vehicle to go to
work. Given the predetermined parameters , , and , in
order to provide the needed energy for each appliance in
times within the interval , it is required that

(2)

Further to constraint (2), it is expected that for any
and as no operation (thus energy consump-

tion) is needed outside the time frame for appliance .
We note that the time length needs to be larger than
or equal to the time duration required to finish the normal op-
eration of appliance . For example, for a single-phase PHEV,
the normal charging time is 3 h [2]. Therefore, it is required
that . Clearly, if the timing im-
posed by the user would be strict and any energy consump-
tion scheduling strategy has no choice but arranging full power
charging within the whole interval . On the other hand,
if , it is possible to select certain hours within
the large interval to schedule energy consumption such
that the electricity payments can be minimized. We will further
discuss this issue in Section II-C.

All home appliances have certain maximum power levels de-
noted by , for each . For example, a PHEV may be
charged only up to per hour [2]. Some appli-
ances may also have minimum stand-by power levels , for
each . Therefore, the following lower and upper bound

constraints are needed on the choices of the energy scheduling
vector for each appliance :

(3)

Finally, we note that there is usually a limit on the total energy
consumption at each residential unit at each hour. This limit, de-
noted by , can be set by the utility to impose the following
set of constraints on energy scheduling:

(4)

Together, constraints (2)–(4) determine all valid choices for the
energy consumption scheduling vectors. Therefore, we can de-
fine a feasible scheduling set for all possible energy consump-
tion scheduling vectors as

(5)

where denotes the vector of energy con-
sumption scheduling variables for all appliances. An energy
schedule is valid only if . Clearly, the proper choice
of would depend on the electricity prices. In this regard, we
assume that each household is equipped with a smart meter as
shown in Fig. 2. The real-time prices are provided by the utility
company via an LAN. The user announces his needs by se-
lecting parameters , , , , and for each appli-
ance . Then, the energy scheduler, with some help form
the price predictor if needed, determines the optimal choice of
energy consumption scheduling vector . The resulting energy
consumption schedule is then applied to all household appli-
ances in form of on/off commands with specified power levels
over a wired or wireless home area network among the appli-
ances and the smart meter. An example wireless home area net-
work (WHAN) is shown in Fig. 3. In this setting, the in-home
wireless communications can be implemented by ZigBee trans-
ceivers, offered by the ZigBee Alliance [29]. Another candidate
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Smart meter con 
planificador
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Fig. 2. The operation of smart meter in our design. Given the real-time prices
for all from the utility, there are two main units involved in resi-

dential load control: energy scheduler and price predictor. The latter estimates
the upcoming prices which are not announced by the utility, i.e., for all

if the price announcement horizon is less that the scheduling
horizon . The proper choices of energy consumption scheduling vectors
for all appliances is determined by the energy scheduler unit based on
the solution of optimization problem (25).

Fig. 3. The resulting energy consumption schedules selected by the energy
scheduler can be applied to household appliances in form of operation com-
mands over a wireless home area network using ZigBee transceivers.

for in-home communication is HomePlug power-line commu-
nication technology, offered by HomePlug Powerline Alliance
[30]. More details about various home area network technolo-
gies can be found in [31].

Next, we discuss the details on the real-time pricing model as
well as our proposed optimization-based load control strategy
in Sections II-B and II-C, respectively.

B. Real-Time Pricing With Inclining Block Rates

Recall from Section I that RTP and IBR are two promising
nonflat pricing models to replace the current flat rate tariffs. In
this section, we provide a general mathematical pricing repre-
sentation which combines these two pricing models. For now,
we assume that the future pricing parameters are known for the
users ahead of time. This is indeed the case in DAP structures.
We will discuss price prediction in Section III.

Let denote the total hourly household energy
consumption at each upcoming hour . Recall that
denotes the scheduling horizon. We consider a general hourly
pricing function which depends on three parameters

and is formulated as follows:

if
if .

(6)

It is clear that the price model in (6) is not a flat rate structure as
the price value depends on time of day and total load. In fact, the
price model in (6) represents an RTP structure combined with
IBR. To see this, let us consider the example pricing models
shown in Fig. 1(a) and (b) which are currently implemented by
IPC in the United States and British Columbia Hydro Company
in Canada, respectively. These examples are both special cases
of the more general pricing model in (6). For the RTP model
used by IPC in Fig. 1(a), we have

(7)

That is, although the prices vary every hour, they are indeed flat
within each hour. On the other hand, for the IBR used by British
Columbia Hydro Company, we have

(8)

(9)

(10)

That is, although the prices are dependent on consumption level,
they do not change over time; thus, they cannot reflect the fluc-
tuations in the wholesale prices. By combining the two pricing
scenarios in (6), both wholesale prices as well as consumption
levels are taken into account.

C. Problem Formulation

Given the feasible energy scheduling set and the RTP
model in (6), the key question is: How should each user’s
energy consumption be scheduled in response to time-varying
prices? Before answering this question, we first argue that
the user’s interest is two fold. First, each user wishes to min-
imize his payment. In fact, it is reasonable to assume that all
users care about the amount on their electricity bills. Second,
depending on the appliance, some users may also care about
their comfort and getting the work done (e.g., washing their
dishes, charging their PHEV, or cleaning their clothes) as soon
as possible. Clearly, these two objectives can be conflicting in
many scenarios. For example, in case of the RTP structure in
Fig. 4(a) and when the user wants to start washing dishes at
9:00 AM right after finishing the breakfast, he may choose to
wait for 5 h and postpone the operation of the dishwasher (with

per load) to 2:00 PM in order to reduce the
corresponding electricity payment from
to and save 4.2 cents. However, for
some reason, the user may prefer to pay the extra 4.2 cents and
finish the work by 10:00 AM. As an alternative, the user might
be willing to wait for 2 h only and save 1.5 cents instead. In
fact, we can see that there is a trade-off involved between the
two design objectives. Next, we explain how this trade-off can
be mathematically taken into account in an optimization-based
framework.

From the RTP model introduced in Section II-B, the user’s
total electricity payment corresponding to all appliances within
the upcoming scheduling horizon is obtained as

(11)
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prices? Before answering this question, we first argue that
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imize his payment. In fact, it is reasonable to assume that all
users care about the amount on their electricity bills. Second,
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their comfort and getting the work done (e.g., washing their
dishes, charging their PHEV, or cleaning their clothes) as soon
as possible. Clearly, these two objectives can be conflicting in
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9:00 AM right after finishing the breakfast, he may choose to
wait for 5 h and postpone the operation of the dishwasher (with

per load) to 2:00 PM in order to reduce the
corresponding electricity payment from
to and save 4.2 cents. However, for
some reason, the user may prefer to pay the extra 4.2 cents and
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Oportunidades para 
Machine Learning
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• Diseño de estrategias de Real Time Pricing

• Diseño de algoritmos de Planificación Doméstica

• Componentes para herramientas de 
simulación

• Modelos de máquina eléctrica

• Modelos de usuario final

• Variables exógenas (meteorología, calendario laboral, 
patrones sociodemográficos, etc).
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Predicción de 
Consumo
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Interés en predecir el 
consumo
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• Diferentes granularidades

• Diario: planificación de uso de energía, 
diseño de señales de precio, previsión de 
almacenamiento de energía

• Horario o cada 15 minutos: reacción a 
señales de precio en tiempo variable
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Datos a emplear para 
predecir el consumo
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• Consumo de cada hogar (edificio) 
muestreado cada 15 minutos durante años

• Calendario laboral

• Uso y materiales del edificio

• Meteorología
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[Aman 2011]

• Regression Trees (implem. matlab): 

• Mezclan variables categóricas con series 
temporales.

• permiten analizar relevancia de variables

• Baseline: 

• Diario: Media anual, media del día de la semana 
(DoW) y media del día del año (DoY)

• 15 min: media anual, time-of-week, time-of-day
14
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[Aman 2011]
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Figure 1. Campus daily energy use observed for 2008 and 2009. Used as
training data for model.
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Figure 2. Campus daily energy use for 2010. Both observed and predicted
values are shown. CV-RMSE =7.45%, r = 0.816, p < 0.001.

V. EXPERIMENTS

A. Campus-Scale Daily Energy Use Model

The campus-scale daily energy use model is used to
predict the energy consumed (KWh) each day for the entire
campus. This is useful for long term planning of energy
use (e.g. pricing levels to sign up with the electric utility,
purchasing energy storage, etc.) and for day ahead planning
(e.g. provisioning backup generators). The model uses Day
of week, Semester, Maximum Temperature, and Holiday as
features of a given day for the prediction. The model is
trained using these features and the observed daily energy
usage for the years 2008 and 2009, and it is used to predict
the daily energy usage for 2010. Fig. 1 plots the daily energy
usage for 2008 and 2009 used for training, and Fig. 2 shows
the observed and predicted energy use for 2010 (till Nov,
2010 for which data was available).

As we can see from the training data, a cyclic high and
low energy use trend is observed during the weekdays (Mon-
Fri) and the weekends (Sat-Sun), and similarly during the
semester (Jan-May, Aug-Dec) and during the summer and
winter breaks. However, there is significant variability in the
energy used even for similar weeks of the year in 2008 and
2009. For e.g., there is higher energy consumption during
the month of Jan, 2009 compared to Jan, 2008, and lower
during the month of Jun-2009 compared to Jun-2008.

The prediction from the regression tree model we train
closely matches with the observed energy usage. The X-Y
scatter plot between observed and predicted values shows

Table I
PREDICTION ERRORS FOR BASELINES AND REGRESSION

TREE MODELS FOR DAILY CAMPUS ENERGY USE FORECAST

Model Used CV-RMSE
Annual Mean 11.32%

Day of Week Mean 14.39%
Day of Year Mean 12.62%

Regression Tree 7.45%

a Pearsons correlation coefficient r = 0.816, a confidence
interval greater than 99.99% for a two-tailed test (i.e. p <

0.001), and a slope of 1.051 when the intercept is set to
(0,0). The CV-RMSE for the prediction is 7.45%.

1) Comparison with Baseline Models: We compare our
regression tree model against three baseline models that
are commonly used and are constructed using the historical
energy use values: annual mean, day of week mean (DoW)
and day of year (DoY) mean. Annual mean is a single
number that is the average of the daily energy use on all
days in 2008 and 2009. This value is: 11.32%. DoW mean
averages the energy use for each day of the week (Sun, Mon,
..., Sat) across all two years, and uses the resulting 7 values
as the predictors. DoY mean averages each day in the year
(1...365) across the two years and uses these 365 values as
the predictor. Table I shows the CV-RMSE of the predictions
made by the baseline models and our regression tree model.

As we can see, the regression tree model performs signif-
icantly better than the other models and reduces the CV-
RMSE of the next best model (Annual mean) by 34%.
The reason the other model make reasonable predictions
can also be explained. DoY mean captures the energy use
variability due to the seasonal temperature, and may thus be
able to partially capture the ”Temperature” feature used in
our regression tree model. It can also partially capture the
”Semester” variation and to a limited extent, the ”Holiday”
feature, when they occur on the dame day each year. The
DoY mean captures the ”Day of Week” feature we use and
can account for the class schedules since the class pattern
within a week repeats across all weeks of the semester.
But the schedule change across semesters is not capture.
By explicitly adding these features to our regression tree
model, we are able to better predict the daily energy use
that is affected by them.

2) Discussion of Outliers: There are several outliers
in the prediction that can be interpreted using available
knowledge of the domain. Some of the outliers in prediction
can be explained in terms of certain events/dates of the year,
which mainly deal with holidays and transitions between
semesters. For instance, if we look at the top two absolute
prediction errors at the campus level, they occurred on
30 May, 2010 and 5 Sept, 2010, which precede Memorial
Day and Labor Day holidays, respectively. Even though the
holiday information is captured as a feature of our model, the
prediction error is high. This indicates additional handling
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Figure 3. Campus 15-min energy use for the first week of 2010. Both
observed and predicted values are shown. CV-RMSE =13.70%, r = 0.637,
p < 0.001.

Figure 4. X-Y scatter plot of observed and predicted 15-min energy use
values for Jan-Nov, 2010. 31,200 points are plotted, with a trend line set
to pass at (0,0).

when the intercept is set to (0,0). The CV-RMSE for the
prediction is 13.70%.

1) Comparison with Baseline: The regression tree model
that we train is compared with three baseline models that just
use historical energy usage information to make predictions.
The annual 15-min mean model uses the average energy
used over all 15-min periods for 2008 and 2009 as a single
value prediction. The Time of Week (ToW) model uses the
average energy used during each 15-min time period in a
week as a predictor (7 days * 24 hours * 4 periods). The
Time of Year (ToY) model uses the average time during
each distinct 15-min time period in the year, averaged over
two years (365 days * 24 hours * 4 periods) as a prediction
for the corresponding time periods in future years. Table III
shows the CV-RMSE of the predictions made by the baseline
models and our regression tree model.

The regression model we train performs relatively bet-
ter than the baseline models with an improvement in the
absolute errors of between 1.37% and 3.67%. The baseline
models also perform respectably. Intuitively, the ToW model
is able to account for the weekend/weekday feature used in
our regression tree model, as well as the variation in tem-
perature during the day. Similar days of the week and time
periods during these days will correspond to similar classes
being scheduled and rooms being occupied. Likewise, the

Table III
PREDICTION ERRORS FOR BASELINES AND REGRESSION

TREE MODELS FOR 15-MIN CAMPUS ENERGY USE
FORECAST

Model Used CV-RMSE
Annual 15-min Mean 17.37%
Time of Week Mean 16.00%
Time of Year Mean 15.07%

Regression Tree 13.70%

temperature variation during the day is also a function of the
time of the day. The ToY model can capture the seasonal
as well as daily temperature variations, as also the holidays
that occur on the same days across different years (e.g. July
4) and the semester. This logical overlap with most features
that is considered by our regression tree model causes the
ToY model to better the ToW and Annual mean models,
and fall close to the performance of our model. As we shall
see, the use of Humidity in our model actually reduces our
model prediction power: using attributes other than humidity
allows us to reduce the error to 13.02%, which is better than
the ToY model by 13.6

2) Discussion of Outliers: We plot the absolute error
percentage (i.e (observed - predicted)/ observed) for each
15-min energy use prediction by our model against the actual
observations for the year 2010 in Figure 5 using a ”radar”
chart for compact representation. This shows the clustering
of errors and helps analyze unique causes of errors. As
can be seen, most of the errors fall within the 20% error
circle. There are a number of places where the error values
for concurrent time periods increase (or decrease) sharply.
These can be seen as streaks of dots moving away from the
center, like the spokes of a wheel. We can correlate these
with the actual and predicted values (e.g. in Figure 3) and
see that these are regions where our regression tree model
provides a single value for a period of time while the actual
energy use during that period is increasing (or decreasing).
This is illustrated for the time period around noon of 2 Jan,
2010 in Figure 3 where the prediction is flat at 4500KWh
while the actual observation is increasing from 2500KWh to
3900KWh and down again. This corresponds to the streak
at the 12’o clock position in Figure 5 that reaches the 40%
error circle.

There are other outliers that are the result of the predic-
tions failing at crossover points in the parameter space.

3) Relative Impact of Features: The five features used
by the regression tree model for predicting 15-min energy
use contribute disproportionately to the prediction error of
the model. We analyze their relative impact by training and
testing the regression tree model using all combinations of
the five features, as before, using years 2008 and 2009 as
training data and year 2010 as test. Table IV shows some of
the key results from the 31 models that were built, sorted by
low to high CV-RMSE values. The rows that are shaded in
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Figure 6. Daily energy use for the OHE academic building for Jan-Nov
2010. Both observed and global model predicted values are shown.
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Figure 7. Daily energy use for the DMT residential building for Jan-Nov
2010. Both observed and global model predicted values are shown.

for the residential building, OHE, recording an 8% or
better difference in absolute error compared to the next best
baseline model. The improvement is less marked for the
other building type, PSB, but still better at 19.32% as com-
pared to next best at 23.39%. Despite the building features
being intrinsic to the baseline model (since each model is
for a specific building), the use of the indirect indicators
of weekday, holiday, semester and temperatures help the
regression tree model outperform the baselines. The only
exception is the accuracy of prediction for the residential
building, DMT, where the day of the year performs better at
9.62% error than our global regression tree at 11.77% error.
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Figure 8. Daily energy use for the PSB other building for Jan-Nov 2010.
Both observed and global model predicted values are shown.

Table V
PREDICTION ERRORS FOR BASELINES AND REGRESSION

TREE MODELS FOR DAILY BUILDING ENERGY USE
FORECAST

OHE DMT PSB
Annual Mean 20.55 19.77 23.39
Day of Week 26.13 20.09 23.65
Day of Year 24.64 9.62 27. 48

Regression Tree (Global) 12.09 11. 77 19.32

This may be attributed to the fact that the baseline model is
specific to the DMT building while the regression tree model
cannot differentiate between residential buildings that may
vary in their energy use.

2) Discussion of Outliers: There are several outliers in
the prediction that can be explained based on additional
domain insight. For example, if we look at the absolute
prediction errors for the residential category, many of them
occur in the period 13-16 May, 2010 which marks the
transition between Spring and Summer semesters. Also, in
the academic category, among the top prediction errors is
again a period of transition between the Summer and Fall
semesters (17-18 Aug).

3) Comparison of global and local model for each build-
ing type: We build a single regression tree model (the
Global Model) that works for all 23 campus buildings to
perform daily energy use prediction for individual buildings.
However, recognizing that building of different types (i.e.
academic, residential and other) may have unique character-
istics, we also build one regression tree model (the Local
Model) for each building type for comparison. Note that
the global building model does include building type as a
feature. But the local model in a way forces the decision
tree to be partitioned at the root based on the building type.
Table VI lists the performance of the Local and the Global
Models.

We see that the global model performs better than the local
model in a majority of cases (14 of the 22 buildings). This
is particularly true for the academic and the other buildings
where the local model performs better for only one in three
cases. This indicates less homogeneity within the academic
and other building types to warrant promoting building type
to the root of the regression tree. This can be attested to
given the widely varying sizes of the academic buildings and
the different uses for the other building category, ranging
from a library to parking garages. Thus, a local model
may not necessarily be suitable based on the building type.
However, there may be other aspects of the buildings that
may motivate the need for local models for a specific class
of buildings for better performance.

VI. CONCLUSION

We describe energy forecast models for a campus micro-
grid based on machine learnt regression tree models. Besides

Table II
PREDICTION ERRORS FOR BASELINES AND REGRESSION

TREE MODELS FOR DAILY CAMPUS ENERGY USE FORECAST

Weekday Semester Temperature Holiday CV-RMSE
⌥ ⌥ ⌥ ⌥ 7.40%
⌥ ⌥ ⌥ 7.60%
⌥ ⌥ 7.95%
⌥ ⌥ ⌥ 8.05%
⌥ ⌥ ⌥ 8.37%
⌥ ⌥ 8.54%
⌥ 8.86%

⌥ 10.48%
⌥ 11.05%

⌥ 11.54%

that may be necessary for holidays and transition points
within features.

3) Relative Impact of Features: One novel aspect of our
modeling approach is to use indirect indicators of energy
use that are unique to a campus environment to help make
better predictions. We evaluate the impact that each of these
features has on the accuracy of model prediction by training
and testing the regression tree model for all combinations of
the features and comparing their CV-RMSE values. Table II
highlights some of these 15 combinations that were trained
and tested, sorted in the order of lowest to highest errors.
Rows shaded gray indicate the use of just a single feature
by the model. The row that is underlined indicates the use
of all features in the model.

We see that the use of the day of the week feature provides
consistently lower error values by the models, making it
the most important feature that affects the daily energy use
prediction. In fact, using weekday just by itself in the model
provides an error of 8.86%, which is only greater by 1.46%
than a prediction model that uses all four features with an
error of 7.40%. This is understandable given the campus
environment where weekends and weekdays have sharply
different energy use profiles. The next important feature that
lowers the error is temperature a hot day ends up causing
higher energy use due to increased effort by A/C units in
cooling the campus buildings.

While temperature has been conventionally used in energy
use forecast models, we find that the use of additional
indirect indicators by our model reduces the error when
just using temperature from 10.48% to 7.40% a 29%
improvement in error. However, temperature is still a useful
feature for the daily energy use predictions since it improves
a model that does not use temperate, but all other features,
from an error of 8.37% to 7.40%. We see that the use of
semester and holiday attributes also help improve a model.

4) Possible Corrections for Over Estimation: Of the 325
days we predict for the year 2010 using our machine learnt
regression tree model, we observe that the predictions are
predominantly overestimating the daily energy use for 279
days and underestimating it for 46 days. This indicates that

the regression tree model has potential of improvement. As
a naive attempt at improving the model by reducing the
overestimation skew, we apply a negative correction factor
to the predicted results as a post processing step of the model
prediction. We use two methods: one reduces the predicted
energy use value by a constant value of 24,000KWh that
was chosen by trial and error, while the other uses a relative
correction that reduces each predicted value by 7.40% that
corresponds to the CV-RMSE that is seen. (For context, the
daily energy use average that is observed is 460,154KWh
over the 3 years.)

We see that the constant correction of -24,000KWh re-
duces the CV-RMSE to 5.10%, with over and underesti-
mations becoming 152 and 166, while using a fractional
correction of -7.40% gives a CV-RMSE of 5.63%, with over
and underestimations becoming 94 and 231. While these
were ad-hoc methods to improve the prediction, it suggests
that the machine learnt regression tree model that we use can
be further improved by automatically determining constant
or relative corrections to account for over or underestimation
skews.

B. Campus-Scale 15-min Energy Use Model

The campus-scale 15-min energy use model is used to
predict the energy consumed during short intervals of time
during a day. Such predictions are useful for programming
the duty cycles of A/C and ventilator units in a building man-
agement system or responding to load curtailment signals
sent to the campus by a power utility. The model uses Day
of Week, Semester, Maximum Temperature, and Holiday
features as in the daily energy use model discussed before,
and in addition adds Humidity for the campus as a feature.
The model is trained on these features using 15-min interval
data from the years 2008 and 2009, and used to predict
the 15-min energy use for the year 2010. Figure 3 plots
the observed and predicted energy usage at 15-min intervals
for the first week 2010, with 96 values per day. We omit
showing the full years prediction for brevity. Instead, the X-
Y scatter plot of all observed and predicted 15-min energy
use values for the year 2010 (till Nov, 2010 for which data
was available) are plotted in Figure 4.

The observed energy use in Figure 3 shows the energy use
cycling between low, high and low from midnight to noon
and back to midnight. We also see that the holiday (1 Jan,
2010) and weekend (2-3 Jan, 2010) consumer lower energy
than the weekdays (4-7 Jan, 2010). There are also sharp
spikes in energy use just before midnight on the weekdays
that indicate pre-cooling of chilled storage units to make use
of lower pricing at nights.

The 15-min energy use predictions made by our regression
tree model tracks the observed values. The Pearsons corre-
lation coefficient between observed and predicted values is
r = 0.637, with a confidence interval greater than 99.99%
for a two-tailed test (i.e. p < 0.001), and a slope of 1.069
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where, 

1)( !+""=# ABT  

BtT#"=µ  

A=diag(Į0, Į1,…,ĮN) 
B=ı-2I 
 

It should be noted that parameters a and ı-2 are hyper 
parameters that imply parameters of parameters  in a sense 
that the model parameters have the probabilistic distribution in 
the Bayesian approaches. The hyper parameters are 
determined by the marginal likelihood that may be written as 
     

                                                                                       (27) 
 

Eventually, the hyper parameters may be determined by 
updating the following equation: 

 
                                                            (28) 

 

                                     (29) 
 
 
where 
Ȗi :  parameter such as 0$ȖiŁ1-ĮiȈii$1 
#i:   i-th diagonal element of Matrix # in (26) 
 

Once the hyper parameters are determined, the posterior 
distribution of weight w may be written as 

 
                                                                                 (30) 
 
where 
ĮMP: optimized Į 
ıMP

 2: optimized ı2  
 

Due to the Gaussian distribution of the integrated functions, 
the following equation may hold: 

 
                                                                           (31) 
 
where 
yN+1: average of the predicted value such that 

 
 (32) 
 

ı2
N+1: variance of the predicted value such that 

                     

                                                                         (33) 

V.  PROPOSED METHOD 

A.  Features of Proposed Model 
In this section, this paper proposes a probabilistic method for 
short-term load forecasting (STLF) with meteorological input 
variables estimates. The features of the proposed method may 
be described as follows: 
 
a) The selection of the input variables correlated with the 

maximum power load on the next day 
b) The estimation of selected meteorological variables 
c) The RVM-based forecasting model with the estimates of 

the input variables estimates 
d) The estimation of more exact error bars for uncertainties 

of STLF though RVM and RT 
 
Fig. 4 (a) shows the conventional model of STLF that makes 
of  input data at time d  to predict one-step ahead load yd+1, 
where w1

d,…, w1
d means the meteorological input variables at 

time d and  yd implies the daily maximum load at time d. 
However, it seems that the ideal conditions are effective for 
the learning process as shown in Fig. 4(b), where the ideal 
conditions mean case where meteorological input variables 
w1

d+1,…, w1
d+1 at time d+1 are unknown at time d  in practice 

although their estimates are available. Fig. 4 (c) shows the 
proposed method that makes use of the predicted  
meteorological input variables at time d+1 to predict one-step 
ahead load yd+1, where the forecasting models are constructed 
for each meteorological input variable. 
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Fig. 4.  Comparison of Conventional and Proposed Methods 

Note) FM:  forecasting model, n: no. of input meteorological 
variables, d: date, w: input meteorological variables, y: load 

1ˆ +dy  

 
 

FM 1ˆ +dy  

n
dw

 (a) Conventional Method 

FM  
 
 

FM 
 FM 

1
dw

n
dw n

dw 1ˆ +

1
1ˆ +dw

 (c) Proposed Method 

dy  

dy

1
1+dw

 
 

FM 
 

1ˆ +dy
n
dw 1+

 (b) Ideal Conditions 

dy  

¿
¾
½

¯
®
 !#!!)#= !!+! )()(

2
1

exp)2( 12/12/)1( µµ* ww Tn

 6

B.  Algorithm 

As a whole, the algorithm of the proposed model of CART 
and RVM may be written as 

Step 1: Construct the CART-based regression tree for learning 

data. 

Step 2: Calculate the variable importance of CART and select 

input variables. 

Step 3: Construct the RVM forecasting models at each 

terminal node of CART with learning data classified 

by each terminal node. 

Step 4:  Give unknown data to the proposed model, classify it 

to the appropriate terminal node, and evaluate the 

average and the variance of the predicted load with 

the RVM model. 

It should be noted that CART plays an important role as the 
precondition technique for input data. The precondition 
forecasted models are very useful for improving the model 
accuracy. Also, the algorithm for weather input variables 
estimates for STLF may be summarized as 
 
Step1:  Construct the regression tree to select meteorological 

input variables that are correlated with one-step 

ahead load yd+1 with the variable importance. 

Step 2: Predict the predicted value for the selected 

meteorological input variables with CART and RVM. 

Step 3:  Input the predicted values to the STLF model. 

 

VI.  SIMULATION 

A.  Simulation Conditions 

1) The proposed method is successfully applied to real data 
for one-step ahead daily maximum load forecasting. 
Specifically, it is investigated for week days in summer 
from June to September for 11 years (1991-2002). It uses 
data from 1991-2001 as learning data� and data in 2002 
as test data.  In addition to the maximum load on Day d 

(Ld

M), it employs the following meteorological input 
variables: 

T
ave

d+1: Average Temperature on Day d+1  

T
max

d+1: Maximum Temperature on Day d+1  

T
min

d+1: Minimum Temperature on Day d+1 

H
ave

d+1: Average Humidity on Day d+1 

 H
min

d+1: Minimum Humidity on Day d+1 

 Dd+1 : Daylight on Day d+1 

 Cd+1 : Discomfort Index on Day d+1 

 Wd+1 :  Average Wind Speed on Day d+1 

 

Td+1

ave!25.35 

Td+1

ave!22.85 

Ld

M!0.066 

Ld

M!0.739 

Td+1

max!32.95 Td+1

max!33.25 

TN3 TN5 

 

Fig 5 Regression Tree of Observed Values
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Fig. 5.  Regression Tree of One-day Ahead Maximum Load Ld+1

M
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Fig. 6.   Variable Importance of Load on Day d+1. 
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2) To demonstrate the effectiveness of the proposed method 
for forecasting of meteorological input variables, the 
proposed method is compared with the conventional 
methods. For continence, the following methods are 
defined: 

Method A: CART and RVM(Proposed Method) 
Method B: RVM 
Method C: GP 
Method D: MLP 

3) To compare with the forecasting models with the 
predicted meteorological input variables, the following 
cases are examined: 

 
Case 1:  Model corresponding to Fig. 4(a) 
Case 2:  MLP 
Case 3:  GP 
Case 4:  RVM 
Case 5:  CART and RVM 
Case 6:  Model corresponding to Fig. 4(b) 
 

It should be noted that Case 6 is used as the reference in 
a sense of the ideal conditions. 

B.  Simulation Results 
Fig. 5 shows the regression tree on the relationship between 
input variables and output variable of the one-day ahead daily 
maximum load (Ld+1

M) evaluated by CART, where eight 
terminal nodes and seven splitting nodes are obtained. It can 
be seen that the average temperature on day D+1 (Tave

d+1), the 
maximum temperature on day D+1 (Tmax

d+1) and the daily 
maximum load on day D(Ld

M ) play a key role as feature 
variables.  If-then rules are created by backtracking from the 
terminal node to the root node. For example, TN1(terminal 
node 1) has the following rules: Td+1

ave!22.85 and Ld
M!0.533.  

Similarly, TN2 gives rules Ld
M!0.739 and  Td+1

max!32.95. 
Fig. 6 gives the variable importance of the candidates for 
meteorological input variables, where the maximum value of 
the variable importance is normalized  to 100 and the variable 
importance of 100 is the most influential variable to the 
maximum load on day d+1. It can be seen that the average 
temperature, the maximum temperature, the discomfort index, 
the minimum temperature, the maximum load on the previous 
day are more important than others.  
Fig. 7 shows the prediction results of meteorological input 
variables with each method in terms of the average error. It 
can be observed that the proposed method of CART and RVM 
is better than others. For example, regarding the prediction of 
the maximum temperature on day D+1, the proposed method 
succeeded in reducing about 38%,  15% and 11% of the 
average error for MLP, GP and RVM, respectively.  
Fig. 8 shows the comparison of the error bars for Methods A 
(CART and RVM) and C(GP) for forecasting of the maximum 
temperature, where the error bars were set to be ±3", where 
" means the standard deviation of the predicted load and  
the region from -3" to +3" implies that the predicted value 
exists in the probability of 99.8%.  It can be seen that Method 
A has much narrower error bars than Method C. That implies 
that the proposed method reduces the uncertainties of STLF 
efficiently. 
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Fig. 7.  Average Prediction Error of Meteorological Variables 
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Fig. 8.  Error Bars of RT+RVM and GP. 
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• Desagregar el consumo total de un usuario final en 
las contribuciones de todos los electrodomésticos.

• Modo no intrusivo y con poco etiquetado

• Problema al escalar a hogares de test

• [Parson 2014] An unsupervised training method 
for non-intrusive appliance load monitoring.  
Artificial Intelligence 2014.
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Fig. 1. Comparison of our proposed approach and existing approaches. The dashed box represents processes which must be repeated for each household in 
which disaggregation is performed.

• We propose a hierarchical approach which models multiple appliances of the same type based on a Bayesian treatment 
of HMMs [15]. As such, the parameters of multiple HMMs can be combined to form a general model of an appliance. 
We show that only 3–6 examples of an appliance type are required to su!ciently generalise to a previously unseen 
appliance.

• We provide a method by which the general appliance models can be tuned to the appliances within a specific household 
using only aggregate data. We show that models tuned using only aggregate data outperform the general models, and 
in some cases perform comparably to models learned using sub-metered data from the test appliance. Furthermore, we 
show that our tuning method outperforms the state of the art which uses factorial HMMs to tune appliance models.

• We give a number of examples of the personalised feedback which tuned appliances models can be used to provide. We 
show that by using only general appliance models and smart meter data, advice can be given to household occupants 
regarding the operating energy e!ciency of the appliances and whether it is cost effective to replace them.

The remainder of this paper is structured as follows. In Section 2 we describe how appliance models can be learned 
from reference data sets that will generalise to previously unseen households. In Section 3 we describe how these general 
models can be tuned to specific appliance instances using only aggregate data from the test house. In Section 4 we describe 
the additional benefit tuned appliance models provide beyond their primary application as the input to a disaggregation 
system. Finally, we conclude in Section 5.

2. Building generalisable appliance models

We now describe our method for learning general appliance models which will generalise to previously unseen appli-
ances of the same type. The aim is to learn distributions over the model parameters for each appliance, such that both the 
mean and variance around each appliance parameter is derived from data. This process is effective as it allows tight distri-
butions to be learned over appliance parameters which are similar for different appliance instances, and broad distributions 
to be learned when parameters vary greatly between different instances. In general, the most important factor is to ensure 
that the learned states align between different appliance instances, which we demonstrate through the Bayesian framework 
described in Section 2.1.

Throughout this section, we use a running example of the refrigerator to provide some intuition into the model choices 
and role of various parameters. The remainder of this section is structured as follows. First, we propose a hierarchical 
approach to model multiple appliance instances of the same type. Next, we show how common signatures which capture 
the general behaviour of an appliance can be extracted from different appliances’ power data. Finally, we give an empirical 
evaluation which demonstrates the benefit of generalising over multiple appliances of the same type.

We adopt a hierarchical approach to model multiple appliances of the same type, as shown by Fig. 2. In this model, 
we represent an appliance type (e.g. refrigerator) as a distribution from which appliance instances (e.g. Bosch Logixx 
KSV36AW41G refrigerator) are drawn. As such, the appliance type represents any behaviour which is common to all in-
stances of that type, while an appliance instance also represents behaviour which is specific to that single instance and its 
usage. Furthermore, we observe sequences of power data from each appliance instance. Therefore, the aim is to infer the 
parameters of an appliance type, !, from sequences of power data, x(n) = {x1, . . . , xT }, generated by individual appliance 
instances described by parameters " = {" (1), . . . , " (N)}, where n is one of N appliance instance indices.

In order to learn the appliance type parameters, we first estimate the parameters of each appliance instance from a 
sequence of power readings as described in the following section. We then describe a method for generalising over these 
parameters in Section 2.2.
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Fig. 2. Hierarchical model of an appliance type !.

Fig. 3. A hidden Markov model. Unshaded squares represent discrete, latent variables and shaded circles represent continuous, observed variables.

Fig. 4. Appliance state models.

2.1. Appliance instance parameter estimation using hidden Markov models

We adopt a hidden Markov model (HMM) representation for household appliances [15]. An HMM consists of a Markov 
chain of discrete, latent variables (representing the operational state of an appliance) and a sequence of continuous, observed 
variables (representing the power demand of an appliance), each of which is dependent upon one of the discrete variable’s 
state. Fig. 3 gives the structure of an HMM as a Bayesian network, where the discrete, latent variables are represented by 
the sequence z1, . . . , zT , and the continuous, observed variables are represented by the sequence x1, . . . , xT , over a time 
sequence of length T . The value of each discrete variable zt corresponds to one of K states (e.g. on, off) as shown in Fig. 4, 
while each continuous variable can be either zero or any positive real number (e.g. 100.5 W), since appliances only consume 
energy. For the sake of clarity, we omit the appliance instance index (n) throughout Section 2.1.

A hidden Markov model can be completely defined by the following three parameters. First, the probability of each state, 
k, of the hidden variable at t = 1 can be represented by the vector " such that:

!k = p(z1 = k) (1)

In the case of the refrigerator, this corresponds to the probability that the appliance is either on or off at the start of the 
data sequence.

Second, the probability of a transition from state i at t ! 1 to state j at t can be represented by the matrix A such that:

Ai, j = p(zt = j|zt!1 = i) (2)

In the case of the refrigerator, this corresponds to the probability that the appliance has either turned on, turned off, or 
remained in the same state between consecutive power measurements.

Third, the emission probabilities for x are described by a function governed by parameters # , which in our case is 
assumed to be Gaussian distributed such that:

xt |zt,# " N (µzt ,"zt ) (3)
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Fig. 10. Mean model log-odds for different training methods. Legend: GT – general model, FT – general model tuned using factorial HMM, AT – general 
model tuned using extracted signatures, ST - general model tuned using sub-metered data. Error bars represent standard error in the mean.

Table 5
KL divergence between the model tuned using sub-metered data (ST) and the three approximations of this model (GT, FT 
and AT).

Appliance Measure Initial Transition Emission

Refrigerator DKL(ST||GT) 0.183 0.164 3.735
DKL(ST||FT) 0.369 2.613 26.289
DKL(ST||AT) 0.348 0.525 3.376

Microwave DKL(ST||GT) 0.072 0.107 1.944
DKL(ST||FT) 0.017 1.441 238.544
DKL(ST||AT) 1.630 0.469 0.963

Washing machine DKL(ST||GT) 0.185 0.057 2.784
DKL(ST||FT) 0.008 4.451 5.401
DKL(ST||AT) 0.674 0.137 3.599

Dishwasher DKL(ST||GT) 0.178 0.356 7.209
DKL(ST||FT) 0.599 2.809 9.189
DKL(ST||AT) 0.875 0.990 5.079

aggregate data relative to the model tuned using sub-metered data. This indicates that model tuning will be less effective 
for appliances often used simultaneously with other appliances. It is also interesting to compare the performance of FT 
between different appliance types. For the microwave, the FT method is able to improve the general appliance model using 
only aggregate data, while for the refrigerator, washing machine and dishwasher the FT tuning method actually produces an 
inferior appliance model.

We now investigate the benefit of tuning each individual parameter of the appliance models. Table 5 shows the Kullback–
Leibler (KL) divergence between the models tuned using sub-metered data (ST) and the three approximations (GT, FT, AT) as 
DKL(ST||GT), DKL(ST||FT) and DKL(ST||AT) respectively, for house 1 of the REDD data set. This table allows the information 
lost to be compared when each approach is used to approximate the distributions learned from sub-metered data. It can 
be seen that DKL(ST||FT) is systematically greater than DKL(ST||AT) for both the transition and emission distributions across 
all appliances. These high divergence values further highlight that model tuning via signature extraction is preferable to 
the current state of the art which uses factorial HMMs. It is also interesting to note that although DKL(ST||GT) is often 
slightly less than DKL(ST||AT) for the transition matrix, DKL(ST||GT) is systematically much greater than DKL(ST||AT) for 
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• Respuesta a los esquemas de Respuesta a la Demanda 
y Tarificación en Tiempo Real desde los hogares.

• Aparecen schedulers: sistemas domésticos de gestión 
de energía (SDGE)  conectados al smart meter y a las 
máquinas eléctricas.

• SDGE: Problema de optimización con restricciones: 
minimizar coste satisfaciendo necesidades

• Necesidades: Algoritmo de SDGE, y estimación de 
datos de entrada
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• Respuesta a tarificación IBR o RTP: 

• Optimización:

• Variables: vector por cada electrodoméstico cuyas  
componentes dicen cuánto consume en cada instante de 
tiempo

• Restricciones: suma de consumo total por hora, suma del 
consumo de cada elect., tiempo de uso de cada electrodom.

• Funcional: Precio a pagar en todo el día usando tarificación 
variable y tiempo de espera para encender cada 
electrodoméstico
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• Predicción de la señal de precio: para 
escenarios donde el precio en cada hora se 
anuncia 5-6 horas antes (no un día antes)

• Usar info a priori: modelo lineal sencillo con 
datos de ayer, antes de ayer y mismo día la 
semana pasada para reducir coste 
computacional

25

Saturday, October 18, 14



[Mohsenian 2010]

26

130 IEEE TRANSACTIONS ON SMART GRID, VOL. 1, NO. 2, SEPTEMBER 2010

Fig. 8. Trends of daily charges and PAR for a sample residential load based
on DAP adopted by IPC from 1 September to 31 December 2009. (a) Daily
electricity charges. (b) Daily peak-to-average ratio.

the residential load control would be partially based on pre-
dicted prices rather than actual prices. Therefore, due to pre-
diction error, the resulted energy consumption scheduling solu-
tion may not be optimal. Nevertheless, we can see that even for
the case when , i.e., the utility company announces the
real-time prices only for the next two hours, the increase in the
user’s monthly payment is only 1.3%, i.e., less than 50 cents.
On the other hand, we have also plotted the resulting monthly
electricity payment when an automatic but static load control
is being employed. In static load control, the pricing informa-
tion used by the energy scheduler is not updated on an hourly or
daily basis. Instead, some average seasonal off-line information
(in our case, the average daily prices in the same season from
last year) are being used for deciding on energy consumption
schedules. From the results in Fig. 8, a static load control may
reduce the household’s energy cost only by 5.7%. Therefore, it
is indeed beneficial to facilitate online price updates, through a
two-way digital communication infrastructure.

Fig. 9. The impact of changes in price announcement horizon in
monthly electricity payments for different load approaches.

C. The Impact of Scheduling Control Parameter

Recall from Section II-C that the user can balance payment
and waiting time for the operation of each household appliance
by adjusting parameter for each appliance . By selecting

for all , the load control strategy only tries
in reducing the electricity charges. As increases it will also
be desired to finish the operation of each scheduled appliance
sooner. Here, for the purpose of comparison, we define a waiting
time (in percentage) for each appliance as

(31)

where denotes the finishing time, i.e., the smallest
hour such that . Clearly, if the waiting time is 100%,
the scheduled energy consumption is such that the operation of
the appliance finishes by the latest acceptable hour . The re-
sults on monthly electricity payment and average waiting time
are shown in Fig. 10. The trade-off is evident. As we increase
, the charges will increase while the waiting times decrease.

For example, as we increase from 1 to 1.01, the monthly pay-
ment increases from $24.36 to $29.13 while the waiting time
decreases from 93.2% to only 17.5% of the valid scheduling
interval. Of course, it is entirely up to the user to decide if he
prefers paying less or instead getting the work done by the ap-
pliances within a shorter period of time.

D. The Impact of Adopting Inclining Block Rates

In this section, we show that combining RTP with IBR is in-
deed helpful in achieving more balanced residential load and
avoiding load synchronization. This is shown in Fig. 11. We can
see that an RTP tariff would lead to high PAR due to congestion
at low-price hours. In fact, without IBR, the optimal solution of
problem (25) is nothing but scheduling most of all energy con-
sumption at hours with lower prices. This problem may not be
visible in the existing manual residential load control programs
as it is not easy or even possible for the users to keep watching
the prices and only turn on their appliances when the prices are
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Fig. 10. The impact of changing control parameter on monthly electricity
payment and waiting time. The trade-off is evident. (a) Monthly payment and
waiting time versus parameter . (b) Monthly payment versus waiting time.

low [19], [20]. However, in an automatic load control such a
congestion scenario can occur frequently and become trouble-
some. Therefore, it is significantly beneficial to combine RTP
with IBR tariffs.

E. The Impact of Number of Users

So far, we have focused our simulation studies on scenarios
with only a single user. In this section, we consider the case
when a utility company serves 10 users which are all equipped
with our proposed automatic residential load control capability.
The simulation results are shown in Fig. 12. We can see from
the PAR values in Fig. 12(a) that increasing the number of users
can further balance the aggregated load even if no load control
strategy is being deployed. This is due to the inherent random-
ness in different users’ energy consumption needs. Neverthe-
less, we can see that our proposed load control scheme can still
be quite beneficial and reduce the PAR by 22%. On the other
hand, all users still pay less on their monthly electricity bills.
Although, some users (mainly those who have more flexibility

Fig. 11. The impact of adding IBR to RTP on achieved RAP.

Fig. 12. Simulation results when the number of users increases to 10. (a)
Peak-to-average ratio in aggregated load demand. (b) Monthly electricity
payments.

with respect to their energy consumption needs) benefit more in
general.
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with respect to their energy consumption needs) benefit more in
general.
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[Mohsenian 2010b]

• Mismo escenario pero ahora los usuarios están 
conectados entre sí, y pueden aplicar algoritmos 
colaborativos/distribuidos.

• Optimización simultánea usando teoría de juegos

• Hay un equilibrio de Nash en el que ningún 
usuario se beneficia de salirse de su vector de 
consumo óptimo.
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where

(25)

Next, we study the behavior of the users when they are charged
according to (24) by using techniques from game theory.

B. Game Model

From (24), the charge on each user depends on how he and all
other users schedule their consumptions. This naturally leads to
the following game among users:

Energy Consumption Game Among Users:
• Players: Registered users in set .
• Strategies: Each user selects its energy consump-

tion scheduling vector to maximize its payoff.
• Payoffs: for each user , where

Here, denotes
the vector containing the energy consumption schedules
of all users other than end user .

Based on the definitions of the payoffs and strategies in Game
1, the users try to select their energy consumption schedule to
minimize their payments to the utility company.

Theorem 1: Suppose Assumptions 1 and 2 hold. The Nash
equilibrium of Game 1 always exists and is unique.

The proof of Theorem 1 is given in Appendix A. Note that
Nash equilibrium is a solution concept in game theory that char-
acterizes how the players play a game [25]. The energy con-
sumption scheduling variables form a Nash equi-
librium for Game 1 if and only if we have

(26)
If the energy consumption game is at its unique Nash equilib-
rium, then no user would benefit by deviating from schedule

. Next, we show the following result regarding
the performance at Nash equilibrium of Game 1.

Theorem 2: The unique Nash equilibrium of Game 1 is the
optimal solution of energy cost minimization problem (19).

The proof of Theorem 2 is given in Appendix B. From Theo-
rems 1 and 2, as long as the cost functions are increasing
and strictly convex for each and also the price model sat-
isfies the requirements (20) and (22), the users have an incentive
to cooperate with each other to reduce their own payments by
solving problem (19).

V. DISTRIBUTED ALGORITHM

From the results in Section IV, the users would be willing to
cooperate and allow their ECS units to schedule their household
energy consumption to pay less. In particular, we showed that
the unique Nash equilibrium of the energy consumption game
among the users is the same as the global optimal solution of
the energy consumption scheduling problem (19). In this sec-
tion, we provide an algorithm to be implemented in each ECS

unit to reach the Nash equilibrium of Game 1 and achieve the
optimal system performance. We prove the convergence and op-
timality properties of the proposed algorithm. We also show
that it is strategy-proof and users will not benefit from mis-
leading each other by providing inaccurate information about
their usage during their interactions.

A. Principle of the Algorithm

Consider any user . Given and assuming that all
other users fix their energy consumption schedule according to

, user ’s best response can be determined by solving the
following local optimization problem:

(27)

Notice that we refer to optimization problem (27) as a local
problem for user because the only optimization variable is
user ’s energy consumption scheduling vector . Since is
fixed and does not depend on the choice of , the maximiza-
tion in (27) can be replaced by

(28)

After reordering the terms, we can also rewrite (28) as

(29)

We notice that problems (29) and (19) have the same objective
functions. However, problem (29) has only local variables
for user . Moreover, problem (29) is convex and can be
solved by IPM [27]. User can solve problem (29) as long
as it knows the cost functions for all as well as

, i.e., the vector containing
the scheduled daily energy consumption for all other users.
These observations motivate us to propose Algorithm 1 to solve
problem (19) in a distributed fashion.

Algorithm 1: Executed by each user .

1: Randomly initialize and .

2: Repeat

3: At random time instances Do

4: Solve local problem (29) using IPM [27].

5: If changes compared to current schedule Then

6: Update according to the new solution.

7: Broadcast a control message to announce to the
other ECS units across the system.

8: End

9: End

10: If a control message is received Then

11: Update accordingly.

12: End

13: Until no ECS unit announces any new schedule.
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Fig. 6. Scheduled energy consumption and corresponding cost when ECS units
are not used. In this case, PAR is 2.1 and the total daily cost is $44.77.

usage: 1.44 kWh), washing machine (daily usage: 1.49 kWh for
energy-star, 1.94 kWh for regular), clothes dryer (daily usage:
2.50 kWh), and PHEV (daily usage: 9.9 kWh) [6], [30]. In our
simulation model, we assume that each user has a randomly se-
lected combination of the considered shiftable and nonshiftable
loads to be used at different times of the day by taking into
account that the load demand is higher in the evening and lower
during the night. For example, we assumed that when PHEVs
become popular as widely predicted, it is reasonable to assume
that most users (four out of five users in our setting) have
electric cars to be charged some time between the afternoon
hours on each day and the early morning hours on the next day.
The energy cost function is assumed to be quadratic as in (7).
For simplicity we assume that for all . We
also have cents at daytime hours, i.e., from 8:00 in
the morning to 12:00 at night and cents during the
night, i.e., from 12:00 at night to 8:00 AM the day after. The
power system is assumed budget-balanced, i.e., (see
(21)). The timing Algorithm 1 works based on a round-robin
scenario which is coordinated by the energy source. In this
scenario, at each user’s turn it will start its local computation
to update its own energy consumption schedule according to
Line 4 in Algorithm 1. Then it will inform the energy source
who will allocate turn to another randomly selected user and
this procedure continues until the algorithm converges. In this
setting, the energy source makes sure that every user takes a
turn once in a while.

A. Performance Comparison

The simulation results on total scheduled energy consump-
tions and the energy cost for a single scenario are shown in
Figs. 6 and 7, without and with the deployment of the ECS func-
tion in the smart meters, respectively. For the case without ECS
deployment, each appliance for each user is
assumed to start operation right at the beginning of the time in-
terval and at its typical power level. For the case
with ECS deployment, the timing and the power level for the

Fig. 7. Scheduled energy consumption and corresponding cost when ECS units
are deployed. In this case, PAR is 1.8 and the total daily cost is $37.90.

Fig. 8. Trend of resulting energy cost along the iterations of Algorithm 1. We
can see that the proposed distributed algorithm converges quickly. Steady state
is reached after only 22 iterations when the energy cost is minimized.

operation of each household appliance is determined by Algo-
rithm 1. By comparing the results in Figs. 6 and 7, we can see
that when the ECS functions are not used/implemented, the PAR
is 2.1 and the energy cost is $44.77. At the same time, when the
ECS feature is enabled, the PAR reduces to 1.8 (i.e., 17% less)
and the energy cost reduces to $37.90 (i.e., 18% less). In fact, in
the latter case, there is a more evenly distributed load across dif-
ferent hours of the day. Note that each user consumes the same
amount of energy in the two cases, but it simply schedules its
consumption more efficiently in the case that the ECS units are
used. On the other hand, the trends of the resulting total energy
cost while Algorithm 1 proceeds along its distrbuted iterations
are shown in Fig. 8. We can see that as the users run Algorithm
1, the energy cost monotonically decreases until the algorithm
converges after 22 iterations only, i.e., around 2 iterations per
user on average.
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Fig. 11. Comparison between the optimal solution of the PAR minimization
problem (18), the optimal solution of the energy cost minimization problem
(19), and the case with no ECS function deployment in smart meters. (a) Mini-
mizing the PAR in the aggregate load. (b) Minimizing the energy cost.

Fig. 12. The PAR in the aggregate load when the percentage of shiftable load
varies from 10% to 90%. In a scenario when most of the residential load is
shiftable, the aggregate load can be flat, resulting in a very low PAR.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed an optimal, autonomous, and dis-
tributed incentive-based energy consumption scheduling algo-
rithm in order to minimize the cost of energy and also to balance
the total residential load when multiple users share a common
energy source. Unlike most of the previous DSM strategies that
focus solely on the interactions between the utility company and
each user, the basis of our design are the interactions among the
users. Our proposed distributed algorithm requires only some
limited message exchanges between users when each of them
tries to maximize its own benefits in a game-theoretic setting.
In order to encourage users to behave in a desired way (i.e., to
minimize the energy cost) we proposed a smart pricing tariff
such that the interactions among the users automatically lead to
an optimal aggregate load profile at the equilibrium of an en-
ergy consumption scheduling game. Simulation results confirm
that the proposed distributed demand-side management strategy
can reduce the PAR, the energy cost, and each user’s daily elec-
tricity charges.

The results in this paper can be extended in several directions.
First, the proposed distributed DSM strategty can be modified
to address the case when there are multiple energy sources in
the system. In that case, the users need to determine not only
the total amount of their energy consumption at each hour of
the day, but also the portion of the total energy that they need
to obtain from each available energy source. Second, it is in-
teresting to extend our design to address both shifting and re-
ducing energy consumption. This can be done by introducing
new energy cost functions which depend on not only the en-
ergy consumption at each hour, but also the total daily energy
consumption. In this regard, the linear billing model in (22) in
Section IV-A can be extended to more general nonlinear models.
Third, one may relax the convexity assumption on the choices of
the energy cost functions to cover a wider range of energy cost
models. Of course, this will introduce optimization problems
which are more difficult to solve. Fourth, our system model can
be extended to a scenario where users can store energy at certain
hours, e.g., in their PHEV batteries during the night. They can
then sell the energy back to the grid at peak hours. This can be
done by allowing our energy consumption scheduling variables
to take negative values for appliances that have energy storage
capability, where a negative value for these variables indicates
providing rather than consuming energy. Finally, while our anal-
ysis focused only on residential load control, similar techniques
can be used to better shape the aggregate profile of commercial
load in an industrial region.

APPENDIX

A. Proof of Theorem 1

We first notice that since is strictly convex for each
, the payoff function is strictly concave

with respect to . Therefore, Game 1 is a strictly concave
-person game. In this case, the existence of a Nash equilib-

rium directly results from [31, Th. 1]. Moreover, the Nash equi-
librium is unique due to [31, Th. 3].
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[Chen2012]
• Scheduling cada 5 minutos.

• Equilibrio entre coste y riesgo en incertidumbre de 
precios futuros

• Simulaciones Monte Carlo cada 5 minutos para ver 
la evolución de precios en el resto del día y 
actualizar el scheduling.

• Modelos de señales de precios: Gaussianas

• Optimización con riesgos y sin riesgos
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• Idea de optimizar el equilibrio entre precio 
y riesgos futuros (incertidumbre en el 
precio)

• Usa un controlador basado en lógica 
borrosa para el optimizador.
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• Datos de smart meters en 170 edificios del campus 
de USC durante 3 años. Muestreo cada 15 minutos

• Categorías de cada edificio: Academic, Residential, 
Other

• Datos de meteorología: clima, humedad, cada hora

• Superficie neta y bruta, año de construcción para 
caracterizar el edificio

• Patrones de uso de cada edificio según calendario 
académico
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[Parson 2014]

• Tracebase: 1270 trazas de 122 dispositivos. 

• REDD: Reference Disaggregation Data set. Registros 
de consumo de energía individuales para todos los 
electrodomésticos (268 monitores) de 10 hogares 
durante 119 días (combinados en todas los hogares), 
supone más de 1 Terabyte de datos crudos.
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[Mohsenian 2010,b]

• Tarifas RTP de Illinois Power Company de 
enero 2007 a diciembre 2009

• Generan casas con entre 10 y 25 máquinas 
eléctricas,  incluyen consumo fijo, horno, 
bombillas (10), calentador, lavadora, coche 
eléctrico, etc 
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Ideas para seguir

38

• Predicción de consumo: métodos no muy 
sofisticados, análisis más o menos sencillo y 
publicado en IEEE tran. on Knowledge and data 
Engineering.

• Problemas teóricos en el desagregado de consumo: 
etiquetado difícil, inferencia bayesiana

• Necesidad de optimización y simulación de 
escenarios distribuidos para el scheduling
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