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Figure 11. Duration diagram of the simulated scenarios R, 1, and 2. The HPS is active for 3055 h in
Scenario R with average energy use of 57.5 W/m?, 2890 h with average energy use of 54.5 W/m? for
Scenario 1, and 2525 h, with average energy use of 49.7 W/m? for Scenario 2.

5.3. Evaluation of the Impact the HPS Has on the DHC System

The primary energy use of the DHC system is presented in Figure 12. Household waste is the
main source, followed by biomass. Coal is needed in the peak 1000 h, and at a production level of
375 MW the HOB using biomass is needed, while oil is required once the production level exceeds
400 MW.

Figure 12. Duration diagram of the fuel use for production in Linképing’s DHC system, reference
Scenario R. Results of the optimization model in MODEST showing the fuel use of the DHC system
with household waste as a base, biomass, and peak fuels of coal and use of the HOBs using biomass
and oil to cover the final peak hours. Image used courtesy of MODEST.

Figure 13 shows the time of operation of the HPS and how it coincides with the demand in the
DHC system. For the reference Scenario R, the time of operation coincides with the peak demand in
the DHC system. Scenario 1 is excluded from the top days of the peak demand, approximately 50 h.
Furthermore, Scenario 2 is excluded from the top weeks, approximately 300 h.
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Figure 13. Duration diagram of the heat demand in Linképing during the studied time period of 5112 h
in Jan-Apr and Oct-Dec, with the demand of the HPS, visualized for scenarios R, 1, and 2. Scenario 1 is
excluded from the peak 50 h, and scenario 2 from the peak 300 h. Please note that the Y-axis is truncated
and starts at 150 MW.

Figure 14a presents the primary energy savings of each scenario, while Figure 14b shows the
increase in electricity production due to increased production at the CHP plants. It is worth noting
that mostly renewable resources such as biomass are used for the HPS and that electricity production
increases as the use of HPS increases.
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Figure 14. (a) Results showing the fuel use of the DHC system productions units in order to satisfy the
demand of the HPS for each scenario. Results are presented relative to a scenario were no HPS are
used and conventional snow clearance must be used. (b) Results showing the increase in electricity
production at the CHP plants for each scenario.

Figure 15 presents the increase in local emissions and decrease in global emissions. The local
emissions increase in all scenarios, as a result of increased production in the DHC system. The local
emissions amount to 34 kgCO,, E‘;q/mz for Scenario R, 25 kgCO,, eq/m2 for Scenario 1, and 13 kgCO,, eq/m2
for Scenario 2. Including the operational hours of the studied system, the value could be expressed as
11 gCO,, eq/mz, h for Scenario R, 9 gCO,, eq/mz, h for Scenario 1, and 5 gCO,, eq/mz, h for Scenario 2.
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As presented in Figure 15, global emissions are reduced in all scenarios, mostly due to the increased
production of electricity in the CHP plants, as presented in Figure 14b. Moreover, reduced use of the
scarce resource of biomass has a positive impact on global GHG emissions.
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Figure 15. Results for scenarios R, 1, and 2 showing the increase in local GHG emissions due to increased
production in the DHC systems production units, as presented in Figure 14a. Also presented, is the
positive effect and decrease of global GHG emissions, mostly due to increased electricity production in
the CHP plants, as presented in Figure 14b. The three emission factors used are presented in Table 5.
Results are presented relative to a scenario where no HPS is used and conventional snow clearance
must be used.

6. Discussion

6.1. The Scenarios and Modeling of the HPS

For scenarios 1 and 2, the heat medium should have freeze protection, or the HPS should have
an idling mode where the medium is kept above freezing and circulating in the pipes. The model is
constrained to a maximum power of 160 W/m?, which is lower than the theoretical design power for
the geographical location stated in 1976 [1], but in line with other more recent literature [7,78]. The
maximum power corresponds to 33 °C, which enables the use of the return water in the DHC system.
Besides being able to operate an HPS, the opportunity to decrease the return temperature can result
in a more efficient DHC system, as it increases the output of the flue gas condensation, as argued in
the introduction.

It should be noted that, overall, the studied year was warmer than a normal year. However,
January of 2016 was colder, as were October and November. For 3041 h during the studied months, the
temperature dropped below 4°C, which is the temperature at which the HPS becomes active. In terms
of precipitation, the studied year was dryer than the normalized year. October is the only month when
the precipitation was above normal. The cold month of January, in particular, had less precipitation
than the normalized data. This is in line with the ideas of the scenario, with shutdown periods at lower
temperatures, since the air’s saturation level decreases at lower temperatures, which, in turn, reduces
the occurrence of precipitation.

The simulation model of the HPS shows good agreement with measurements. The difference
between the annual averaged model prediction and the actual performance was 2%, and the monthly
difference was below 10% for the cold winter months. A higher relative average was only found for
April and October when the system was only scarcely used. The comparison was applied to an HPS
area of 33,000m?, due to imperfect data from one subsystem at the time of the study. This is the reason
why Figure 7 shows lower energy use than reference Scenario R in Figure 10. The optimization model

215



Energies 2019, 12, 2078

of the DHC system in MODEST resulted in an annual difference of 5% and good agreement in terms of
allocation of the primary energy sources.

6.2. Performance of the HPS

In order to analyze the performance of the HPS, it is stated that the HPS should be designed
to keep the surface temperature at +5 °C when the air temperature is 5 °C higher than the design
outdoor temperature [1]. In Figure 9, reference Scenario R indicates that it is possible to achieve this,
as the surface temperature is above 0 °C when the outdoor temperature is =11 °C. The temperature
set point in the model is 2 °C, but as the model includes cooling effects from wind, radiation, and
precipitation, it is possible to keep a lower temperature setting than 5 °C. Moreover, the air is dry at
these low temperatures and in combination with the surface temperature always being higher than the
that of the air, the risk of a slippery surface is minimized. It comes down to a choice between keeping
the surface above freezing at all times or settling for minimizing the risk of slipping, in relation to
efficient energy use.

In Figure 9, which presents the performance of the HPS, a rapid decrease in the surface temperature
indicates precipitation, as the surface in the simulation receives negative power derived from
Equation (5). The temperature increases quickly as an indication of the HPS reacting to the precipitation.
Looking more closely at Scenario 2 in January, one can see a large drop in temperature. The drop is
explained by that the system is turned off and prolonged precipitation, in the form of snow, falls when
the outdoor temperature increases from low levels. This indicates that the snow will remain on the
surface, whereas the snow will be melted in Scenario 1, as the temperature climbs above 0 °C. This
poses a design question of how many hours the HPS is allowed to fail and still be seen as acceptable,
which can be decided upon the desired function of the system and location. Moreover, during late
February, the large temperature variation is explained by the spring sun.

6.3. The impact of the HPS on the DHC System

The largest change in energy use between the scenarios is seen in the cold month of January, as
shown in Figure 10. In connection to the duration diagram in Figure 11, where the operational hours
of the peak power 160 W/m? are decreasing, it is concluded that the pickup loads after shutdown
periods in scenarios 1 and 2 do not result in the HPS demanding more peak power than the reference
Scenario R. However, as presented in Figure 9, on the days around 10 January, the performance of the
scenario may enable snowfall to remain on the surface, resulting in poor performance of the HPS in
Scenario 2. This indicates that an HPS that shuts down at a temperature of -5 °C or lower performs
poorly but presents good energy performance values. However, Scenario 1, when the HPS shuts down
at a temperature of —10 °C or lower, presents good performance and also reduced the energy use of
3 W/m? (5%) for average use or 640 MWh (10%) for annual energy use, compared to the reference
Scenario R. Moreover, Scenario 1 is excluded from the top 50 h regarding peak demand in the DHC
system, as presented in Figure 13, which in turn reduces the use of fossil fuel, as seen in Figure 14a. In
addition, Scenario 1 reduces local GHG emissions by 25% relative to the reference Scenario R. However,
Scenario 1 also results in less electricity generated at the CHP plants relative to Scenario R, leading
to less available electricity on the market. This, in turn, leads to a reduced positive effect on global
GHG emissions.

The local emissions in this study only include the use of HPS and not the alternative use of
conventional snow clearance using heavy machinery. However, the literature points to the HPS being
the more GHG efficient alternative, indicating reduced local emissions if a comparison were to be
made. The HPS generates a low value of 11 gCO,, eq/mz, h for the reference Scenario R. In a future
fossil-free DHC system, the local GHG emissions from the HPS will decrease even more.

The factor to analyze at implementation is the time it takes for the HPS to produce a sufficient
temperature at the surface to minimize the risk of slipperiness, at times when the temperature rises
from below —10 °C in conjunction with precipitation shortly thereafter.
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7. Conclusions

e The study indicates that the HPS is suitable for the use of return temperatures in a DHC system.
An HPS could further decrease the return temperature, thereby potentially increasing the efficiency
of the DHC system. Furthermore, in a future DHC system with lower supply temperatures, it is
also desirable to achieve lower return temperatures to maintain an efficient DHC system.

e A control strategy that shuts down the HPS at temperatures below —10 °C results in a 10% energy
saving, avoidance of use during the top 50 h of peak demand in the DHC system, reduced use of
fossil fuel and a 25% reduction in local GHG emissions, whilst maintaining sufficient performance
of the HPS.

e  Utilizing HPS connected to a DHC system which has CHP can potentially result in increased
electricity production. This generates a positive effect and reduction on the global GHG emissions
if a coal condensing power plant is regarded as the marginal production unit in the European
electricity market. In a future fossil-free production of DHC, the generated electricity will fully
derive from renewable resources. This will improve the impact an HPS has on the GHG emissions
even further.
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Abstract: Domestic heating accounts for 64% of domestic energy usage in the UK, yet there are
currently very few viable options for low carbon residential heating. The government’s carbon plan
commits to improving the uptake of district heating connections in new build dwellings, but the
greatest carbon saving can be made through targeting traditional housing stock. This paper aims to
quantify the potential carbon and energy savings that can be made by connecting a traditional tenement
building to a district heating scheme. The study uses a transient system simulation tool (TRNSYS)
model to simulate the radiator system in a tenement block and shows that a significant benefit can
be achieved by reducing the supply temperature; however, the minimum supply temperature is
drastically limited by the building condition. Therefore, the study also critically compares the benefits
of a lower supply temperature against minor refurbishments. It was found that improving building
conditions alone could offer a 30% reduction in space heating energy consumption, while building
improvements and integration of a river source heat pump could offer almost a 70% reduction. It is
the recommendation of this study that a dwelling be improved as much as economically possible to
achieve the greatest carbon and energetic savings.

Keywords: district heating; residential; domestic; Scotland; TRNSYS; retrofit

1. Introduction

Residential energy use has changed significantly from the 19th century until now, moving from
solid fuel combustion (e.g., coal/wood stoves) to a predominantly gas heating market, which totals
64% of domestic energy usage in the UK in 2017 [1]. The Scottish government has set ambitious targets
to provide 11% of non-electrical heat demand by renewable sources by 2020, and for 35% of domestic
heat to be provided by renewable sources by 2032 [2]. The government also aims for all Scottish homes
to have an energy performance certificate (EPC) of at least band C by 2040, where “technically feasible
and cost effective” [2]. In Scotland, the greatest number of dwellings by type is tenement flats, and
more than 74% of housing stock was built pre-1982, as shown in Figure 1 [3]. This suggests, in order
to achieve Scottish government targets, the greatest focus must be on modernizing existing housing
stock, rather than new housing.
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Figure 1. Breakdown of Scottish dwelling type by (a) number and (b) year built, in 2017 [3].

Limited work has been completed to the assess the suitability of existing residential buildings
to connect to a district heating network (DHN); examples shown in [4-11]. Brand and Svendsen [6]
discuss the necessary upgrades to existing stock in order to integrate a low temperature district heating
network (LTDHN). They show that for a typical single-family, Danish house from the 1970s, small
refurbishment can allow the district heating supply temperature to drop from 78 °C to 67 °C, and
below 60 °C for 98% of the year. This study uses a home already connected to a DHN and compares the
energy demand between the traditional DHN and a LTDHN. The paper shows promising results with
minor investment. However, while the paper acknowledges the need for water disinfection for supply
temperatures below 60 °C, it is difficult to know how this will influence the overall efficiency, carbon
savings or cost. Jstergaard and Svendsen [8] provide an investigation into the use of LTDHNSs from
the 1930s in single family houses, a similar study to Brand and Svendsen [6]. This study considers
the influence of replacing critical radiators, and found that while 50% of the case studies could be
converted to LTDH with minor renovations, 50% would require substantial work. This work is not
directly transferable to the UK due to different building styles and weather patterns, but does, however,
show the first steps in considering options for existing housing stock.

Wang and Holmberg [11] discuss retrofitting Swedish multi-family buildings from 1965-1975
with low temperature heating and a heat recovery ventilation system (FTX ventilation). While this
discussion is limited, it does show that savings could be made on space heating—albeit with significant
renovations, which would likely be out-weighed by the significant cost of improving/installing the
DHN substation, installing the ventilation system, and improving the air tightness, as is recommended
by the paper.

Burzynski et al. [12] provide a valuable insight to space heating and domestic hot water demands
from newer tenement flats (built 2007-2010) connected to district heating schemes in the UK. The study
makes use of metered data provided by one of the big six energy providers, Scottish and Southern
Energy (SSE), to present floor area normalized energy usages for space heating and domestic hot water.
A standard heat interface unit in a UK dwelling with district heating will only measure the total heat
supplied to the property and will give no indication of the split between space heating or hot water. To
find this split, Burzynski et al. [12] first applied a regression analysis to estimate a base temperature for
heating degree days. The heat supplied on the calculated non-heating days was then assumed to be
only for hot water, giving a baseline usage which can be subtracted from the total heat for the rest of the
year to differentiate between space heating and hot water heating. The results of Burzynski et al. [12]
do not correlate with SAP 2005 or SAP 2009; this could be due to an underestimation of heating in the
methodology of the authors, which differs from the SAP method for estimating energy consumption,
however this performance gap has been well documented elsewhere [13-17]. This is a significant piece
of work for the UK district heating market, but will have limited applications to a significant majority
of housing, which does not follow the Building Regulations part L or Section 6 (Scotland). The flats in
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this study have a district heating supply, but it is unclear if this has been from build or retrofitted later
(although likely from build, due to the age of the dwellings).

Ovchinnikov et al. [18] give a comparative review of low temperature heating systems with a
focus on the practicalities of the Russian building sector. In this paper, the authors discuss the merits
of being able to use smaller radiators with a higher supply temperature, before going on to discuss
the low energy efficiency of this approach. The authors mention the priority of addressing consumer
awareness of energy usage. The authors discuss the challenges and obstruction of 4G heat networks
by obsolete 3G networks. This is an interesting insight into the contrast between the challenges of
heat network integration in the UK and abroad. While the UK is installing new networks, many
other countries must consider how to best improve existing networks. The paper concludes that low
temperature heating can be used in existing Russian housing, however, significant energy efficiency
can only be achieved with vast refurbishment and building improvement. In a further paper, using an
IDA Indoor Climate and Energy (IDA ICE) tool, Ovchinnikov et al. [19] provide a dynamic model
and assessment of Russian building regulations and the feasibility of low-temperature heating for
residential buildings. The study investigates four hydronic space-heating configurations with either a
high temperature supply (75 °C) or low temperature supply (45 °C). The paper concluded that a heat
pump supply could offer good energy savings for many of the case studies and operating conditions.

Peeters et al. [20] assess heating control in residential buildings for a Belgian case study. The study
describes the current heating practice in Flanders by first summarizing previous housing surveys and
boiler conditions. This data is then used in a TRNSYS model to evaluate the efficiency of gas boiler
systems with varying levels of insulation. The case study models a terraced house with a multizone
thermostat and night set back and concludes that optimal efficiency can be achieved when a flexible
heating design is used, which is able to cope with large variations in heating load. A very similar study
was performed by Liao et al. [21] in a UK context, however this focused on non-domestic users and no
new information is provided for UK domestic dwellings.

On considering the current state of the literature, we present in this study the transient system
simulation tool (TRNSYS) models, where we consider the necessary building improvements for a
typical Scottish tenement flat to be connected to a district heating network or a low temperature district
heating network. Lowering the supply temperature of a heating system requires careful consideration
to the building condition. Therefore, we first consider and discuss the minimum supply temperature
achievable to maintain a reasonable thermal comfort level at different levels of building renovation.
The calculated minimum supply temperature is then used as the set point for the LTDH river source
heat pump loop. A parametric analysis is provided, showing the energy and carbon savings achievable
from district heating in each case study. The aims of this study are to:

1.  Through dynamic computational modelling, assess the minimum radiator supply temperature
which can maintain a reasonable thermal comfort in a Scottish/UK domestic dwelling, under
various building conditions.

2. Assess the potential energy and therefore carbon reduction of implementing the minimum chosen
supply temperature.

3. Qualitatively assess the feasibility of a river source heat pump to meet the demand of
domestic heating.

The modelling tool chosen is TRNSYS. TRNSYS is a simulation environment which can be used to
extensively model HVAC and building systems, amongst other things. The user can select from a range
of pre-installed “types”, which computationally represent physical components. At each time-step, the
TRNSYS kernel feeds inputs to the different types that produce the outputs. The process is described
in further detail in the TRNSYS documentation [22,23].

2. Methodology

The methodology is as follows:
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Define the case study.
Develop a building model.
Assess minimum supply temperature for each case using a TRNSYS model.

L s

Use chosen supply temperature to assess operability and control operation of river source
heat pump.
5. Assess energetic and carbon benefits.

2.1. Case Studies

There are many choices available to improve the energy efficiency of a dwelling. For this study,
two of the most common home improvements were chosen for consideration—double glazing and
wall insulation. The case studies are summarized in Table 1.

Table 1. Summary of case studies.

Case Number Single Glazing Double Glazing Insulation No Insulation
1 X X
2 X X
3 X X
4 X X

The chosen case study is a traditional sandstone tenement flat, a common building type in Scotland.
Tenement walls are typically solid wall, with no cavity. This makes insulation difficult, as it must
be either internal or external. External insulation is not a recommended choice as it will inevitably
change the appearance of the building. Internal insulation is possible, however, it will remove a small
amount of internal space. Internal insulation is the only feasible option and therefore is the only one
considered here. The supply temperature is varied from 60-100 °C to mimic a broad range of typical
DHN supply temperatures.

2.2. Building Modelling

To be of any significance, the building choice must be typical tenement housing stock; unfortunately,
due to the age of the buildings, accurate and updated plans are not publicly available. The building
layout was chosen from available plans of a typical tenement and is therefore not specific to any site
(however, many tenement buildings will follow this structure). As the plans are not updated, they
do not include any consideration to building modifications or renovations; however, as the modelled
dwellings are less than 150 m? floor area, they can each be modelled as a single thermal zone. This
makes any error due to un-accounted for renovations likely to be insignificant.

The building geometry was produced from building plans of a typical 20th century Glasgow
tenements, shown in Figure 2. The geometry was created in Sketchup (previously Google Sketchup),
shown in Figure 3, and TRNSYS3d. TNSYS3d is a Sketchup extension which allows the construction
types to be defined in Sketchup (e.g., external wall, window, roof etc.) and then exported as a *.idf file,
which is then imported to TRNBuild, where the thermal properties of the building can be implemented.
TRNBuild produces a *.b18 file which can then be used in the TRNSYS simulation studio with Type56
multizone modelling component.
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Figure 2. Typical Glasgow tenement plans. Reproduced with permission from Glasgow City Archives.

a

\

b

()

Figure 3. (a) Front, (b) back, and (c) isometric view of modelled tenement.
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The single close of flats contains eight dwellings. Only one close is shown, although it is typical
for tenement blocks to have 20 to 30 closes.
The initial TRNBuild construction types chosen are shown in Table 2.

Table 2. Initial heat transfer co-efficient of TRNBuild constructions.

Construction Type Materials U Value (W/m? K)
EXT WALL Plasterboard 1.0
Sandstone

EXT ROOF Plasterboard 25
Slate

ADJ_WALL Plastefboard 04
Brick

ADJ_CEILING OAK 24

GROUND_FLOOR 0.78

Data is not available to consider how many properties exist with original fixtures and structures,
however, the considered modifications are shown in Table 3 with thermal conductivity (U) values [24].

Table 3. Heat Transfer co-efficient for building materials.

Building Component. Thermal Conductivity (W/m2K)
Single-glazed wooden windows 5.8
Double-glazed PVC windows 1.2
Solid wall—no Insulation 1.0
Solid wall—insulated 0.18

It is assumed that the roof has been replaced since initial construction, however, since this is not
part of the upper dwellings, it is not considered with renovations.

2.3. Minimum Supply Temperature

For each dwelling, there is a minimum supply temperature of space heating, dependent on the
dwelling’s ability to retain heat and the radiator capacity. Using TRNSYS, this is determined for each
building construction case, as shown in Table 1. These temperatures are then used as a basis for the
following sections. The TRNSYS model used to determine the minimum supply temperature is shown
in Figures 4 and 5. The expanded macro shown in Figure 5 is the same for all “Flat X" macros. Radiators
in the UK are typically designed for an 82 °C supply and 71 °C return temperature and are supplied by
gas boilers. Energy and cost savings are therefore calculated against this as the base case [25].
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Figure 5. Expanded TRNSYS Model macro.

The air set point temperature of the dwellings is chosen as 20 °C during occupied periods, based
on a generic occupancy schedule [6,26]. To maintain the set point temperature, the radiators must
balance the thermal losses from each dwelling. The energy balance used in the building model is given
in Equations (1)—(3) [27].

QconGain = qurfuce + Qinfil + Quent + Qicc + Qcac + Qsorwin + QLsolshade o

where Qcypncain is the air node convective heat gain, qu,fm is the convective surface gains, Qin il
is the infiltration gains, Quent is the ventilation gains, Qicc is the internal convective gains, Qcac is
the convective air gains from other thermal zones, Qsorvin the convective solar gains from external

windows and Qg is the portion of convective gains from absorbed solar radiation on shading
devices. There is no mechanical ventilation and so:

Qvent =0 2
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It is impossible to accurately determine air exchange between flats without further study, so it is
assumed to be negligible for the purpose of this investigation. Therefore

Qcac =0
The heat addition from infiltration is given as
Qinfil = VPCP(Toutside air = Tinside uir) 3)

where V is the volumetric flow rate of air, p the air density, c, the specific heat capacity and T the
temperatures of the outside and inside air.
The radiative fraction calculations are complex and explained in detail elsewhere [27-29].

2.4. Water Source Heat Pump Design

The heat supply technology chosen is a river source heat pump, due to Glasgow’s large resource
of river water. This is designed to operate by extracting 3 °C from the supply river water and deliver it
to the main water. Although there are examples of water source heat pumps being able to condition
water streams to 80 °C, WSHPs are typically only rated by manufacturers to 60/65 °C. For this reason,
the heat pump is designed to condition the load stream to 60 °C. The load stream is then supplied with
auxiliary heat from a gas boiler until it reaches the design supply temperature. No consideration is
given to parasitic electrical load in the COP calculations (e.g., the electricity required to pump water to
the heat pump). Figure 6 shows the adjusted TRNSYS model.
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Figure 6. TRNSYS model used for heat pump supply modelling.
Figures 7 and 8 show the daily average temperature and cross-sectional flow of the River Clyde
at Daldowie (NS 67154 61642). There are currently no limitations imposed by the local authority on

heat extraction, however, for operational reasons the heat pump is controlled to extract 3 °C from the
abstracted river flow and to switch off when the return flow to the river falls below 2 °C. This sets a
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lower operating temperature of 5 °C on the abstracted river stream. When the heat pump is off, the
radiator loop is conditioned to the set point by the gas boilers only. A simple proportional controller is
used for the purposes of this study, but a more sophisticated control system could make it possible to
store heat prior to the river dropping below 5 °C.

River Clyde Daily Average Temperature
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Figure 7. Average daily River Clyde water temperature at Daldowie for 2017.
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Figure 8. River Clyde average daily volumetric flow at Daldowie for 2017.

2.5. Radiator Loop

The radiator circuit is a closed loop feed, going from a small buffer tank to the radiator system
and then back to the tank. The intermediate components shown in Figure 5 control the supply rates
and pressure in the loop. Each dwelling is designed with 5kW of radiator capacity, which is typical of
this dwelling type. From radiator sizing guidelines, this is undersized for the property—a common
problem in UK housing.
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2.6. Carbon Benefits

A standard carbon calculation is used to determine the carbon footprint of two energy systems.
The first system is where the entire thermal load is met by a gas boiler. It is assumed that a condensing
boiler is used with an efficiency of 90% [30,31]. The second system uses the heat pump to initially heat
the water to 60 °C, and then uses a gas boiler to reach the set point temperature.

3. Results

3.1. Minimum Supply Temperature

Table 4 shows the average percentage of timesteps where the heating system could not maintain the
set point temperature. Figures 9-12 show the percentage of timesteps where the zone air temperature
fell below 19 °C. Figure 13 shows the heating power across the sample year.

Table 4. Average percent of timesteps below 19 °C across all dwellings.

Average % of Timesteps below 19 °C

S ly T ture (°C) Case
Hpply femperature Case 1 Case 2 Case 3 Case 4
60 88.7 49.0 37.0 30.7
65 81.7 39.7 27.0 20.9
70 729 30.6 18.2 13.0
75 61.0 22.0 11.3 7.4
80 47.7 14.9 6.5 3.8
85 347 9.2 3.2 1.7
90 22.4 52 1.3 0.5
95 129 2.8 0.4 0.1
100 7.6 14 0.1 0.0

Case 1. Percentage of Timesteps Outside Control Range
120

80
| L I
1/1 2/1 3/1 4/1 1/2 2/2 3/2 4/2

Flat Position

a
S

Percentage of timesteps below 19°C (%)
S

m60°C m65°C m70°C 75°C m80°C m85°C m90°C m95°C m100°C

Figure 9. Case 1: no insulation and single glazing.
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Figure 10. Case 2: no insulation and double glazing.
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Figure 11. Case 3: insulation with single glazing.
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Figure 12. Case 4: insulation and double glazing.
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Figure 13. Case by case comparison of heating power demand at 80 °C.
3.2. Carbon and Energy Savings

The following tables show the computational results from modelling the gas boiler and heat pump
energy usage at each case study. Table 5 shows the minimum achievable supply temperature chosen
from Section 3.1, which is then used as the set point temperature for the modelled radiator supply.
Table 6 shows the energy usage and saving when space heating is met only by the gas boiler for the
base case of 80 °C supply and for the chosen minimum. Table 7 shows the electricity and gas usage
when the space heating is met by the river source heat pump and supplemented by gas boilers. Table 8
shows the equivalent carbon emissions for each case. All tables show results for the full block of flats.
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Table 5. Minimum supply temperature.

Minimum Temperature

Case 1 80
Case 2 75
Case 3 70
Case 4 65

Table 6. Gas boiler energy usage.

Gas Boiler Energy Usage (MWh)

80°C Minimum Saving
Case 1 271 271 0
Case 2 249 234 15
Case 3 227 219 8
Case 4 154 150 4

Table 7. Boiler and heat pump energy usage.

Boiler and Heat Pump Energy Usage (MWh)

80 °C Supply Temperature Minimum Supply Temperature Savi
avin,
Gas Electricity Total Gas Electricity Total &
Case 1 161 41 202 161 41 202 0
Case 2 145 37.3 182.3 133 417 174.7 7.6
Case 3 132 36 168 120 33 153 15
Case 4 75.4 325 107.9 51 36.8 87.8 20.1
Table 8. Carbon emissions.
Carbon Emissions (ton CO».)
Boiler Boiler and Heat Pump
Saving
80°C Minimum Saving 80°C Minimum
Case 1 55.284 55.284 0 44.447 44.447 0
Case 2 50.796 47.736 3.06 40.1359 38.9331 1.2028
Case 3 46.308 44.676 1.632 37.116 33.819 3.297
Case 4 31.416 30.6 0.816 24.5791 21.9 2.68

The carbon emissions are based on the 2018 UK government conversion factor; 1 kWh electricity
is 0.283 kg CO,e and 1 kWh natural gas is 0.204 kg CO [32].

4. Discussion

4.1. Minimum Supply Temperature

Figures 9-12 show the percentage of time steps with non-zero control signal that are below 19 °C.
The minimum supply temperature is chosen as the point where the system can meet approximately
80% of the demand. The additional 20% needed can be met through thermal storage; these demand
side management techniques are well documented elsewhere and therefore not considered here. For
dwellings with no insulation or double glazing, this does not drop significantly until the supply
temperature reaches 85 °C (a typical operating temperature of domestic radiators in the UK). For
smaller district heating networks, the supply temperature is often kept below 80 °C to allow the use
of polyethylene or polybutylene pipes in the distribution network; these pipes can only cope with
a maximum of 90 °C flow for short periods of time [25]. If thermal losses in the distribution system

235



Energies 2019, 12, 2603

are considered, the temperature in the network will exceed 90 °C for a significant duration, meaning
pre-insulated steel carrier pipes will likely be needed. This greatly increases the project costs. An
alternative is to operate the network at a lower temperature, in order to minimize capital cost through
the use of polymer piping and supplement the conditioned stream from a pre-existing heating system
within the dwelling. This would add costs only to the end user, which is not preferable. Given the
financial significance of dwelling connections to the network economic model, it is not recommended
to adopt this approach. It can therefore be concluded that, for dwellings that are poorly insulated with
low quality windows, internal improvements must be made before connection to a district heating
network becomes a viable option.

When the dwelling has been fitted with insulation but no double glazing, a 70 °C flow can, on
average, meet the heating demand for over 80% of the year. On addition of double glazing, a 65 °C
flow can meet demand for around 79% of the year — largely similar to Case 3 with a 70 °C flow. Double
glazing without insulation (Case 2) can only reach 78% of demand at 75 °C. As is to be expected,
the lowest supply temperature is achievable with double glazing and insulation. The addition of
insulation offers a 36.1% improvement on air temperature maintenance, while the addition of double
glazing offers only 28.3% improvement in Case 1. Case 4 (both insulation and double glazing) offers a
39% improvement in Case 1, but only a 3% improvement in Case 2. It is therefore clear that, while
the greatest improvement is with double glazing and insulation, the improvement by the double
glazing is only marginal. The choice of double glazing should be considered based on the economic or
carbon case.

4.2. Water Source Heat Pump Supply

In the sample year (2017), the average daily river Clyde temperature falls below 5 °C for 16% of
the year. On these days, heating is supplied entirely from the gas boilers. For UK tenements, this
necessitates a reliance on the gas boilers during this period; the boilers cannot be removed from the
dwellings. While this is common in the UK, the dependence on gas can be phased out with improved
thermal storage and demand side management.

For Case 1 (no insulation, single glazing), the supply temperature could not be reduced and so
remained at 80 °C. When the water source heat pump is used with the gas boiler, a 25% reduction in
energy and 20% carbon saving can be achieved.

From Table 7, it is clear that a reduction in total energy usage does not relate to a linear reduction
in electricity to the heat pump. This is because the return temperature from the radiators is typically
above the heating set point of the heat pump (60 °C), meaning that the heat pump is used to heat the
radiator loop initially, but not continuously, during heating.

5. Conclusions

The UK faces challenges to decarbonize the domestic heating sector, but has few choices to do
this. The best options will offer significant carbon benefits and be competitively priced to the current
heating market. This work has presented a dynamic transient system simulation tool model of a typical
tenement flat in the UK, one of the most common dwelling types. From this work, the following
conclusions can be drawn:

The minimum supply temperature of domestic radiator systems, and therefore district heating
schemes supplying tenement buildings, is strongly dependent on the building condition. Wall
insulation can be difficult to install in solid wall tenement blocks but can yield a 16% energy saving
on space heating per year, without lowering the supply temperature. Double glazing had less of an
impact in this study but may be more significant in buildings with a greater window to wall ratio.

Tenement blocks in poor condition are unlikely to be able to connect to a district heating scheme,
due to the high supply temperatures giving rise to a significant cost of carrier pipes.

236



Energies 2019, 12, 2603

In cases where no supply temperature reduction is feasible, energy and carbon savings can still be
made from integrating low carbon technology. In Case 1 with heat pump supply at an 80 °C set point,
energy consumption was reduced by 25% and the carbon footprint by 20%.

When building conditions permit, supply temperature can be reduced to around 65 °C and could
yield almost a 70% reduction in space heating.

While there are currently no restrictions in Scotland on river heat abstraction, this is heavily
dependent on the local laws.

6. Future Work

This work is presented as the start of a conversation around district heating connections for
traditional housing in the UK. For this work to progress:

A substantial building condition survey of UK housing stock is needed to afford a better
appreciation of the potential of low temperature heating.

Greater government incentive must be offered for privately owned dwellings to decarbonize heating.

Further minimum supply temperature studies of other dwelling types are needed, potentially
offering a tool for developers to easily assess the minimum feasible supply temperature for
retrofitted projects.

Author Contributions: Conceptualization, M.A.M., N.M.B. and Z.Y.; methodology, M.A.M.; investigation, M.A.M.;
writing—original draft preparation, M.A.M.; writing—review and editing, M.A.M., N.M.B. and Z.Y.; supervision,
N.M.B. and Z.Y.; funding acquisition, N.M.B. and Z.Y.

Funding: This research was funded by the National Productivity and Investment Fund EPSRC Doctoral Scheme
(EP/R512266/1), Clyde Gateway and received support from the EPSRC “Combi-Gen” project (EP/P028829/1)
and the EU H2020 LCE “DESTRESS” project (EC-691728). The research was also funded by the Newton Fund
(EP/R003122/1) and research fund EP/N020472/1.

Acknowledgments: We would like to thank SEPA for supply the environmental data used in modelling. We
would also like to thank Tim McDowell and David Bradley from TESS for the support received during the
modelling process. Finally, we would like to thank the Glasgow City Archives for the use of building plans.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Digest of United Kingdom Energy Statistics. Department for Business, Energy and Industrial Strategy, 2018.
Available online: https://www.gov.uk/government/collections/digest-of-uk-energy-statistics-dukes (accessed
on 5 July 2019).

2. Heat Policy Statement; Scottish Government: Edinburgh, UK, 2015. Available online:
https://www.gov.scot/binaries/content/documents/govscot/publications/publication/2015/06/heat-policy-
statement-towards-decarbonising-heat-maximising-opportunities-scotland/documents/00478997-pdf/
00478997-pdf/govscot%3Adocument (accessed on 5 July 2019).

3. Clarkson, A.; Laird, E.; Lloyd, D. Scottish House Condition Survey: 2017 Key Findings. 2018. Available
online: https://www.gov.scot/publications/scottish-house-condition-survey-2017-key-findings/ (accessed on
5 July 2019).

4. Haapio, A.; Viitaniemi, P. A critical review of building environmental assessment tools. Environ. Impact
Assess. Rev. 2008, 28, 469-482. [CrossRef]

5. Cetiner, I; Edis, E. An environmental and economic sustainability assessment method for the retrofitting of
residential buildings. Energy. Build. 2014, 74, 132-140. [CrossRef]

6.  Brand, M.; Svendsen, S. Renewable-based low-temperature district heating for existing buildings in various
stages of refurbishment. Energy 2013, 62, 311-319. [CrossRef]

7. Vallios, I.; Tsoutsos, T.; Papadakis, G. Design of biomass district heating systems. Biomass Bioenergy 2009, 33,
659-678. [CrossRef]

8.  Ostergaard, D.S.; Svendsen, S. Replacing critical radiators to increase the potential to use low-temperature
district heating — A case study of 4 Danish single-family houses from the 1930s. Energy 2016, 110, 75-84.
[CrossRef]

237



Energies 2019, 12, 2603

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Harrestrup, M.; Svendsen, S. Changes in heat load profile of typical Danish multi-storey buildings when
energy-renovated and supplied with low-temperature district heating. Int. ]. Sustain. Energy 2015, 34,
232-247. [CrossRef]

Li, H.; Nord, N. Transition to the 4th generation district heating - possibilities, bottlenecks, and challenges.
Energy Procedia 2018, 149, 483-498. [CrossRef]

Wang, Q.; Holmberg, S. Combined Retrofitting with Low Temperature Heating and Ventilation Energy
Savings. Energy Procedia 2015, 78, 1081-1086. [CrossRef]

Burzynski, R.; Crane, M.; Yao, R.; Becerra, V.M. Space heating and hot water demand analysis of dwellings
connected to district heating scheme in UK. J. Cent. South Univ. 2012, 19, 1629-1638. [CrossRef]

Allard, L; Olofsson, T.; Nair, G. Energy evaluation of residential buildings: Performance gap analysis
incorporating uncertainties in the evaluation methods. Build. Simul. 2018, 11, 725-737. [CrossRef]
Fedoruk, L.E; Cole, RJ.; Robinson, J.B.; Cayuela, A. Learning from failure: Understanding the
anticipated-achieved building energy performance gap. Build. Res. Inf. 2015, 43, 750-763. [CrossRef]
Johnston, D.; Miles-Shenton, D.; Farmer, D. Quantifying the domestic building fabric “performance gap’.
Build. Serv. Eng. Res. Technol. 2015, 36, 614-627. [CrossRef]

McElroy, D.J.; Rosenow, J. Policy implications for the performance gap of low-carbon building technologies.
Buil. Res. Inf. 2019, 47, 611-623. [CrossRef]

Zou, PX.W.; Xu, X.; Sanjayan, J.; Wang, J. Review of 10 years research on building energy performance gap:
Life-cycle and stakeholder perspectives. Energy Build. 2018, 178, 165-181. [CrossRef]

Ovchinnikov, P.; Borodinecs, A.; Strelets, K. Utilization potential of low temperature hydronic space heating
systems: A comparative review. Build. Environ. 2017, 112, 88-98. [CrossRef]

Ovchinnikov, P.; Borodinecs, A.; Millers, R. Utilization potential of low temperature hydronic space heating
systems in Russia. J. Build. Eng. 2017, 13, 1-10. [CrossRef]

Peeters, L.; Van der Veken, J.; Hens, H.; Helsen, L.; D’haeseleer, W. Control of heating systems in residential
buildings: Current practice. Energy Build. 2008, 40, 1446-1455. [CrossRef]

Liao, Z.; Swainson, M.; Dexter, A.L. On the control of heating systems in the UK. Build. Environ. 2005, 40,
343-351. [CrossRef]

Solar Energy Laboratory. TRNSYS, a Transient Simulation Program; Solar Energy Laboratory: Madison, W1,
USA, 1975.

Solar Energy Laboratory. TRNSYS18: Volume 1 Getting Started; Solar Energy Laboratory: Madison, WI, USA,
2017.

Baker, P. U-Values and Traditional Buildings; Historic Scotland: Edinburgh, UK, 2011;
Available online: https://www.historicenvironment.scot/archives-and-research/publications/publication/
?publication]d=16d0f7f7-44c4-4670-a96b-a59400bcdc91 (accessed on 5 July 2019).

Wiltshire, R.; Williams, J.; Woods, P. A Technical Guide to District Heating; BRE Publications: Watford, UK,
2014; Available online: https://www.brebookshop.com/samples/327451.pdf (accessed on 5 July 2019).
Dansk Standard (DS). Calculation of heat loss from buildings; DS 418:2011; Dansk Standard (DS): Kebenhavn,
Denmark, 2011.

Solar Energy Laboratory. TRNSYS18 Volume 5: Multizone Building Modelling with Type56 and TRNBuild; Solar
Energy Laboratory: Madison, WI, USA, 2017.

Stephenson, D.G.; Mitalas, G.P. Calculation of heat conduction transfer functions for multi-layer slabs.
ASHRAE Trans. 1971, 77, 117-126.

Mitalas, G.P; Arseneault, ].G. Fortran IV Program to Calculate Z-Transfer Functions for the
Calculation of Transient Heat Transfer Through Walls and Roofs. 1971. Available online:
https://www.ibpsa.us/sites/default/files/publications/B10_34_1972_Jun_Fortran%?20IV%20Program%
20t0%20Calculate%20z-Transfer%20Funtions%20for%20the%20Calculation%200f%20Transient%20Heat%
20Transfer%20through%20Walls%20and%20Roofs_National %20Research%20Council %20Canada.pdf
(accessed on 5 July 2019).

Palmer, J.; Cooper, 1. United Kingdom Housing Energy Fact Fil; Research Consultants and Cambridge Energy:
Cambridge, UK, 2013; Available online: http://www.carltd.com/sites/carwebsite/files/Housing%20Energy%
20Fact%20File%202012.pdf (accessed on 5 July 2019).

238



Energies 2019, 12, 2603

31. The Building (Scotland) Regulations 2004. Available online: http://www.legislation.gov.uk/ssi/2004/406/
contents/made (accessed on 5 July 2019).

32. Total greenhouse gas emission trends and projections. Available online: https://www.eea.europa.eu/data-
and-maps/indicators/greenhouse-gas-emission-trends-6/assessment-1 (accessed on 5 July 2019).

@ © 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution
[

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

239






energies MBPY

Atrticle

Exploiting Scalable Machine-Learning Distributed
Frameworks to Forecast Power Consumption

of Buildings

Tania Cerquitelli *, Giovanni Malnati and Daniele Apiletti

Department of Control and Computer Engineering, Politecnico di Torino, 10129 Turin, Italy
* Correspondence: tania.cerquitelli@polito.it; Tel.: +39-011-090-7178

Received: 7 June 2019; Accepted: 25 July 2019; Published: 31 July 2019

Abstract: The pervasive and increasing deployment of smart meters allows collecting a huge amount
of fine-grained energy data in different urban scenarios. The analysis of such data is challenging
and opening up a variety of interesting and new research issues across energy and computer science
research areas. The key role of computer scientists is providing energy researchers and practitioners
with cutting-edge and scalable analytics engines to effectively support their daily research activities,
hence fostering and leveraging data-driven approaches. This paper presents SPEC, a scalable and
distributed engine to predict building-specific power consumption. SPEC addresses the full analytic
stack and exploits a data stream approach over sliding time windows to train a prediction model
tailored to each building. The model allows us to predict the upcoming power consumption at a time
instant in the near future. SPEC integrates different machine learning approaches, specifically ridge
regression, artificial neural networks, and random forest regression, to predict fine-grained values
of power consumption, and a classification model, the random forest classifier, to forecast a coarse
consumption level. SPEC exploits state-of-the-art distributed computing frameworks to address the
big data challenges in harvesting energy data: the current implementation runs on Apache Spark,
the most widespread high-performance data-processing platform, and can natively scale to huge
datasets. As a case study, SPEC has been tested on real data of an heating distribution network
and power consumption data collected in a major Italian city. Experimental results demonstrate the
effectiveness of SPEC to forecast both fine-grained values and coarse levels of power consumption
of buildings.

Keywords: big data frameworks; data mining algorithms; machine learning; energy consumption
forecast; data streams analysis

1. Introduction

In the last few years, an increasing number of smart meters has been deployed in smart city
environments to monitor energy consumption in buildings. As a result, the collected data have
increased at an exceptional rate, so that energy-related data are becoming big data. The plenitude
of data provides a favorable circumstance to face valuable challenges and add intelligence in
energy-related contexts. The knowledge discovery process applied to energy data can reveal hidden
and actionable models and patterns, such as those characterising and predicting energy consumption,
for different stakeholders, from energy managers, to analysts, and consumers.

In the last decades of the past century, data mining proved to be a valid solution for finding
implicit, unknown, and useful information from very large datasets. The most popular data mining
tasks include correlation analysis (e.g., association rules), prediction (e.g., classification, regression),
and grouping similar data (e.g., clustering). Turning to the energy domain, the association rule mining
and clustering allow unsupervised energy data exploration useful for summarizing usage patterns,
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while prediction algorithms enable energy consumption forecasting, which, in turn, paves the way for
optimising heating distribution networks.

To effectively mine large collections of energy data, state-of-the-art data mining algorithms
have often required crucial limitations to be addressed, such as those represented by computational
resources. To this aim, scalable solutions have been devised in recent years, including wide-spread
big data frameworks like Apache Hadoop [1], and Apache Spark [2]. However, the fast changing
pace of the evolution of such distributed-computing technologies introduces two sources of problems:
(i) on the one hand, they are not mature enough to be applied on a generic domain and still require
some form of fine-tuning to fit the specific scenario; (ii) on the other hand, it is difficult to find suitable
professional profiles trained on the latest advancements of such platforms. The proposed solution
tries to accommodate the needs of energy experts and energy-provider companies of extracting data
insights by exploiting machine-learning solutions which have much less stringent requirements on the
professional skills of the data analysts.

The exploitation of big data platforms on energy-related data is of primary importance to extract
useful, actionable, and previosuly unknown knowledge from data as well as to forecast future energy
consumption. Thus, the analysis of energy data opens up a variety of interesting research issues
across two research communities: energy and computer science. To design effective analytics tools,
a considerable interaction between an energy scientist and a computer scientist is needed, with the
former being mainly responsible for defining the end-goals and the assessment of extracted knowledge.
Furthermore, a stronger involvement in the algorithm definition phase is beneficial to enrich the
algorithm itself with domain-expert knowledge, such as physical laws and event models. The computer
scientist tackles the task of selecting the right software platform, designing and developing efficient
and effective algorithms, selecting the optimal analytic techniques to achieve the end-goals, with the
right trade-off between quality of results and processing time or resources.

From the energy scientist’s point of view, a lot of research efforts should be devoted to analyzing,
characterizing and understanding energy-related data to effectively support different interested users
in the decision-making process, from energy managers and analysts, to end-users living in buildings.
Different research challenges can be addressed, whose results have a great potential to influence the
overall energy balance of our communities. From the computer scientist’s point of view, most of the
technologies and algorithms related to big data processing and analytics have to be tailored to the
specific features of the energy domain, such as heterogeneous sources and formats, variable data
distributions, different abstraction levels, both fine and coarse grained, to effectively and efficiently
support the knowledge extraction process.

This paper presents SPEC, a Scalable Predictor of PowEr Consumption. It provides a data mining
engine for predicting the future power consumption over sliding time windows, specific to each
building under exam. Different regression techniques and a classification method have been integrated
into SPEC to build a model aimed at predicting the fine-grained power consumption at a time instant
in the near future (i.e., with a limited time horizon): artificial neural networks, random forest regressor
and ridge regression. furthermore, SPEC also includes the random forest classifier to forecast a
power consumption level, instead of the fine-grained value. Each prediction model is tightly tailored
to the specific building efficiency, by being trained only on power consumption historical data of
the selected building. The SPEC methodology builds upon state-of-the-art distributed-computing
solutions, namely, Apache Spark, which allows us to quickly analyze very large data collections.
As a case study, SPEC has been validated on thermal power consumption collected in a major city
in the North of Italy. Energy data have been enriched with meteorological open data. Experimental
results, obtained on 12 buildings monitored every roughly five minutes for one year, demonstrate
the effectiveness of the proposed methodology in predicting fine-grained power consumption with a
limited average error and a good accuracy.

This paper is organized as follows. We first present the most used distributed and parallel
frameworks, then the paper contribution is detailed. Next the description of the main building blocks
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of the SPEC engine is presented followed by the discussion of the experimental results yielded by the
SPEC engine on real thermal power data. After the comparison of our approach with related works,
we draw conclusions and presents future work.

2. Distributed Frameworks

The recent explosion in size of sensor-provided datasets has required the development of
new distributed and parallel big data approaches, often replicated inside cloud-based services
(e.g., platform-as-a-service tools) [3]. In recent years, two frameworks have emerged: MapReduce [4],
as a programming paradigm, whose most popular implementation is provided by the Apache Hadoop
platform, and Apache Spark [2], a more real-time data-processing solution with improved performance.
Both solutions allow programmers to focus on data-processing issues, disregarding low-level details
of the physical data replication and distribution over a cluster of machines, and the corresponding
network coordination. The first big data approach to crunch huge datasets was the MapReduce [4]
paradigm proposed by Google and then implemented in various software solutions, whose most
popular is Apache Hadoop. MapReduce exploits data locality by moving the algorithm to the data
instead of bringing the data to the algorithm, hence allowing each node of the distributed cluster to
process local data only. To this aim, a proper storage system was developed, the Hadoop distributed file
system (HDEFS), which is probably the most widespread big data storage solution now, being compliant
with almost all analytics software solutions.

More recently, the Apache Spark [2] framework has been developed. Apache Spark is a general
purpose in-memory distributed platform supporting many development languages. Although it
maintains full compatibility with the MapReduce paradigm, it overcomes MapReduce limitations and
has become the favorite platform for large-scale data analytics, by enabling distributed data caching
within the nodes main memory, and reducing slow disk access.

Thanks to the availability of such distributed platforms, different libraries provide many
open-sourced algorithms for machine learning. Mahout [5], designed for Hadoop, is among the
most widespread ones. It contains implementations in the data mining areas such as algorithms to
address the cluster analysis, classification, and to support recommendation systems. All the current
implementations are based on Hadoop MapReduce and has been exploited to support different data
warehousing applications [6,7]. MLIib [8], instead, is the Machine Learning library developed on
Spark, and it is rapidly growing both in development and adoption (e.g., network traffic analysis [9],
social networks [10]).

3. Contribution of This Work

The aim of this work is to provide to energy scientists a scalable engine to predict fine-grained
power consumptions tailored to each specific building under exam. The proposed engine, named
SPEC, is customized to efficiently manage energy data, and includes different data mining algorithms
to forecast both real and categorical values of power consumption. Furthermore, self-evaluation
metrics are included to help the domain experts in assessing the quality of the results obtained.
SPEC is built upon state-of-the-art distributed-computing solutions: the current implementation
exploits Apache Spark and is able to effectively scale to huge data collections. SPEC is designed to be
helpful in various energy-related applications, such as heating and electricity consumptions. As a case
study, the proposed engine has been validated to forecast heating consumption every five minutes on
12 buildings.

To analyze the robustness of the proposed engine, it has been tested in two peculiar conditions:
(i) from 6:00 a.m. to 10:00 p.m., which includes both transient states with peak values and steady states
with more stable consumption values, and (ii) from 5:00 p.m. to 10:00 p.m. with only the steady-state
phase. As expected, the forecasting activity in the former case is more challenging.

The energy scientist can successfully exploit this engine without specific algorithm-related
knowledge, by setting only the energy-relevant parameters to reach her goals. No development
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of ad-hoc procedures in a specific programming language is required. For example, energy scientists
can choose between fine-grained (every five minutes) or coarse-grained (e.g., hour/day/week)
measurement periods, they can select the best metrics to evaluate the results, and the corresponding
time frame of interest (e.g., the complete day versus specific hours of the day). In addition to the
simple exploitation of the proposed engine, knowing in advance the expected power consumption
on a per-building basis can provide interesting knowledge to the energy providers, that can devise
proper strategies to efficiently satisfy the energy demand for each building as well as for the overall
network. Finally, predicting the power consumption allows both a more accurate energy network
sizing, hence providing a more reliable provisioning service, and a more informed energy usage by
end-users (customers), who can be encouraged with specific rewards to apply ad-hoc strategies to
reduce power consumption during the transient phases, when the energy peak demand is critical
to satisfy.

4. Related Work

Recently, energy-related data have gained traction as the focus of many machine-learning-enabled
analysis. The wide diffusion of smart and tiny sensor devices has been throughly exploited to monitor
indoor and outdoor environmental parameters supporting the collection of a large volume of measures
with temporal and spatial information. The knowledge extraction process applied on these data
collections discover an interesting subset of actionable knowledge to effectively support the decision
making process of facility managers.

Many research contributions on energy-related data have been carried out for: (i) identifying the
main factors that increase energy consumption (e.g., floors and room orientation [11], location [12],
weather [13]); (ii) characterizing consumption profiles among different users [12,14]; (iii) supporting
data visualization and warning notification [15]; (iv) efficient storing and retrieval operations based on
NoSQL databases [16];

A parallel research effort has been devoted to designing and developing systems providing
innovative and widespread analytics services based on big data technologies. General purpose
solutions [17] have been proposed together with specific techniques tailored to a given application
domain, such as thermal energy consumption [18], residential energy use [19], renewable energy [20],
air pollution levels [21].

In [22], various big data services based on a Hadoop large-scale energy-distribution platform have
been analyzed. Authors conclude that most services goal is the energy efficiency improvement and the
cost cut in heating maintenance and consumption. Other approaches contribute with algorithmic and
technological solutions, such as clustering techniques and association rule mining: in these works, big
data mining techniques are exploited both for prediction from historical data and for data exploration.

Similarly, different combinations of such techniques have also been successfully exploited
in other domains, e.g., for scaling network data characterization [23], and for social network
data exploration [10].

Addressing the wider energy-data management field, in [24,25] two different platforms and
infrastructures for managing building-specific data from different smart-city sources are presented.
In [26,27] different GIS-enabled frameworks for modelling urban district energy consumption are
presented, with the former [26] applied in New York city, and the latter [27] in a North-western Italian
city. However, they do not focus on energy consumption prediction but on classifying energy intensity
in buildings [26] and estimating space heating [27].

Focusing on the energy forecasting techniques, in [28], a predictor of energy consumption in
buildings is proposed, consisting of four building blocks, from data acquisition to performance
evaluation. In [29], a thermal-load forecast approach combining multiple data-driven methods is
presented, with experimental results on the next-day hourly load forecast.

In [30] a prediction model for district energy consumption in medium (mothly) and long terms
(yearly) is presented, based on an ensamble of three different data-mining techniques. In [31] two
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data-driven thermal-load forecasting models are compared, one based on support vector machines,
and another with two nonlinear autoregressive exogenous recurrent neural networks. In [32], two
heating distribution network substations in Changchun, China, were analyzed by means of data mining
techniques. As a result, six operating states are identified in each heating season. Finally, in [33]
the predictions of three energy consumption linear models are compared on two Swedish cities.
Forecasts target the next-day prediction and not the specific building prediction model. Overall,
current state-of-the-art works do not address specifically the large-scale challenges while keeping focus
on the fine-grained data-driven forecasts.

Similarly, research efforts have been devoted to characterizing energy consumption at a large
scale [34,35] as well as energy efficiency based on real consumption data [6] or estimated data [36,37].
The study presented in [34] exploits a NoSQL technology to support the collection, storing and
analysis of large volumes of energy-related data. In [34], a datawarehouse-style solution targeting
KPI computation based on the leading NoSQL database MongoDB [38] has been proposed, exploiting
the map-reduce approach. The proposed indicators consider the energy consumption during specific
outdoor conditions (temperature range) to characterize the energy consumption of single buildings and
groups of buildings in the same neighborhood. As a further step, a more advanced KPI computation
approach is presented in [6]. The work in [6] presented the energy signature analysis (ESA) system.
It is based on a big data methodology exploiting the map-reduce paradigm. It is able to characterize
the building’s energy efficiency through the energy signature. The latter estimates the total heat loss
coefficient of a building and it is computed by a linear regression of the power used for heating on
the difference between the internal temperature and the external temperature. The building signature
has been exploited to compute two KPIs: “(i) The intra-building KPI to compare latest observations
with past energy demand in the same conditions, for example in a similar outdoor temperature and
indoor temperature; and (ii) the inter-building KPI to rank the overall building performance with
respect to nearby and similarly characterized buildings by considering spatial co-location, building
size, and usage patterns (e.g., residential, office, public building)”. In [39] an engine exploiting
unsupervised machine learning approaches (clustering) and association rule mining is used to explore
energy consumption in buildings.

Differently from the previously-mentioned research papers [6,34,35,39,40], the current work
presents an engine based on scalable machine learning approaches to forecast fine-grained power
consumption. The previously-cited works focus on diverse targets and proposed different analytics
approaches. They also describe a significantly dissimilar architecture, wheres the datawarehouse
design is the same. In particular, no state-of-the-art solution provides a large-scale prediction with
a fine-grained five minute resolution for each building. Specifically, the target of [34,39] is the
characterization of the power consumption and the focus of [6] is the energy efficiency characterization,
to define a building ranking, whereas the present paper targets the predicting of sliding-windows
power consumption. Furthermore, the methodologies proposed in [6,34] exploit the map-reduce
paradigm, while this work exploits the more advanced and high-performing Apache Spark framework;
and the approach proposed in [35] does not include the forecasting data mining techniques exploited
by the currently proposed methodology.

First attempts towards the prediction of fine-grained energy/power consumption over a sliding
window have been proposed in [41,42]. The current paper significantly extends the study in [41]
by (i) providing a new algorithm to perform the regression task (i.e., the ridge regression model);
(ii) including a new analytics method (i.e., classification approach) to address the prediction of power
consumption labels through the random forest classifier; (iii) adapting the prediction models to a longer
time frame, including the first hours of the morning when a large number of energy consumption
spikes occur; (iv) introducing new and longer prediction horizons; (v) adding an exploitation use case
of the proposed approach, based on a real-world district heating network, and (vi) providing a more
in-depth and extensive experimental validation (almost three-fold expansion in experimental results).

245



Energies 2019, 12, 2933

5. The SPEC Engine

SPEC is a distributed analytics engine aimed at predicting fine-grained power consumption.
Its architecture is presented in Figure 1 and consists of different components, each addressing one
of the main steps of the knowledge-extraction process. The scope of the current paper is to discuss
SPEC performance and usage in the context of thermal energy consumption. To this aim, the dataset
under analysis consists of thermal energy consumption data, collected every five minute from a large
number of smart meters deployed in 12 buildings. As proposed in [34], energy data are enriched
with meteorological information, collected from open-data web services [43]. Added meteorological
information includes temperature, relative humidity, precipitation, wind direction, UV index ,
solar radiation and atmospheric pressure, as defined and provided by [43]. The data collection
and integration component is in charge of collecting energy consumption data and integrating
meteorological information with the right temporal and geographical correlation. Since the focus is
on thermal energy consumption in residential and office buildings, only measurements of the winter
season are considered.

The other SPEC components are presented in the next subsections.

1]
I Outlier detection Data

Data Collection o ) Windowed
and Integration Missing value handling Stream Powerakia
2 " Data normalization processing

. ! .
I_p_a_tg_cg_llg_c'fl_o_n__:i Data preprocessing !

Prediction
model

Prediction Prediction Power consumption
error Error. prediction
evaluation 7

Prediction validation

Figure 1. The scalable predictor of power consumption (SPEC) architecture.
5.1. Data Preprocessing

The knowledge extraction process is a multi-step process typically starting with a preprocessing
phase, whose aim is to smooth the effect of possibly unreliable measurements. SPEC preprocessing
component provides three features which have been proved to be crucial in real-world sensor-provided
energy data: (i) outlier detection and removal, (ii) missing value handling, and (iii) data normalization.

Outlier detection and removal. An outlier is a measurement that lies outside the expected range
of values. It may occur either when the collected value does not fit the model under study or when
faulty sensors provide unacceptable measurements for the phenomenon under analysis.

To detect outliers SPEC integrates the leverage measure. It is a coefficient based on the
Mahalanobis distance to define whether a power consumption measurement (X;) is different from
the others. For each observation X;, SPEC computes the leverage as proposed in [44], as provided
in Equation (1):

H; = Mahalanobis?(X;) + % @)
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where N is the number of power consumption measurements, and the Mahalanobis distance, in our
study, is computed as provided in Equation (2):

Mahalanobis(X;) = %%, ()
]

where mean(E) is the mean of all energy samples, while Y;(X; — mean(E ))? is the the total square
difference between all samples in energy consumption and their mean. Only the observations X;
with a leverage value H; greater than the CutOf f threshold are processed in the next analytics step.
The CutOf f threshold value is computed as provided in Equation (3):

CutOff = 2(1<7;1)

®)
where K is the number of variables under analysis.

Missing value handling. Many strategies are available to address missing values. SPEC selects
different approaches for different attributes, in particular for contextual data sources, such as unreliable
weather data providers: (i) replacement with the daily average value or (ii) replacement with the hourly
average value computed in the corresponding time of the previous week. The choice is mainly driven
by the physical meaning of each attribute. Specifically, strategy (i) is exploited for rain precipitation
and wind direction attributes, while strategy (ii) is applied to solar radiation and UV index attributes.

Data normalization is an important task required when differences in scale and measurement
unit exist in the data under analysis. Specifically, the normalization technique allows preserving the
original data distribution without affecting the relevance of the analytics results. SPEC integrates
two normalization techniques: min-max and z-score. The typical state-of-the-practice approach is to
iteratively perform different analysis sessions with different data normalization techniques to identify
the strategy yielding better results.

5.2. Data Analysis

The core of the knowledge extraction process in SPEC consists of three building blocks: (i) data
stream processing, (ii) prediction analysis, and (iii) prediction validation.

5.2.1. Data Stream Processing

In the buildings under analysis, a large volume of energy data is continuously collected since
power consumption is monitored roughly every five. Due to the high volume of collected data,
the SPEC engine performs the prediction over a sliding time window. Specifically, when a new power
consumption measurement is collected from a building, a sliding window over its historical data
stream is considered. This window contains a snapshot of the latest power consumption values of the
building, together with correlated meteorological data. The time window size is a parameter (wje;gt,)
to be chosen depending on the temporal context of interest for the analysis: with short time windows,
the evaluation is almost in real-time of the building’s consumption is performed based only on very
recent measurements; instead, a very large time window includes many historical measurements.

5.2.2. Prediction Analysis

Many data mining algorithms are available for prediction purposes. Depending on the nature
of the variable to predict, we can identify two broad classes of approaches: if we wish to predict
future power consumption measurements as numerical values, then we focus on regression techniques;
otherwise, if the prediction were a consumption level (such as high, mid, low), then a classification
approach able to predict categorical values is required. SPEC addresses both requests by providing
three regression techniques and a classification algorithm.
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The prediction analysis component consists of two steps: (i) model building and (ii) prediction
task. In (i) a model for the data under analysis is built by analyzing past power consumption together
with meteorological data. Then the model is exploited to forecast the upcoming power consumption
in (ii). Among the techniques available to our purposes there are regression-based methods, decision
trees, naive Bayes approaches, neural networks, and support vector machines. Each technique employs
different learning algorithms to build models from historical data. In SPEC a new data model is
created for each time window. To self-assess the performance of the proposed prediction models,
data are split into training and test sets. The former is used to build the model, whereas the latter to
assess its quality.

For the regression purposes, i.e., the prediction of a real value of power consumption,
SPEC provides the following techniques: ridge regression (RR), random forest regression (RFR),
and artificial neural networks (ANN). While the latter two techniques have been widely and
successfully exploited in many different applications , the former was included to provide better
insights to the energy-provider company. The selected techniques are briefly presented in the following,
specifically focusing on the Apache Spark implementation.

Ridge regression (RR) builds a model based on the linear dependency among data under analysis.
Given a set of input features expressed through a n-dimensional vector x = [x,... ,x,] € R" and
a target variable y € IR representing the objective of the prediction, the algorithm builds a regression
model with L2-regularization using stochastic gradient descent that provides a good estimation of the
value of y.

Random forest regressor (RFR) is an ensemble learning method that can be used for regression.
Given a training set with known predictions, a group (forest) of decision trees is created as a model.
The forest approach reduces the risk of overfitting. In MLIib [8], the RFR algorithm creates different
trees during the training phase by generating randomness and minimizing overfitting. The randomness
is introduced by (i) performing N sub-sampling of the training set (i.e., bootstrapping), (ii) considering
different random subsets of input variables. Thus, a parallel execution of the training step is possible.
During the application of the model, the single class labels produced by each tree are aggregated and
a global result is computed. Labels are replaced by real values in case of regression problems.

The building of each decision tree is a top-down process: an attribute test condition is chosen at
each step so that it best splits the records. To this aim, the Gini index can be exploited. Each node in the
tree represents a test on an attribute, being each branch, descending from a node, a range of possible
values for that attribute. Leaves represent values of the target attribute. This allows to partition the
sample space depending on the test conditions of the different attributes at each node.

To generate a prediction, the tree is visited top-down, following the tests in each node,
and branching down to a resulting leaf.

Artificial neural networks (ANN) exploited in SPEC are multi-layer networks without restrictions
(the source code has been downloaded from https:/ /github.com/yannart/Scala-Neural-Network).
They include an input layer, n hidden layers, and an output layer. Each node in a layer takes as
input a weighted sum of the outputs of all the nodes in the previous layer, and it applies a nonlinear
activation function to the weighted input. The network is trained with back-propagation and learns
by iteratively processing the set of training data records: weights in the network nodes are backward
updated to minimize the mean squared prediction error.

Among the available techniques suited to the classification problem (i.e., the prediction of
a categorical value such as a range of values of power consumption) SPEC provides the random forest
classifier (RFC).

The random forest classifier (RFR) is a technique very similar to the random forest regressor. It is
an ensemble learning method based on a pool of trees. Differently from the regressor, the predictions
are categorical, such as high, mid, or low energy consumption levels. Each level can be associated
to a specific range of real consumption values. There is virtually no limit in the number of different
categorical values, however, such techniques typically work well with a low number of classes
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(i.e., different predicted categories), in the order of tens at most. They are useful because often it is not
the precise real value to be of interest, but its level in terms of meaningfulness for the phenomena under
study. Hopefully, grouping contiguous values into the same level (i.e., discretization into category),
helps in improving accuracy results. Technically, the difference with the regressor is in the the final
predicted value, which cannot be computed as the average of the single tree predictions, but a majority
voting approach is used: the category voted by the largest number of trees is selected as the final result
of the forest classifier.

5.2.3. Prediction Validation

This component evaluates the ability of the SPEC engine to correctly predict the energy
consumption of a building. To this aim, SPEC integrates three metrics to evaluate the quality
of regression-based models and one metric for the classification-based models: (i) mean absolute
percentage error (MAPE), (ii) weighted absolute percentage error (WAPE), and (iii) symmetric mean
absolute percentage error (SMAPE), whose formulas are reported in the following, are the regression
metrics, whereas the accuracy is used for the classification model. Accuracy is the ratio of the correct
predictions with respect to the overall number of predictions. The metrics are provided in the following
Equations (4)—(6).

0, n
viapp — 100% Z W
1 1
Y|4 - P
WAPE = 100% - ,17 5)
Yl A
100% & |A;i— P
SMAPE = ©)
Z TAT TP

In all formulas, A; is the actual energy consumption at time f; while P; is the corresponding
predicted value.

MAPE, or mean absolute percentage deviation (MAPD), can evaluate a predictor quality. However,
since MAPE is a percentage, it might be less suitable for energy predictions because of its sensitivity
to low absolute values: given the same absolute error, MAPE may be very large in presence of low
consumption values, while it might hide errors when the absolute consumption is very high. The WAPE
and SMAPE metrics have been proposed to address this issue. WAPE suffers from not having a specific
meaning as an error on the single prediction but only on all the forecasts, while SMAPE is able to
correctly model the prediction error for each forecast individually. The only drawback of SMAPE
is that it is not symmetric. Thus, overestimated forecasts and underestimated forecasts do not have
the same impact. Specifically, for the same value of prediction error, the underestimated forecast
has a greater impact on the overall SMAPE value. Since each metric has benefits and drawbacks,
SPEC provides them all to allow the energy analyst to select the best one for her goals.

6. Experimental Results

We tested the efficiency of SPEC by performing different experimental sessions on a real dataset,
including power consumption data collected from 12 residential buildings. Measurements are collected
over a full winter period in Italy, from October 15th to April 15th. Energy data have been enriched
with meteorological information collected from the weather underground web service (the weather
underground web service gathers meteorological data from personal weather stations (PWS) registered
by users) [43].

The experiments reported in the paper target a subset of the overall district heating buildings,
specifically those buildings for which the full historical datasets of real-world data measurements
were available.
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The datasets have been stored in a Hadoop cluster available at our University, based on the
Cloudera Distribution of Apache Hadoop, version 6.1.0. All experiments have been performed on
our cluster, which has 8 worker nodes, and runs Apache Hadoop 3.0.0 and Spark 2.4. The current
implementation of SPEC is a project developed in Scala exploiting the Apache Spark framework.

Input variables are: time, date, temperature, humidity, precipitations, pressure, dew point,
wind direction, and energy consumption, in the configured time window. The target of the prediction
task is the upcoming energy consumption in the near future. For the results reported in this study,
the SPEC engine configuration featured the normalization and outlier detection through the min-Max
technique and the Leverage approach, respectively; the time window size (wje;gi) has been set
to three samples (i.e., roughly 15 min). A parameter grid search has been performed to identify
values for algorithm parameters. To configure the ridge regression algorithm in MLlib, the following
parameters have been set: intercept = false, numlterations = 100, regParam = 0.01, stepSize = 1.0.
For both the Random Forest Regressor and Classifier in MLIlib, the parameters were: numTrees = 20,
featureSubsetStrategy = all, impurity = variance, maxDepth = 4, maxBins = 100. The ANN regressor
has been used with perceptronInputNum = 9 and neuronLayerNum = Array [10, 2, 1].

Experimental results targeted the five minute prediction capability. To this aim, we evaluated the
prediction error for all algorithms and all buildings separately. The prediction error has been computed
as the averaged error of all predictions in the whole (winter) period. To perform the prediction
task we considered two different time frames: (i) the complete day, from 6:00 a.m. to 10:00 p.m.;
(ii) the afternoon/evening only, from 5:00 p.m. to 10:00 p.m. The former time frame includes both
transient and steady-state phases, thus the prediction is more challenging: values were characterized
by large variability and spikes. The second time frame includes typical steady-state phases, with more
stable consumption values, hence the prediction task is expected to be easier.

Tables 1-3 report the MAPE, WAPE, SMAPE values for each monitored building obtained through
the ridge regression (RR), artificial neural networks (ANN), and the Random Forest Regression (RFR)
models respectively. Tables 1-3 focus on the 5-10 p.m. time frame, whereas Tables 4-6 report results of
the whole day.

All three regression models yield good results by analyzing consumption values in the 5-10 p.m.
time frame. Both RR and ANN models present limited errors: ANN has a MAPE of 6-19%, a WAPE of
6-10%, and a SMAPE of 3-5% as reported in Table 2. Such results are very similar to the ones yielded
by RR in Table 1). Also the performances of RER are quite good, although slightly worse than both
RR and ANN models: it has a MAPE of 9-20%, a WAPE of 9-14%, and a SMAPE of 5-7% as reported
in Table 3).

As expected, errors yielded by SPEC models worsen when the prediction task is performed for
the whole day. As shown in Tables 4-6, on average ANN models reach the best results, with an average
prediction error lower than both RR and RFR. Results of RFR are better than RR, although slightly
worse than ANN.

Table 1. Prediction error for each building: ridge regression model, time frame: 5-10 p.m.

Building MAPE WAPE SMAPE

B1 10.4% 8.5% 4.0%
B2 6.4% 6.3% 3.1%
B3 10.1% 8.4% 4.1%
B4 18.9% 9.9% 4.9%
B5 9.1% 7.9% 3.7%
B6 7.9% 7.7% 3.6%
B7 9.1% 7.3% 3.6%
B8 6.4% 6.5% 3.1%
B9 15.7% 8.6% 4.2%

B10 12.6% 9.0% 4.3%
B11 15.2% 9.9% 4.9%
B12 12.4% 9.2% 4.4%
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Table 2. Prediction error for each building: artificial neural network model, time frame: 5-10 p.m.

Building MAPE WAPE SMAPE

B1 13.5%  11.8% 6.0%
B2 7.1% 7.0% 3.5%
B3 12.8%  10.7% 5.5%
B4 20.4%  12.8% 6.6%
B5 9.9% 9.4% 4.6%
B6 7.4% 7.1% 3.7%
B7 11.0% 9.7% 5.0%
B8 7.7% 7.9% 3.9%
B9 18.6%  12.9% 6.7%

B10 15.9%  12.4% 6.4%
B11 169%  12.1% 6.2%
B12 12.7%  10.5% 5.2%

Table 3. Prediction error for each building: random forest regression model, time frame: 5-10 p.m.

Building MAPE WAPE SMAPE

Bl 13.3%  11.5% 5.6%
B2 104%  10.3% 5.1%
B3 13.3%  11.2% 5.6%
B4 19.8%  11.1% 5.8%
B5 11.2%  10.5% 5.2%
B6 122%  12.0% 5.9%
B7 11.5% 9.6% 4.7%
B8 9.3% 9.4% 4.6%
B9 19.0%  11.9% 6.1%
B10 14.6%  11.3% 5.6%
B11 19.3%  13.4% 6.5%

B12 16.9%  13.9% 7.0%

Table 4. Prediction error for each building: ridge regression model, time frame: 6 a.m-10 p.m.

Building MAPE WAPE SMAPE

B1 26.7%  10.1% 9.8%
B2 25.5%  16.8% 8.1%
B3 21.5%  20.6% 8.1%
B4 42.8%  31.1% 13.8%
B5 222%  16.3% 8.0%
B6 243%  16.9% 9.0%
B7 23.8%  20.4% 9.7%
B8 31.2%  31.8% 14.0%
B9 28.6%  23.8% 10.9%

B10 21.8%  222% 10.0%
B11 30.1%  26.2% 11.9%
B12 24.8%  19.9% 9.6%
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Table 5. Prediction error for each building: artificial neural network model, time frame: 6 a.m-10 p.m.

Building MAPE WAPE SMAPE

Bl 21.4%  11.3% 6.0%
B2 21.0% 9.6% 4.8%
B3 13.7%  10.9% 5.4%
B4 31.9%  152% 7.2%
B5 189%  10.0% 5.0%
B6 17.9% 9.9% 5.4%
B7 17.4%  11.0% 5.4%
B8 164%  14.1% 6.4%
B9 20.6%  12.2% 5.9%

B10 11.9%  10.4% 5.1%
B11 23.7%  15.2% 7.5%
B12 20.6%  11.4% 5.6%

Table 6. Prediction error for each building: random forest regression model, time frame: 6 a.m-10 p.m.

Building MAPE WAPE SMAPE

Bl 22.9%  13.5% 7.3%
B2 23.9%  10.9% 5.6%
B3 16.6%  16.5% 7.5%
B4 32.7%  17.0% 7.9%
B5 20.9%  11.5% 5.9%
B6 23.0%  12.3% 6.8%
B7 18.0%  12.0% 6.0%
B8 172%  16.5% 7.3%
B9 21.6%  13.0% 6.3%

B10 13.2%  11.7% 5.9%
B11 23.5%  15.1% 7.5%
B12 20.3%  13.5% 6.7%

Since the ANN model yielded the lowest errors and on average achieved better results than both
RR and RER on all time frames (i.e., 6 a.m.-10 p.m. and 5-10 p.m.), we analyzed in more details the
error trend yielded by ANN in a given day for a representative building, as reported in Figure 2.
Building no. 7 is selected as representatives because its consumption time series include multiple
peaks. In all cases, the ANN models are able to predict values following the trend of the actual time
series, although the error significantly increases for peaks in energy consumption, such as during the
early morning (e.g., 7-8 a.m).
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Figure 2. Building 7: detailed results for 24 h of continuous five minute predictions.
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We experimentally evaluated the performance of the random forest classifier provided by SPEC.
To perform the categorical classification task, the power consumption values per unit of volume have
been discretized in six fixed-size bins as in [39]: two bins until 15.5 KW /m? (off until 0.05 KW /m?,
low until 15.5 KW /m3), a bin each 10 KW/m? for values until 35.5 (medium consumption until
25.5, high consumption until 35.5) and an additional bin for values exceeding 35.5 KW /m?3. Table 7
reports the accuracy yielded on the 12 buildings under analysis for both the complete day and
afternoon/evening time frames. In both cases the classifier achieved good accuracy values: they are in
the range from 81-91% when analyzing all collected values (6 a.m.—10 p.m.), and in the range 89-98%
(except for building no. 1) on the afternoon/evening time frame.

Table 7. Accuracy for each building: random forest classification model.

Building Time Frame Time Frame
6:00 a.m.-10:00 p.m.  5:00 p.m.-10:00 p.m.
Bl 81% 77%
B2 91% 98%
B3 91% 93%
B4 85% 95%
B5 88% 94%
B6 88% 94%
B7 84% 93%
B8 85% 98%
B9 87% 93%
B10 89% 97%
B11 85% 89%
B12 88% 89%

Regarding the prediction horizon, we analyze the performance in terms of MAPE, WAPE,
and SMAPE of the top-performing approach, i.e., ANN, with longer prediction horizons, specifically
30, 45, and 60 min, as reported in Table 8. The selected 5 buildings are those presenting no missing
values, hence not requiring any pre-processing. Such results are compared with two naive techniques:
(NAIVE 1) previous-value predictor and (NAIVE 2) same-time previous-day predictor.

Improvements in terms of prediction error reduction of the artificial neural network model over
the two selected naive approaches for a 30-min prediction horizon in the time frame 6 a.m.—10 p.m.
are reported in Table 9. The results for prediction horizons of 45 and 60 min are reported in
Tables 10 and 11 respectively.

The proposed approach always yields to better predictions (i.e., with lower errors) with respect to
the NAIVE 2 approach. Similar results are also reported with respect to NAIVE 1 apart from a single
exception (SMAPE for building B2). Improvements for building B1 are higher with respect to NAIVE 1
and lower with respect to NAIVE 2, whereas the converse is true for the remaining buildings. This is
due to the different usage pattern of residential versus office/public buildings.

Table 8. Artificial neural network model prediction errors for different horizon lenghts: 30, 45,
and 60 min; time frame: 6 a.m.—10 p.m.

MAPE (%) WAPE (%) SMAPE (%)

Horizon =5, 4o o0 30 45 60 30 45 60
(minutes)

Bl 83 91 83 83 88 83 41 43 41

B2 188 17.6 183 194 194 200 87 85 89

B3 101 96 99 99 89 98 49 46 49

B4 81 80 78 80 78 79 38 37 38

B5 11.7 125 118 113 114 112 54 56 54
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Table 9. Improvement in terms of prediction error reduction of the Artificial Neural Network model
over naive approaches for a 30-min prediction horizon; time frame: 6 a.m-10 p.m.

2392 NAIVE1 NAIVE 2
Building
MAPE (%) WAPE (%) SMAPE (%) MAPE (%) WAPE (%) SMAPE (%)

Bl 12.8 15.0 59 2.2 1.8 1.9
B2 3.8 43 —0.7 13.4 14.7 43
B3 2.1 1.1 0.3 13.8 13.9 5.5
B4 1.8 14 12 14.4 13.7 6.0
B5 13 2.5 0.9 11.9 13.1 45

Table 10. Improvement in terms of prediction error reduction of the artificial neural network model
over naive approaches for a 45-min prediction horizon; time frame: 6 a.m-10 p.m.

o NAIVE 1 NAIVE 2
Building
MAPE (%) WAPE (%) SMAPE (%) MAPE (%) WAPE (%) SMAPE (%)

Bl 7.7 10.1 3.7 2.9 2.0 13
B2 4.9 8.7 12 13.5 14.5 43
B3 1.0 41 0.8 12.0 12.7 4.9
B4 14 3.5 0.8 10.0 9.2 4.1
B5 24 5.1 13 8.7 7.2 2.5

Table 11. Improvement in terms of prediction error reduction of the artificial neural network model
over naive approaches for a 60-min prediction horizon; time frame: 6 a.m-10 p.m.

. NAIVE 1 NAIVE 2
Building
MAPE (%) WAPE (%) SMAPE (%) MAPE (%) WAPE (%) SMAPE (%)

B1 12.8 15.0 5.9 2.2 1.8 17
B2 6.1 8.7 1.4 11.8 12.8 3.8
B3 2.7 6.0 1.6 13.4 13.3 5.2
B4 1.5 3.0 0.8 10.1 9.2 4.4
B5 2.0 35 0.9 5.4 5.6 2.0

Considering the performance of the ANN model on longer prediction horizons, we notice that
errors for 30, 45, and 60 min are lower than five minute forecasts. If the energy provider operations can
benefit from a 5-min prediction horizon, this is proved to be a more challenging task than 30-60 min
horizons. Changing the prediction horizon from 30 to 60 min does not affect significantly the error rates.

Statistical significance of the difference in the values in Tables 9-11 have been computed with the
Student f-test for the MAPE metric. Bold values indicate that the ¢-test has been passed for a p-value
of 0.05. We notice that improvements reported for the 60-min horizon are statistically significant for
all buildings, and they would be significant also for lower p-values, such as 0.01. On the contrary,
the shorter the horizon, the less significant the improvements: for the 45-min horizon, only three
buildings out of five pass the t-test with p-value 0.05, whereas all 5 would pass the ¢-test for p-value
0.10. For the 30-min horizon, again three out of five buildings pass the t-test with p-value 0.05, however
the remaining two buildings would require a p-value larger than 0.10.

Finally, we present a sample of how the proposed work could be exploited in a real-world
district-heating distribution network. The goal of the solution is to be a tool directly available to energy
experts and energy-providing company management to support their decisions in the strategic design

254



Energies 2019, 12, 2933

and expansion plan of the district heating networks, besides the day-to-day operations. In Figure 3,
a district map of building consumption levels with real experimental data is presented for two different
days, December 8th in Figure 3a and December 9th in Figure 3b. Each of the five consumption
levels is a percentage range of the top consumption among the overall population for that day,
and it is associated with a color from green (0-20%) to red (80-100%). The aim is to analyze the
total consumption of each neighborhood in the district under exam, hence grouping together the
single buildings but keeping a fine-grained spatial resolution. While such a map can be produced
for any prediction horizon, the presented results describe a whole day consumption, considering
that December 8th is a national holiday. Specific patterns emerge for residential versus office /public
buildings; for instance, the two neighborhoods at the top-centre of the map had opposite behaviors:
the lower one is green (0-20%) during the national holiday (Figure 3a) and red (80-100%) on the
next day (Figure 3b), and indeed it is a neighborhood of office buildings. On the contrary, the upper
neighborhood is red (80-100%) during the national holiday (Figure 3a), and light green (20-40%)
during the next day, hence showing the behavior of a residential building with most people working
out of home.

(a) December 8th

Figure 3. Total consumption of the buildings in the monitored district, grouped by neighborhood.

The map reported in Figure 4 similarly provides the average consumption per m?>, hence being
useful to estimate the energy efficiency of the buildings. It is interesting to note that during the national
holiday, even if the previously analyzed office neighborhood was green (0-20%) in total consumption
(Figure 3a), it is orange (60-80%) in average consumption (Figure 4a), hence being poorly efficient
when using low total energy. On the contrary, it has a very high energy efficiency on December 9th
(Figure 4b) with a light-green level (20-40%), when it is a top consuming neighborhood (red level
80-100%, (Figure 3b).

(a) December 8th

Figure 4. Average consumption per m® of the buildings in the monitored district, grouped
by neighborhood.
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7. Conclusions and Future Works

In this paper we presented the SPEC (Scalable Predictor of PowEr Consumption) engine to
predict power consumption at large scale. SPEC addresses the full analytic stack and exploits a data
stream approach over sliding time windows to train a prediction model tailored to each building.
It integrates a wide range of algorithms to perform the prediction task both in terms of regression
and classification.

Experimental results, achieved on real data, demonstrate the potential of the proposed approach
in generating accurate prediction model. On average by considering both time frames (complete day
versus only few hours, i.e., transient and steady state phases versus only steady state) the ANN model
outperforms the others with a lower prediction error. These results are promising and demonstrate
the potential of the proposed methodology in addressing the cumbersome task of predicting power
consumption over a sliding window.

Currently, we are extending the current version of the architecture towards a cross-building model
to perform more accurate fine grained value predictions. Furthermore, we are working on enriching
the prediction models with physical model knowledge, to yield better performance in correspondence
of power consumption peaks. Furthermore, we are tailoring the SPEC engine to other energy-related
applications, such as electricity applications.
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