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A Novel Hybrid Technique For Building Demand Forecasting
Based On Data-driven And Urban Scale Simulation Approaches

Giovanni Tardioli’2, Ruth Kerriganl, Mike Oates!, James O’Donnell2, Donal P. Finn?
1: Integrated Environmental Solutions (IES) R&D, Dublin, Ireland
2: School of Mechanical & Materials Engineering, University College Dublin, Dublin, Ireland

Abstract

This paper presents a novel feature engineering proce-
dure to generate case study specific input variables for the
training of data-driven models used to predict the heating
demand of blocks of buildings. Traditionally, predictive
model training is performed using sets of data from sen-
sors (e.g. weather stations, metering systems). Feature
engineering procedures such as the inclusion of innova-
tive predictive variables in the forecasting framework are
generally not considered. The method presented in this
paper exploits results of calibrated physics-based building
energy models that are included as an additional indepen-
dent variable in combination with the traditional sets of
predictors in an innovative forecasting framework. The
method is tested on a district case study of the city of
Geneva (CH) served by a district heating network. Results
show that the presented approach improves the quality of
the forecasting outcomes of state-of-the-art predictive al-
gorithms. In this context, the accuracy of the simulation
outputs affects the predictive capability of the presented
forecasting procedure. In addition, normalised informa-
tion derived from substation of the heating network of the
district are informative for the predictive model.

Introduction

Buildings have been identified as one of the major energy
consumers in urban environments (Kylili and Fokaides,
2015). Heating and domestic hot water usage are amongst
the major power-intensive processes in buildings (Sharif
et al., 2015). Among possible strategies that could fos-
ter urban scale energy efficiency, district heating networks
cover a primary role (Lund et al., 2014). An optimised
design and operation of district heating systems can be per-
formed by evaluating demand profiles of groups of build-
ings (blocks or clusters) which will be served by network
substations (Marquant et al., 2018). Accurate forecasting
is crucial to facilitate the correct use of the network, and
to design energy saving techniques such as storage sys-
tems and optimised unit commitment of generation plants
(Short et al., 2017).

Nevertheless, an evaluation of building demand at dif-
ferent time horizons and granularities is a difficult task
due to unpredictable phenomena (such as uncertainties in
weather variables and building occupancy) or operations

and control system constraints of the network (set-back
temperatures, partial-load periods, inactivity due to legis-
lation requirements, etc.) (Noussan et al., 2017). Thus,
methods to enhance the predictive capability of forecasting
techniques are important.

From a building perspective, physics-based simulations
and data-driven approaches (Zhao and Magoules, 2012)
are used to characterise the heating demand at a single
building level. Inrecent years, many urban scale modelling
approaches based on building physics modelling have been
presented (Eicker et al., 2015; Kazas et al., 2017). On the
other hand, data-driven models (DDM), offering high lev-
els of accuracy when historical data are available, are used
to take into account occupant behaviour and control opera-
tions, and therefore, are mostly employed at an operational
stage of the building (Wei et al., 2018). Nevertheless, they
rely on the available building data, thus, dedicated meter-
ing systems or sensors are required (Molina-solana et al.,
2017).

One of the major limitation of DDM techniques is the
requirement in terms of large datasets for model training.
Moreover, contrary to building physics modelling, DDM
models are neither suitable for scenario evaluation nor for
investigation of innovative design options. The quality of
the predictions of DDM is directly related to the quality
of the training datasets, as well as the selection and inclu-
sion of training variables. Therefore, the use of feature
engineering procedures and input selection methods to en-
hance the predictive capability of the forecasting method is
a fundamental step to enhance the accuracy of the predic-
tions. In this paper, an innovative use of building physics
simulation, used as value-added data service, is presented.
The hypothesis of the current work is that building physics
simulation can process the available data by creating infor-
mative variables at different time and space granularities,
that can be included in a predictive framework to enhance
its accuracy. Therefore, three objectives are addressed in
this paper:

1. torecordif an improvement in the quality of the predic-
tion of data-driven techniques occurs when indepen-
dent variables are augmented with simulation results
from building energy models;

2. to test if an improvement of the outcomes from build-
ing energy modelling, assessed by using comparisons




Nomenclature

ACH  Air Change Per Hour
ANN  Artificial Neural Network
BEM Buildir}% Energy Model

CVRMSE Coefficient of Variation of the Root Mean Squared
Error
DDM  Data Driven Model

DHN  District Heating Network

DHW  Domestic Hot Water

GLR  Generalised linear regression

HVAC Heating Ventilation and Air Conditioning

MAPE Mean Absolute Percentage Error
MBE  Mean Bias Error
MLR  Multiple linear regression

N Number of predictions
p predicted value
R? Coefficient of Determination

RMSE Root Mean Squared Error
RNF  Random Forest

SVM  Support Vector Machine
y Metered value

with metered data, can generate an increment of the
importance, as a predictor, of the simulated demand in
the predictive framework;

3. to test if metered data collected from similar build-
ings can constitute useful information to enhance the
prediction accuracy of the predictive modelling work-
flow.

The research methodology and the main objectives of the
current paper are tested using a district of the city of
Geneva (CH) as case study.

Literature Review

Table 1 provides an overview of the main applications
of DDM in the building energy sector for prediction of
building heating requirements. The table is divided into
algorithms, main inputs, outputs, resolution of the target
variables, scale of the analysis and level of aggregation of
the case studies.

There are many examples of the use of DDM in the lit-
erature for the forecasting of building heating demand
(Ahmad and Chen, 2018). Although, there has been a
growing interest among researchers in studying DDM for
design purposes (Chou and Bui, 2014), the majority of
the studies focus on the operational phase of the building
(post-occupancy) where predictive models can take into
account past occupant behaviour (Li and Wen, 2014).

Residential buildings, together with commercial and uni-
versity buildings, are the most investigated building ty-
pologies (Powell et al., 2014). Aggregated case study are
investigated gathering measurements of heating demand
at generation points or sampled at substation level with an
hourly time resolution (primary-secondary network con-
nections or at customer point connection) due to sensors
measurements availability (flow meters and thermocou-
ples) (Noussan et al., 2017).

In terms of predictive resolution, the majority of the stud-
ies focus on prediction at a hourly time step, followed by
daily and monthly forecasts. Generally the resolution of
the target variable is at a hourly time step. Intra-hour
prediction studies for heating demand forecasting are very
rare and missing (Kapetanakis et al., 2017).

In terms of time horizons, studies focus on short time pre-
dictions such as hourly and next day load forecasting on
next week analysis (Rahman and Smith, 2018). Common

parts of these studies is that for an extension of the pre-
diction horizon the predictive error tends to increase due
to a lack of supportive/informative measurements. Artifi-
cial Neural Networks (ANN), Multiple Linear Regression
(MLR), Support Vector Machines(SVM) are amongst the
most used predictive algorithms. Emergent, innovative
predictive techniques are deep-learning methods and en-
semble learning approaches (Suryanarayana et al., 2018).

In terms of input selection (features), the majority of the
studies focuses on ’filters’ and "wrappers’ approaches. Ta-
ble 1 shows that heating demand forecasting is performed
using a small number of predictors. In particular, vari-
ables related to weather conditions are largely employed.
Particular control methods, such as partial load operation
during summer time or particular set-back temperatures at
night-time, can partially de-correlate heating demand from
external temperature. Time information, such as day-type
(working day, week-end, holidays) and time of the day
(hour), are recurrent categorical variables for prediction.
Past consumption is used in different cases as an additional
predictive variable of building demand. This is included
as previous hour demand, previous day demand, etc. A
large part of the studies includes ad-hoc predictors which
are in most of the cases occupant related information.

Enhancements in the quality of the predicted demand at
aurban scale can generate energy and cost savings. So far,
new independent variables have been investigated or pro-
posed as additional predictors in machine learning frame-
works. In this study, two innovative predictive variables
are considered to support prediction of groups of building
heating demand: aggregated simulation outputs of blocks
of buildings and a normalised heating demand of all the
substations of the district.

Methodology

The proposed methodology consists of three main steps
as shown in Figure 1.

1 Physics based modelling.

Building data from different sources of the case study
are collected and organised in a database. Physics-based
modelling is used for the development of energy models
of single buildings, as part of a building block.

An automated urban scale building energy modelling ap-
proach, hereafter called AUSBEMA has been developed.
Accurate details of the modelling capabilities of the large-



Table 1: Literature review Table on DDM applied in the building energy sector

Case studies and models Inputs Time Output
Weather variables variables | Other Demand
E = F‘E 8 1: — % [
Ref. Case Algorithms Resol. 5 § 5 &8 % & 3 g £
Study 5 2 oz s B ©oA T o O
o
= < )
Naji et al. (2016) Res X X Annual X H,C
Macas et al. (2016) Offi X 12 hours X X X X X X X H
Sholahudin and Han (2016) Res X Hourly X X X X X H
Al-shammari et al. (2016) Mix Hourly X X X H
Idowu et al. (2016) Mix X X X Hourly X X X H
Song et al. (2017) Camp X X Hourly X X X X X X X EH
Gunay et al. (2017) Offi X X Hourly X X X X X X X X X H
Rahman and Smith (2017) Comm X X X Hourly X X X X X X X X H
Dahl et al. (2017) Mix X Hourly X X X X X X H
Paudel et al. (2017) Res X Hourly X X X X X H
Fan et al. (2017) Edu X X X Hourly X X X X H
Yuan et al. (2018) Mix X X Daily X X H
Suryanarayana et al. (2018) Mix X X X Hourly X X X X X H
Geysen et al. (2018) Mix X X X Hourly X X X X X H

scale simulation method are provided elsewhere (Prieto
et al., 2019). The automated approach uses building data
of the city case study to generate input files for dynamic
simulation in EnergyPlus. A Python script maps and repli-
cates the simulation template (idf file), enriching it with
information from the case study. To achieve this, the model
uses data including the geo-location of a building, the 3D
model of the city (CityGML, LOD?2) and information from
different datasets of the urban building stock. Starting from
the 3D geometry, the script can include in the input file of
the simulation, a multi-zone representation (one zone for
each floor) of the building, a simplified description of the
heating and domestic hot water systems and can take into
account the urban environment in terms of surroundings,
adjacencies and shading scenarios of the target building.
The outcomes of this step are a set of energy models of the
buildings in the case study that can be used for simulation.

Simulations are aggregated to generate heating load pro-
files of the groups of buildings. An evidence based ap-
proach for manual calibration is used to tune building en-
ergy modelling parameters and match as much as possible
the profile of the metered data. Metrics based on the
ASHRAE guidelines 14-2014, i.e. CVRMSE and NMBE,
are used to define the quality of the simulation results
(ASHRAE, 2014). The metrics are described as follows:

Jr SN i - pi)?
y

where N is the total number of predictions, y is the actual
value of measurement i and p is its predicted value and y
is the average value and,

CV(RMSE) =

ey

1 >N i = pi)
y
where N is the total number of predictions, y is the actual

NMBE = @)

value of measurement i and p is its predicted value and y
is the average value.

2 Data-driven modelling.

Metered data are collected from the building case studies
(district heating substations) and stored in a database, then
pre-processed and structured. Based on the control system
of the district heating network, it may be useful to structure
building demand profiles on the basis of three periods of
operation: winter, summer and a transition period, spring-
autumn.

A normalised district average profile is evaluated by ag-
gregation and normalisation of the available metering in-
formation. This is used to derive an average hourly profile
of the entire network. Various predictive algorithms are
tested (ANN, MLR, SVN, RNF). These models are con-
sidered as the reference approaches (baseline methods) to
estimate the improvement derived by including the two
additional variables in the training phase. To estimate
the prediction capability of each model, five metrics are
used: Mean Absolute Percentage Error (M APE), Root
Mean Squared Error (RMSE), Coeflicient of Determi-
nation (R2), Coefficient of Variation of the Root Mean
Squared Error (CVRM SE) and the Normalised Mean Bi-
ased Error (NM BE). Considering each of these, they can
be defined as:

1 N
MAPE = NZ:‘
P

Yi — Di
Yi

- 100 3)

where N is the total number of predictions, y is the actual
value of measurement i and p is its predicted value;

RMSE = (€]
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Data-driven
modelling

Combined approach

1. Physics-based modelling
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Selection of the case
study, data gathering

1.2
Development of
single building
energy models

13
Multi-scale simulation
and aggregation of
load profiles

3.2
Load forecasting

3. Combined method

3.1
Combined use of
simulation and
forecasting methods

33
Improvement
assessment

21
Definition of the case study,
data gathering, structuring
and preprocessing

Data mining and analysis,
development of a
normalised district profile

Development of a
baseline predictive
model

Figure 1: Methodology overview: main steps of the proposed combined modelling approach

where N is the total number of predictions, y is the actual
value of measurement i and p is its predicted value;

_ SSres _ - N i - pi)?
SStor >N i =)

where SSrEs is the residual sum of squares and SSror is
the total sum of squares, N is the total number of predic-
tions, y is the actual value of measurement i and p is its
predicted value and y is the mean value.

R2=1 (5)

Visualisation techniques are used to further judge the
quality of the emulators, such as actual versus predicted
plots. A procedure for the training of the predictive model
is described in Figure 2. Data are initially split in a training
and testing dataset (respectively 70 and 30% of the total).
The predictive models are trained on the training sample.
The training procedure is performed by using a 10-fold
cross validation technique to automatically tune algorith-
mic parameters and select the best performing method.
The out-of-sample dataset (30% of the initial dataset) is
used to estimate the effective prediction capacity of each
algorithm and to avoid overfitting. The final accuracy mea-
sures evaluated in the testing set rank the best algorithms.

Automatic tuning
and automatic
models selection
T

10 fold cross
validation

Training

Set of NMBE

Selection of
DHN the case
database study

Testing

Selection of
the best
performing
algorithm

predictive
T
Residual
visualisation

models
Figure 2: Modelling steps for the development of predictive
models using data-driven techniques

In a second step, the importance of each predictor is
considered and evaluated with a wrapper method: LASSO
(Fonti and Belitser, 2017).

3 Combined method.

Building simulation results and data collected from sim-
ilar buildings are included as additional predictors in the
predictive approach. Model creation follows the same
steps described in 2. The quality of the prediction is as-
sessed training the predictive model on the training dataset
augmented by simulation results. Importance of the pre-
dictors is assessed using the LASSO method. Several tests
are performed at different time horizons to assess the qual-
ity of the predictive technique. Predictor importance is
assessed for different groups of buildings in the district
case study to identify relationships between quality of the
simulation results and forecasting quality.

Case study

The district of Meyrin of the city of Geneva is considered
as the case study for testing the research methodology. A
large part of the buildings in the case study is supplied by
a district heating network. The operating temperature at
substation level is on average between 115°C in winter and
87°C in summer, when the network is operated at partial
load. The majority of the buildings of the district are res-
idential multi-family and single-family houses. Although
mixed-use and commercial buildings are also present in
the district, in this study, three blocks of residential build-
ings were considered. Each building block consists of: 4,
14 and 5 buildings, respectively. Each block of buildings
is served by a different district heating substation. A sum-
mary of the information regarding the three different case
studies is provided in Table 2.

A physics-based simulation method is used to model the
three different building blocks after gathering data from
the case study. An evidence based approach based on
recursive parameter adjustment is used to calibrate the
energy models. A summary of the modelling information
used for the three case studies is provided in Table 3: An
example of load profile for one of the group of buildings
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Table 2: Building block

Case study (buildings) Block 1 Block 2 Block 3
Buildings 4 14 5
Heating surface [m?] 7317 18187 7565
Volume [m?] 25368 63741 23561
Peak Load (2014)[kW] 245 890 398

within the network is provided in Figure 3.

Metered heating deman: annual daily pattern
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Figure 3: Example of heating demand profile of substation
1 supplying a residential block of buildings in the district
case study.
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Figure 4: Normalised average daily heating profile Pporm
for the year 2014 of all the substations in the district case
study

Comparison of metered and simulated annual heating demand profiles
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Figure 5: Example of comparison of simulated versus
metered heating profiles for a substations case study

An average profile of the heating demand for the network
is evaluated. The average profile is calculated using the
following equation:

N
1 PSij
P - _ T
norm TN ; Pmax;

Vi e (1,8760) (©6)

where, N is the number of substations in the district case
study (45 substations), Ps; ; is the metered profile at time
stepi of substation j, Pmax; is the max profile of substation
j. The heating profile of the network presents an irregular
trend, when averaged across all the substations, due to
different operating conditions in terms of final use and
customers behaviour of the single substations. Therefore,
a smoothing approach was used to derive a final trend.
The profile is evaluated using an univariate interpolation
method. A cubic equation (y = ax> + bx? + cx + d) was
used to fit the annual normalised profile for each hour of
the day for the entire year. The result of the smoothing
process is shown in Figure 4.

Results
Physics based modelling

An example of the comparison between metered data and
the aggregated profile of a group of buildings is shown in
Figure 5. Table 4 summarises the error metrics associated
with the calibration process in terms of CVRMSE and
NMBE. Results show different levels of accuracy achieved
by the simulation models for the different case studies.

With reference to Table 4, and considering the qual-
ity guideline indicated for hourly calibration (ASHRAE
Guideline 14.2014: CVRMSE < 30%, NMBE < 0.1), in
some instances and seasons, the models are able to achieve
measures in the range of acceptability of calibrated simula-
tions. The summer period is the most difficult to simulate
given the low and variable heating demand of the building.

Data-Driven modelling

As explained in part 2 (Data Driven Modelling) of the
research methodology, a full data-driven model is trained
on the available data. Figure 6 shows the results for one
substation and for one week in winter. It is evident that
all the predictive models are able to provide quite accurate
forecasting when employed for predictions at short time
horizons and supported by weather information and histor-
ical demand of the buildings connected to the substations.
However, when the operation of the network is decoupled
from the external temperature trend, the predictive error
can be high (summer periods).

In terms of residuals (Figure 7), for the case study consid-
ered, the predictive model generates distributions centred
on 0, attesting that the models are well trained and a low
or absent bias is generated during the training phase with
small noise learnt by the predictive algorithms. An ex-
ample of the hierarchy of the strength of the predictors
evaluated with the LASSO method is shown in Figure 8.
Results attest the importance of the past demand of the net-
work as well as the outside temperature to predict future
heating demand. The average demand of the network is
a useful predictor and it ranks quite high on the hierarchy
list. An analysis of additional results (not reported here)
attests that in several occasions the average profile of the
network covers a higher place than the external dry-bulb
temperature. It is time dependent and it seems to have a
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Table 3: Modelling parameters utilised in Meyrin case study

Name Units Period of construction

Before 1919 1945 1946 1960 1961 1970 1971 1980 1981 1990 1991 2000 2001 2005

1919
U-values ext-wall W /Km? 1.40 1.8 1.35 1.20 0.63 0.48 0.29 0.21
U-values roof W /Km? 1.30 1.20 1.18 0.85 0.54 0.46 0.29 0.21
U-values ext-ground W /Km? 1.48 1.30 1.27 0.85 0.55 0.46 0.29 0.21
U-values int partitions W /Km? 1.86 1.44 1.40 1.40 0.65 0.56 0.29 0.21
U-values windows W/Km2 3.50 3.50 3.30 3.30 2.50 2.50 1.40 1.40
Infiltration ACH 1.5 1.2 1 0.95 0.85 0.65 0.55 0.45
Occupancy mz/person 30 30 30 30 30 30 30 30
Lighting intensity W/m2 35 35 35 35 35 35 35 35
Equipment intensity W /m? 15 15 15 15 15 15 15 15
DHW efficiency %o 0.75 0.75 0.8 0.8 0.85 0.85 0.9 0.9
Water use m3/s 10-5 1073 1073 1073 1073 1075 1073 1073
Heating set point °C 20 20 20 20 20 20 20 20

Table 4: Quality of the simulation outcomes achieved dur-
ing the training period for different seasons

Case Average Average Season CVRMSE% | NMBE
study CVRMSE% | NMBE|-] [-]
Win 13.54 0.027
Subl 32.93 -0.02 Spr/Aut 37.15 0.077
Sum 48.12 -0.044
Win 10.09 0.022
Sub2 19.93 0.0073 Spr/Aut 274 0.039
Sum 2231 -0.039
Win 16.1 0.033
Sub3 2223 0.023 Spr/Aut 34.9 0.028
Sum 15.7 0.01

Table 5: Quality measure of a full Data-Driven approach
for a substation case study.

Seasons MAPE RMSE CVRMSE| R7?[-] NMBE
[-] (kW] To [-]
nnet 21.28 20.66 15.03 0.70 0.030
svm Winter 19.70 18.69 13.59 0.76 0.010
glm 21.24 20.36 14.81 0.71 0.020
rnf 20.05 19.87 14.45 0.72 0.040
nnetl 29.90 19.48 24.86 0.75 0.120
svml Spr_Aut 29.87 16.52 21.09 0.82 0.010
glml - 41.81 20.02 25.55 0.73 0.060
rnfl 27.19 17.17 21.92 0.80 0.090
nnet2 102.63 8.76 31.29 0.67 0.030
svm2 Summer 84.83 8.74 31.22 0.67 0.050
glm2 255.33 9.42 33.65 0.62 0.010
rnf2 238.66 8.96 32.00 0.65 0.070

stronger influence during winter and spring-autumn sea-
sons. Five accuracy measures have been evaluated for each
model: an example is reported in Table 5.

The predictive models perform better during winter time
and for short time horizons (not included in the table). Non
linear models are the ones with the best predictive capabili-
ties. The CVRMSE and NMBE are, for the majority of the
time, below the ASHRAE guidelines (CVRMSE < 30%
and NMBE < 0.1).

These results will be used as baseline for examine the
effect of introducing simulated demand as predictive vari-
able to the forecasting framework.

Combined approach

The analysis of predictor importance using the wrapper
method is repeated a second time to estimate the hierarchy
of the predictors, when simulated demand is added to the

set of independent variables. Results are visualised for the
next hour time frame horizon, as shown in Figure 8.

As indicated in Section 2, the importance of the variables
for the prediction of building demand was evaluated using
the LASSO method. The outcomes of the algorithm were
further processed for practical visualisation purposes using
a max-min normalisation method. This result is indicated
with the variable AAYimportanceAAZ as per Figures 8 and
9 and it enables the visualisation of the predictive hierarchy
of the variables in a 0-1 range.

The simulated demand in the case presented here (but
also in most of the cases investigated) ranks very high in
the list of predictors. In most of the cases, it covers a
role higher than the external temperature underlining the
capacity of the simulation method to act as informative
value added data service for the data-driven approach.

Percentages of improvement with respect to the baseline
predictive model are shown in Figure 10 and 11. With ref-
erence to the figures, the results show that in the majority
of the three case studies and in most of the time horizons
considered in the analysis there is an improvement of the
predictive capability of the models when the simulated
demand data is added to the forecast model compared to
the baseline predictive algorithm. These results are not
always valid for all the predictive methods. Generally, the
predictive models which achieve best performance in the
baseline approach are positively affected by the inclusion
of the simulated demand. Models which do not perform
well in the predictive phase may not be affected by the
inclusion of simulated demand. Interestingly, overall, the
final prediction capability achieved selecting the best per-
forming methods is in many cases improved. Percentage of
improvement can reach up to +10% in terms of comparison
with CVRMSE and R? of the baseline model.

Conclusion

The main objective of the current paper was to show how
building simulation can have an important role in fostering
the prediction capabilities of a forecasting method. This
was tested by predicting building blocks heating demand
in a district heating network. In this study, simulation
methods act as a value added data service for predictive
modelling. Results show that the average district heating
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Figure 10:  Percentage of improvement for the

CVRMSE[%] and R2 compared to the baseline model
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Figure 11: Percentage of improvement for the NMBE com-
pared to the baseline model

profile covers an important role as predictor when included
in a traditional forecasting framework.

The predictive methods augmented by the inclusion of
simulated demand achieve substantial improvements in
some cases. Results show that the quality of the simu-
lated demand is an important aspect to foster the quality of
the predictions. Nevertheless, although the results of the
proposed approach are promising, there are a series of lim-
itations which should be further investigated in future stud-
ies. A more robust calibration approach should be carried
out to test how the importance of the simulated demand
changes at different stages of model calibration. Higher
quality of the simulated demand could further improve the
prediction capability of the data-driven model. A map-
ping procedure could be considered to test how building
information, elaborated by the energy model, influences
the results of simulations and subsequently the predictive
capability of the simulated demand. This may advice the
energy modellers on the best trade-off between predictive
accuracy and time required for the creation of calibrated
building energy models for heating demand forecasting.
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