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Abstract

A data-driven model is used to predict one-hour ahead heat loads based on present and recent history of weather and heat
loads. A computationally inexpensive method is built to deliver load forecasting based on existing data quality and resolution
from smart meters. Optimal model formulation is discussed and optimized at 4-hour historical values. The model is trained
and tested against synthetic data from a building energy simulation, resulting in absolute error <4% and RZ values in the range
of 0.92 to 0.94.
©2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

There is an increased research area dealing with building load assessment and forecasting based on smart meter
data. This data is used for many applications such as load profile identification and clustering (Johra et al. [1],
Gianniou et al. [2]), energy signature assessment [3,4], submetering & HVAC system identification [5,6] and control
applications (Bergsteinsson et al. [7]).

With increased reliability, and interconnection, datasets from smart meters, together with meteorological data can
boost our understanding of building load dynamics. One key application is the delivery of short-term data-driven
heat load-prediction methods to Building Management Systems (BMS) to improve efficiency of building operation.
These systems require accurate but computationally inexpensive heat load forecasts of buildings.

Improvements to BMSs are known to produce very relevant energy savings in the range of 7% to 52% (Fong et al.
[8] and Peng et al. [9]). This is highly dependent on the type of building, occupancy patterns, new and benchmark
control models.
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There have been a number of research applications to integrate forecasting into BMSs. Some approaches have
pursued the integration of engineering simulation tools (also known as White-box models) such as EnergyPlus.
These deliver detailed simulations of buildings, but require of extensive modelling work and are still computationally
expensive (Wei et al. [10]). Other alternatives such as semi empirical (also known as Grey-box models) are possible,
where a reduced number of physical equations are calibrated against data. Although there are many examples of
these systems such as (Colombo Paola et al. [11]), there is still a relevant way ahead to standardize model definition
and calibration procedures. Lastly, purely mathematical modelling is also possible, where no physical relationship
is sought, and there is no need of previous knowledge from the building is needed.

This last group is typically labelled as “black box”, and comprise a large set of potential models, comprising
alternatives such as statistical modelling (Caldera et al. [12]), regression and/or Support Vector Machine (SVM),
and artificial neural network (Melo et al. [13]).

Although very powerful, these models need to be applied with care. Considering the suitability of the selected
formulation to each particular application and ensuring the accuracy of the delivered forecasts. Considering the
opaqueness of the methods, an unbiased short-and long-term calibration and operation must be ensured. Once this
is verified, these models are potentially applicable over the vast majority of buildings and implemented in relatively
simple building control systems.

There is however a very relevant risk of overfitting and uncertainty associated with the use of complex, black box
models. Grey-box models such as Bacher and Madsen [14] have successfully calibrated models with 2 dominant
time constants. Considering this, a relatively simple model should be able to perform short-term predictions of the
heat load of buildings, given relatively stable/predictable occupancy patterns. But this concept is yet to be tested,
by selecting the model shape, parameter identification criteria, and range of validity of the model.

In this paper, a simple data-driven model is proposed. It is formulated as an Autoregressive with Exogenous input
(ARX) model. The model provides a one-hour ahead prediction of the heating load based on external information
about the building (ambient temperature, solar irradiation and heat load). These variables are known to be key
explanatory variables for similar models (Dong et al. [15]). Present and lagged values of variables are used. It is
proven that a relatively small number of historical values of the variables substantially improves the quality of the
model. The model is trained and tested against synthetic data from a building energy simulation.

In Section 2, the methodology that have been followed to obtain estimated heating demand is explained. In
Section 3, a brief description of the building is done, followed by obtained results in Section 4. Finally, in Section 5
conclusions are shown, as well as the importance that this work could have for future research works.

2. Methodology

A five-step methodology is defined. Synthetic datasets are created (1), model structure is defined (2) and
calibrated (3). Then the model is used for load estimation (4) and the quality of estimations are evaluated (5).
This process is illustrated in Fig. 1.

1- Generation of
synthetic datasets

Cliamtic data Set of independent
values

Data analysis + Model

segmentation modifications

v
4 - Analysis of he
results

Fig. 1. Stepwise definition of the methodology.

2.1. Generation of synthetic datasets

The dataset is composed by weather (outdoor temperature, solar irradiance) and heat load data with hourly
resolution. ASHRAE IWEC weather data for the cities of Bilbao and Madrid has been used. Heat loads have been
calculated in EnergyPlus v8.9. Specific information on the simulated building can be found in Section 3.
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2.2. Model definition

The model is expected to predict the actual heating load of the building based on climate data and previous heat
loads. To do so, present and lagged values are used as input values. The optimal number of lagged values suitable
for the model is not known. Up to 12 such lagged values are considered, but this figure is optimized in the process.

Lagged values are identified by numerals from 0 (actual value) to 12 (value referred to 12th previous hour). For
heat loads values from 1 to 12 are used as the actual value is meant to be forecasted by the model. A common
naming for the model is defined as ARX_TX_IY_QZ, where X, Y and Z are replaced by the number of lagged
values considered in the model for Outdoor Temperature (X), Solar Irradiation (Y) and Heat Load (Z). The subscript
“n” is used if a specific variable is not used. As an example, (1) presents the formulation associated with model
ARX_T212_Ql.

O0=Co+Cr,xToy+Cp xT1 +Cpyx Iy +Cp, % I} x Co, * O (D
2.3. Model calibration

The calibration is performed through the regression function in R. The model is focused on heating loads, so data
from periods with existing heating load (October to March) are used. This is done so to avoid excessive relevance
of periods with low or inexistent heat load in the regression process. The model is complemented with a low-level
filter, where negative values are corrected to 0.

2.4. Results assessment & validation process

For each model, visual inspection has been complemented with R?, p-value and absolute error have been
calculated. The mean absolute error is used as optimization metric to define the optimum number of lagged values.

Two climates are used so that the climate for Bilbao is used for model calibration while the climate for Madrid
is used for validation.

3. Building description

The modelled building corresponds with a real multi-rise building with 9 floors (8 4+ commercial ground floor),
and 4 dwellings per floor. It exceeds the actual building regulation in Spain, by 38% (heating) and 50% (cooling).
Table 1 provides a brief description of the building, and Table 2 delivers a summary of insulation levels.

Table 1. Description of building’s main characteristics.

Number of dwellings 32

Built Surface 2898 m?

Number of floors 8 + commercial ground floor
Volume to envelope ratio 4.1 m3/m?

Heating Air source heat pumps
Facade openings (%) 30-35

Table 2. Summary of U-values.

Element U-value [W/m2 K]
Walls and floor in contact with outside air 0.263

Roofs in contact with outside air (inclined) 0.596

Roofs in contact with outside air (plane) 0.260

Windows 1.91

Common zone partition 0.522

Building usage is defined through daily profiles in line with the provisions of the building code.

The building has been simulated for the climates of Madrid and Bilbao. These are representative of different
climate zones Csa/D and Cfb/C according to the Kopen-Geiger climate classification and Spanish technical code
respectively.
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4. Results and discussion

Figs. 2 and 3 present the outcomes of the optimal model against the datasets for Bilbao and Madrid. In both
cases, it corresponds with the ARX_T0_In_Q1 model. As expected, maximum heating demand happens in Madrid
(Fig. 2, right), because of its colder weather conditions. The accuracy of the model can be considered as acceptable
for both locations, and to quantify it, absolute error and R? have been calculated.
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Fig. 2. Comparison between estimated and simulated heating demands for Bilbao (left) and Madrid (right).
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Fig. 3. Estimated and simulated heating demands vs. outdoor temperature in Bilbao (left) and Madrid (right).

Considering that there are too many data points in Fig. 3, subsets of some months (January and October) are
presented in Fig. 4.

As identified from visual inspection, the model can estimate the heat loads with high accuracy. Some deviations
in the range of 1-2 kW (<5% of full load) are observed for extreme cases. With high loads (i.e. >80% of full load),
estimations are lower than the actual load, while the opposite happens with low loads (i.e. <30% of full load).

Fig. 4 (right) shows the warmest month in which heating system is working (October) for Madrid. As expected,
maximum heat load is much lower than January’s maximum value, and there is a remarkable amount of null heating
loads. The error made month by month will be analysed further.

Regarding the determination of the optimal number of coefficients, only one lagged value is taken for the heat
load of the building. While the inclusion of this coefficient showed a great improve in the performance of the
models, further inclusion of lagged values did not show any relevant improvement.

The determination of the number of lagged values to be considered for Temperature and Irradiance signals has
been performed based on the assessment of the resulting model absolute error. For the determination of absolute
error, all the models of the same inclusion depth (i.e. all the models with 5 lagged Temperature signals) are
considered, their absolute error is calculated, and then an average of these is performed.
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Fig. 4. Estimated and simulated heating demands vs outdoor temperature in January and October (Madrid).

Table 3. Average absolute error (kWh) depending on the inclusion depth on lagged values of Temperature and Irradiance.

Lag 0 1 2 3 4 5 6 7 8 9 10 11 12
Temperature 0,45 0,57 0,57 0,57 0,58 0,59 0,62 0,64 0,65 0,65 0,65 0,65 0,65
Irradiation 0,56 0,58 0,58 0,58 0,58 0,59 0,60 0,60 0,60 0,61 0,61 0,61 0,61

Table 3 presents average absolute error of models with varied inclusion depths lagged values of temperature and
solar irradiation signals. For both signals, the error increases slightly with every addition of lagged values. Although
using only present information (i.e. Ty or Iy) minimizes the error, this configuration is potentially too exposed to the
impact of weather forecasting errors. Thus, a regression model which consider the short-term history of the local
weather conditions is preferred, with an ARX_TX_IY_QI1 configuration. As per the data in Table 3, lagged values
in the 0—4 ranges are proposed both for Temperature and Solar Irradiation. In Fig. 5, monthly model outputs are
summarized against the original simulation data. Estimation made by models with minimum (T, Iy) and maximum
(T4, 1) lagged values are shown. It can be seen that both models present similar output quality.

Comparison between estimated demand and calculated demand by
DB (per month/two models)

December
November
October
April
March
February
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0 1000 2000 3000 4000 5000 6000
Heating demand (kWh)

Month with heating system working

RL_T4_14_.Q1 m®mRL_TO_I0_Q1 mDB heatload

Fig. 5. Comparison between different models per month.

The model quality is assessed with R? and p values, as well as model error. p-values show that the model is in
good agreement with the data, with values well below 0.05 in all cases. R? values are in the range of 0.92 to 0.94.
Model error is in the range of 2.5% to 4%. In Figs. 6 and 7, the evolution of R? and model error is shown.

As a result, it has been mathematically verified that the proposed models can estimate properly the heat loads
of the building. Moreover, as shown in Fig. 5, the model’s accuracy improves for high heat loads.
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Fig. 7. Absolute error depending on T (left) and I (right) lagged values.

Considering the large number of considered model variants (35), detailed model information is omitted from this
section. The coefficients of the most relevant configurations are presented in Table 4.

Table 4. Coefficients of ARX model.

Model Co Cro Cry Cr2 Cr3 Cry Cpo Cn Cp Cp3 Cu Coi

ARX_TI1_10_Q1 2,3241 -0,1641 - - - - - - - - - 0,8730
ARX_T4_10_Q1 2,1470 —1,2899 11,3501 0,3227 —-0,6801 0,1377 - - - - - 0,9067
ARX_TI1_I1_Q1 11,6335 —0,0860 - - - - —2,2504 - - - - 0,8996
ARX_T4_11_Q1 2,1292 —-1,1979 11,2935 10,3168 —0,6804 0,1199 —-0,8630 - - — - 0,9063
ARX_TI1_I4_Q1 2,2252 —-0,1466 — - - - —5,9987 3,4415 0,3067 2,3868 —1,5378 0,8946

ARX T4_14_Q1 19586 —1,1356 11,1388 0,2987 —0,5537 0,1181 —3,2692 2,7900 0,1906 2,3589 —3,0852 0,9137

5. Conclusions and future work

This paper presents an ARX model which performs a short-term prediction of heat loads in buildings. A model
accuracy better than 4% is achieved over heating loads during winter periods.

The presented analysis assessed the accuracy of various model formulations with present and recent past
observations of heat load, temperature, and solar irradiation. It is identified that the use of recent history (up to
4-h historical data) results in an accurate and stable forecasting tool. The model has been calibrated and validated
with simulation data from a multi-rise building for two cities.

The model construction does not require any a-priori knowledge on the building (i.e. size, geometry...), so it
can be used to model any heat load independently such as heat load data coming from smart meters. At the same
time, the presented method does not require large computational efforts, allowing for its deployment over large sets
of buildings at district and urban levels.

The present method has been developed using simulation data, with stable indoor climate and user patterns.
Accordingly, to achieve the aforementioned applications, further research is needed to integrate the variability
present in real-life data. This implies that further refinement will be required in to integrate thermostatic daily
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and weekly cycles, variable occupant behaviour, and testing against data from real buildings. At the same time,
the method is focused in winter performance. This implies that methods for the segregation of winter and summer
seasons are needed, along with suitable models for the forecasting of loads in summer periods.
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