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ABSTRACT

With the growing increase in the population and comfort demands of people, the world’s energy
consumption and associated COz emissions are increasing rapidly. Taking that into account, several
energy efficiency measures in buildings are required during Building life-cycle concept. However, once
the building operates, it shows the existence of mismatch between the predicted and real energy
consumption, which is known as “Energy Performance Gap”. Hence robust prediction of building
energy consumption is crucial for improved decision making towards building energy consumption and
CO2 emissions.

This paper describes the development and uptake of the data driven thermal network building
simulation approach and its applications for making simplified thermal models of buildings by means of
RC network, thermal resistances (R) and capacitances (C). Through critical literature review, the study
investigates the advantages, disadvantages, and improvements of different building energy simulation
approaches. Further, within the framework of lumped parameter RC approach, we conclude some
new proposals to expand the application of the lumped parameter RC modelling approach to other
engineering and energy management fields.

INTRODUCTION

People spend approximately 90% of their lives indoors. Thus, it is very important to maintain safe,
healthy and high level of comfortable conditions in buildings—our living and working environments.
However, to maintain these comfortable thermal conditions in buildings, a substantial portion of the
world’s energy consumption is required. In fact, approximately 40% of the world’s energy consumption
and nearly a third of greenhouse gas (GHG) emissions are associated with the building sector(Zuo et
al. 2012). The EU’s total energy consumption can be reduced by 5-6% and lower CO2 emissions by
about 5% by renovating existing buildings (BPIE 2011). And therefore, prediction of energy
consumption is very much crucial for improved decision making towards policy maker, reducing
energy consumption and to fulfil the EU ambitious energy efficiency targets. However, building energy
forecasting remains to be a challenging task due to the various factors which effect the consumption,
for instance the physical properties of the building, the outdoor weather conditions, the installed
equipment/s, and the behaviour of the occupants (Kwok 2011). And sometimes, it might lead to
performance gaps (De Wilde 2014) which are caused by over estimation of the input values, poor
assumption or lack of data , lack of proper knowledge and skills in construction industry, facility
managers etc.(Burman et al. 2014)(Bordass et al. 2004)

Broadly, building simulation approach is widely used to predict the energy consumption in the various
buildings stock. And generally BES approach is broadly divided in two main categories i) Physical
models (Fundamentals 2013)/engineering methods (Zhao & Magoules 2012)/ white box models
(Coakley et al. 2014). ii) Data Driven approach , also known as inverse modelling approach (Foucquier
et al. 2013). Further, and we have discussed BES approaches in detail in the section 2.

White box models are suitable when the physical knowledge of the system is known and that's why
they are also known as “Physical model’, and are based on detailed building environmental
parameters such as building construction details, operation schedule, HVAC design information etc.
And are most suited in the early design analysis phase of the building and for new construction
(Hootman 2012). However, problem arises to this approach is when detailed data is not available to
the users at the time of simulation and then failure to provide accurate inputs causes poor prediction.
Additionally, the computational cost of these software is relatively high.

On the other hand, Data-driven building energy modelling approach rather learns from the available
data for prediction. This approach is useful for existing buildings, old buildings. Nevertheless of having
possible limitations( Discussed in the section Building Energy Simulation ), Data-driven building




energy modelling approach has gained a lot of research attention in building sector in recent years
(Dimitriou, Steven K Firth, et al. 2015)(Westphal & Lamberts 2004). In response, several review
studies have been published on Data-driven approaches. For instance recently (Amasyali & EI-Gohary
2018) focussed on the machine learning algorithms, SVM (support vector machines, ANN (artificial
neural networks, decision trees and other statistical algorithms. Prior to this study, Fumo (Fumo 2014)
summarized the classification of various building energy prediction methods and focussed on the
review of model calibration and verification and weather data used for modelling. Before Fumo, Zaho
et al. Classified building energy prediction methods as engineering methods, simplified engineering
methods, statistical methods, ANN methods, SVM, statistical methods and grey box models (Zhao &
Magoulés 2012).

Despites of these rigorous efforts, there still a lack of review studies that analyses the lumped
parameter modelling approach and its potential towards the building community. To address this gap,
this paper offers a review of grey box lumped parameter approach. This paper describes the
development and uptake of the thermal network and its applications for making simplified thermal
models of buildings by means of RC network, thermal resistances (R) and capacitances (C). Through
critical literature review, the study investigates the advantages, disadvantages, and improvements of
different building energy simulation approaches. Further, within the framework of lumped parameter
RC approach, we conclude some new proposals to expand the application of the lumped parameter
RC modelling approach to other engineering and energy management fields.

BUILDING ENERGY PERFORMANCE SIMULATION

The Energy performance calculations are mostly done by Building Energy Simulation (BES) and the
key essentials of the BES are prediction, cost and reliability as shown in the Figure 2.

As shown in the Figure 1, Generally, there exist two types of BES approach a) physical modelling
approach/ White Box and b) data-driven approach/ Inverse Modelling (Fundamentals 2013)(Foucquier
et al. 2013). Physical models (also known as engineering methods or white-box models) rely on
thermodynamic rules for detailed.
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Figure 1 Explanation of Law-Driven and Data Driven (adapted from (Coakley et al. 2014)).

Energy Plus, e-Quest, and Ecotect are some software which uses physical modelling approach and
are mostly used in the design phase (refer Figure 2).These types of software calculate building energy
consumption based on detailed building and environmental parameters such as building construction
details; operation schedules; HVAC design information; and climate, sky, and solar/shading
information (Zhao & Magoulés 2012).
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Figure 2. Role of BES approaches in building construction phase.

On the other hand, Data-driven building energy modelling (refer figure 1) approach, does not perform
such energy analysis or require such detailed data about the simulated building, and instead learns
from historical/available data for prediction. And are mostly used in the operation phase of the
buildings. Data-driven energy consumption prediction has gained a lot of research attention in building
sector in recent years (Dimitriou, Steven K Firth, et al. 2015)(Westphal & Lamberts 2004) . It can more
accurately capture as- Built system performance because of deduction of model parameters from
actual building performance. Forward modelling is extensively used for building modelling and design
optimization generally suitable for design phase of the Building. Data Driven modelling is being used
for existing Building for establishing the baselines and calculating the retrofit savings.

For both approaches, forward and data-driven, the models can be steady-state or dynamic (Figure
3)and are the two main approaches for determining the annual energy consumption of buildings.
Steady-state models do not consider the transient effect of variables and is good for analysis in time
steps equal or greater than 1 day. On the other hand, Dynamic models can track peak loads and are
useful to capture thermal effects.

Building modelling
approaches

Law Driven/Physical

modelling Data Driven/Inverse

Dynamic State

Response Factor Series

Steady State Dynamic State
! Steady State
Degree Day Fourier Analysis

ariable Based Degree Day BEVA RS SolUlEr AR
Method ARMA Model
‘ Computer Simulation
Bin Method P BEVA

ASHRAE TC4.7

Hybrid methods Modal analysis

ULl sl Differential Equations

Modal analysis . - ‘
ysis Computer Simulations
Hybrid methods
Thermal Network

ANN

Figure 3. Commonly used methods for physical and data driven building modelling approaches



The stationary heat balance equation is a well-known approach for making steady-state models. This
method provides a summary of the outside temperature’s effects on the building’s constant indoor air
temperature. While, in some specific cases, the heat loss coefficient and the efficiency of the HVAC
system are affected by the outside temperature, the steady-state model is considered for different
temperature intervals and time periods: this is called the Bin method (White & Reichmuth 1996).

The dynamic approach generally includes the thermal network method, modal analysis, differential
equations, autoregressive moving average modelling (ARMA), Fourier series, and Hybrid methods etc
(Foucquier et al. 2013)(Zhao & Magoulés 2012)(Beli¢ et al. 2016).

Black-box modelling bases the model solely on response data (monitoring of the building) The most
popular black-box approaches for prediction and forecasting at building level are (Swan & Ugursal
2009): simple regression model (SRM), multiple linear regression (MLR), decision trees (DT), artificial
neural networks (ANN) and support vector machine (SVM). Although physical insight is not required
for making a black-box model, a model structure must be chosen, and this often involves making
assumptions about the system (Foucquier et al. 2013).

Grey-box based approaches (Kampf & Robinson 2007) combine prior physical knowledge with
information from data sources. Usually grey-box models have a hybrid structure combining first
principle physics and data driven approaches. They have some advantages but also limitations of the
white and black-box models. In most of large scale models, the building stock is represented based on
analogy with an electrical circuit, where a reduced order resistance- capacitance (RC) circuit can
describe the energy behaviour of the building (Nielsen 2005). Grey Box modelling approaches has
been used to predict energy consumption from a building level to the urban scale

APPROACHES OF THERMAL NETWORK

Intense research shows that the thermal network method is becoming popular among researchers to
make accurate building models in most reliable way. Based on the literature we have presented the
development of the thermal network RC method over the years which can be seen Table 1 below. It
further concludes that, the application of thermal network varies from, energy prediction, parameter
estimation to optimization of heating and cooling loads.

The literature evidences that this approach was used in 1980s to calculate the transient heat transfer
in the wall (Hassid 1985). In 1985 Hassid (Hassid 1985) investigated the first thermal network
resistance capacitance 2R 1C model for energy savings calculation.

Braun et al (Braun & Chaturvedi 2002), used 3R 2C thermal network configuration to identify optimal
parameters using a nonlinear regression algorithm. The model and training method were extensively
tested for different buildings and locations using data generated from a detailed simulation program.
And they found that one to two weeks of data are sufficient to train a model so that it can accurately
predict transient cooling or heating requirements.

Along with the parameter estimation (Ramallo-Gonzélez et al. 2013)(Ogunsola & Song 2015) , some
studies also show the application of thermal network in calculating indoor temperature(Bagheri et al.
2016). (Dimitriou, Steven K. Firth, et al. 2015) Vanda et al in their study also showed the importance of
parameter estimation using grey box modelling approach which is also a form of lumped parameter
modelling.

(Fraisse et al. 2002), they applied simplified approach to develop the building model using electrical
analogy including heat floor. They compared the wall by developing the 3R 4C, 2R 1C and 3R 2C
thermal network and found that the 3R 4C results are equivalent to 3R 2C model. Additionally, they
modelled the heating floor by means of 2R 1C network. And hence detailed model is not necessary for
further application of thermal network.

Another application of thermal network resistance capacitance was prediction of energy consumption
(Ginestet et al. 2013) and additionally he optimised the thermal insulation, the heat capacity of the wall
and the heating load of the building.

With the consideration of the climate factors, solar radiation plays an important role in energy
assessment of the buildings and few recent literature studies show that the researchers have
developed different methods to implement this important factor by means of thermal network. For
instance (Yan et al. 2015), developed simplified analytical model to evaluate the solar radiant effect on
heating and cooling load. Ogunsola (Ogunsola & Song 2015) in his study used solar air temperature
instead of solar radiation in 3R 2C network.




Table 1. Thermal Network approaches and applications for different purposes

Author Network Purpose
Configuration

(Braun & Chaturvedi | 3R2C for a wall optimal parameters are identified using a nonlinear

2002) regression algorithm.

(Fraisse et al. 2002) 3R 4C, 3R 2C Convective and longwave exchanges with linear model

(Kampf & Robinson | RC two node method | Study flows of energy within an urban district

2007)

(Underwood & Yik | 3R 2C Thermal network for wall

2008)

(Bueno et al. 2012) RC The model is used in a series of parametric analyses to
investigate the impact of the (Urban heat Island Effect)
UHI effect on the energy consumption of buildings for
different building configurations.
It is also used to investigate the dominant mechanisms
by which the indoor environment and the energy
performance of buildings affect outdoor air temperatures.

(Bagheri et al. 2016) 4R2C to simulate heating load and indoor temperature.
The parameter identification has been done for 3
different sets of data to show the influence of it on the
estimated parameters.

(Danza et al. 2016) 3R 2C Evaluating, controlling and managing heat energy fluxes
in buildings.

CONCLUSION

In this research study, different modelling approaches, from white box models to black box models,
were discussed and compared. Each of the individual modelling types have been discussed e.g.
methods for short-term weather forecasting for building energy modelling were also introduced.
Among them the most popular nowadays, are neural network models, linear parametric models and
lumped thermal network models (RC-networks).

Based on the discussions of different modelling approaches in building operation and optimization a
few conclusions are summarized as follows:

1.

Detailed physical (white-box) models require high no. of parameters and subsequently high no. of
iterations, which makes the estimation accurate. For operation strategy assessment, these models
are very useful and informative. However, they might not be useful for online building operation.

Statistics also known as (black-box) models need large number training data, and completely rely
on the measurement data of the input and output variables. And the training data should cover the
forecasting building operation range, which is bounded by the building operation schemes.
Fortunately, those operation data can be provided by detailed physical models. One of the
drawback of these types of model is that they are not flexible and if something needs to be
changed then whole model needs to be revised.

Simplified grey-box models are better for practical building model-based operation application. As
they are combination of the physical and the data driven model, they use the physical laws to
define the structure of the models and use measured data to find the parameter of these models.
They have less parameters to determine and need shorter computation time, which has proved to
be a huge potential in building energy model for energy and cost saving.




The literature review of the thermal network method has also been provided to cover different
research studies. Further RO modelling approach is the most popular approaches of Grey Box
modelling and mostly the research has mainly dealt with thermal network approach

REFERENCES

Afram, A. & Janabi-sharifi, F., 2015. Black-box modeling of residential HVAC system and comparison
of gray-box and black-box modeling methods. Energy & Buildings, 94, pp.121-149. Available at:
http://dx.doi.org/10.1016/j.enbuild.2015.02.045.

Allegrini, J. et al., 2015. A review of modelling approaches and tools for the simulation of district-scale
energy systems. Renewable and Sustainable Energy Reviews, 52, pp.1391-1404.

Amasyali, K. & EI-Gohary, N.M., 2018. A review of data-driven building energy consumption prediction
studies. Renewable and Sustainable Energy Reviews, 81(April 2017), pp.1192-1205. Available
at: http://dx.doi.org/10.1016/j.rser.2017.04.095.

Bacher, P. & Madsen, H., 2011. Identifying suitable models for the heat dynamics of buildings. Energy
and Buildings, 43(7), pp.1511-1522. Available at:
http://dx.doi.org/10.1016/j.enbuild.2011.02.005.

Bagheri, A. et al., 2016. Coupling building thermal network and control system, the first step to smart
buildings. IEEE 2nd International Smart Cities Conference: Improving the Citizens Quality of Life,
ISC2 2016 - Proceedings, (December).

Beli¢, F., Hocenski, Z. & Sliskovi¢, D., 2016. Thermal modeling of buildings with RC method and
parameter estimation. Proceedings of 2016 International Conference on Smart Systems and
Technologies, SST 2016, pp.19-25.

Bertone, E. et al., 2017. Role of financial mechanisms for accelerating the rate of water and energy
efficiency retrofits in Australian public buildings: Hybrid Bayesian Network and System Dynamics
modelling approach. Applied Energy, p. Available at:
http://www.sciencedirect.com/science/article/pii/S0306261917310668.

Bordass, B., Associates, W.B. & Cohen, R., 2004. Energy Performance of Non-Domestic Buildings:
Closing the Credibility Gap. 8th International Conference on Improving Energy Efficiency in
Commercial Buildings, pp.1-10.

BPIE, 2011. Europe’S Buildings Under the Microscope, Available at: http://bpie.eu/wp-
content/uploads/2015/10/HR_EU_B_under_microscope_study.pdf.

Braun, J.E. & Chaturvedi, N., 2002. An Inverse Gray-Box Model for Transient Building Load
Prediction. HVAC&R Research, 8(2), pp.73-99. Available at:
https://www.tandfonline.com/doi/abs/10.1080/10789669.2002.10391290.

Bueno, B. et al., 2012. A resistance-capacitance network model for the analysis of the interactions
between the energy performance of buildings and the urban climate. Building and Environment,
54, pp.116-125. Available at: http://dx.doi.org/10.1016/j.buildenv.2012.01.023.

Burman, E., Mumovic, D. & Kimpian, J., 2014. Towards measurement and verification of energy
performance under the framework of the European directive for energy performance of buildings.
Energy, 77, pp.153-163. Available at:
http://www.sciencedirect.com/science/article/pii/S0360544214006835.

Coakley, D., Raftery, P. & Keane, M., 2014. A review of methods to match building energy simulation
models to measured data. Renewable and Sustainable Energy Reviews, 37, pp.123-141.
Available at: http://dx.doi.org/10.1016/j.rser.2014.05.007.

Cuerda, E. et al., 2015. EVALUATION AND COMPARISON OF BUILDING PERFORMANCE IN USE
THROUGH ON-SITE MONITORING AND SIMULATION MODELLING ABIO-UPM Research
Group , Technical University of Madrid , Spain Faculty of Industrial Design , Delft University of
Tecnology , Delft , The Nether. Available at:
http://www.ibpsa.org/proceedings/BS02016/p1012.pdf.

Danza, L. et al., 2016. A Simplified Thermal Model to Control the Energy Fluxes and to Improve the
Performance of Buildings. Energy Procedia, 101(September), pp.97-104. Available at:
http://dx.doi.org/10.1016/j.egypro.2016.11.013.

Dimitriou, V., Firth, S.K., et al., 2015. Data-driven simple thermal models: The importance of the
parameter estimates. Energy Procedia, 78, pp.2614-2619. Available at:
http://dx.doi.org/10.1016/j.egypro.2015.11.322.

Dimitriou, V., Firth, S.K., et al., 2015. Data-driven Simple Thermal Models: The Importance of the




Parameter Estimates. Energy Procedia, 78, pp.2614-2619. Available at:
http://www.sciencedirect.com/science/article/pii/S1876610215020548.

Foucquier, A. et al., 2013. State of the art in building modelling and energy performances prediction: A
review. Renewable and Sustainable Energy Reviews, 23, pp.272—-288.

Fraisse, G. et al., 2002. Development of a simplified and accurate building model based on electrical
analogy. Energy and Buildings, 34(10), pp.1017-1031.

Fumo, N., 2014. A review on the basics of building energy estimation. Renewable and Sustainable
Energy Reviews, 31, pp.53—60. Available at: http://dx.doi.org/10.1016/j.rser.2013.11.040.

Fundamentals, A., 2013. 2013 ASHRAE Handbook: Fundamentals, ASHRAE. Available at:
https://books.google.ie/books?id=b6rYnAEACAAJ.

Ginestet, S. et al.,, 2013. Thermal identification of building multilayer walls using reflective Newton
algorithm applied to quadrupole modelling. Energy and Buildings, 60, pp.139-145. Available at:
http://dx.doi.org/10.1016/j.enbuild.2013.01.011.

Harish, V.S.K.V. & Kumar, A., 2016. A review on modeling and simulation of building energy systems.
Renewable and Sustainable Energy Reviews, 56, pp.1272-1292. Available at:
http://www.sciencedirect.com/science/article/pii/S1364032115014239.

Hassid, S., 1985. A linear model for passive solar calculations: Evaluation of performance. Building
and Environment, 20(1), pp.53-59. Available at:
http://www.sciencedirect.com/science/article/pii/0360132385900320.

Hootman, T., 2012. Net Zero Energy Design: A Guide for Commercial Architecture, Wiley. Available
at: https://books.google.ie/books?id=uMmHrE4Vod4C.

Jara, E.AR. et al., 2016. A new analytical approach for simplified thermal modelling of buildings: Self-
Adjusting RC-network model. Energy and Buildings, 130, pp.85-97. Available at:
http://www.sciencedirect.com/science/article/pii/S0378778816307356.

Jones, P., Lannon, S. & Li, X., 2013. Intensive building energy simulation at early design stage.
Proceedings of BS 2013: 13th Conference of the International Building Performance Simulation
Association, pp.862—-869.

Kampf, J.H. & Robinson, D., 2007. A simplified thermal model to support analysis of urban resource
flows. Energy and Buildings, 39(4), pp.445-453.

Khan, M.E. & Khan, F., 2012. A Comparative Study of White Box, Black Box and Grey Box Testing
Techniques. International Journal of Advanced Computer Science and Applications, 3(6), pp.12—
15.

Kwok, S.S.K., 2011. A study of the importance of occupancy to building cooling load in prediction by
intelligent approach. Energy Conversion and Management, 52(7), pp.2555-2564. Available at:
http://dx.doi.org/10.1016/j.enconman.2011.02.002.

Lee, P. et al., 2013. Probabilistic risk assessment of the energy saving shortfall in energy performance
contracting projects—A case study. Energy and Buildings, 66, pp.353—-363. Available at:
http://www.sciencedirect.com/science/article/pii/S0378778813004064.

Nielsen, T.R., 2005. Simple tool to evaluate energy demand and indoor environment in the early
stages of building design. Solar Energy, 78(1), pp.73-83.

Ogunsola, O.T. & Song, L., 2015. Application of a simplified thermal network model for real-time
thermal load estimation. Energy and Buildings, 96, pp.309-318. Available at:
http://dx.doi.org/10.1016/j.enbuild.2015.03.044.

Okochi, G.S. & Yao, Y., 2016. A review of recent developments and technological advancements of
variable-air-volume ( VAV ) air-conditioning systems. Renewable and Sustainable Energy
Reviews, 59, pp.784—817. Available at: http://dx.doi.org/10.1016/j.rser.2015.12.328.

Ramallo-Gonzalez, A.P., Eames, M.E. & Coley, D.A., 2013. Lumped parameter models for building
thermal modelling: An analytic approach to simplifying complex multi-layered constructions.
Energy and Buildings, 60, pp.174-184. Available at:
http://dx.doi.org/10.1016/j.enbuild.2013.01.014.

Reynders, G., Diriken, J. & Saelens, D., 2014. Quality of grey-box models and identified parameters
as function of the accuracy of input and observation signals. Energy and Buildings, 82, pp.263—
274. Available at: http://dx.doi.org/10.1016/j.enbuild.2014.07.025.

De Rosa, M. et al., 2014. Heating and cooling building energy demand evaluation; A simplified model
and a modified degree days approach. Applied Energy, 128, pp.217-229. Available at:



http://dx.doi.org/10.1016/j.apenergy.2014.04.067.

Rysanek, A.M. & Choudhary, R., 2013. Optimum building energy retrofits under technical and
economic uncertainty. Energy and Buildings, 57.

Swan, L.G. & Ugursal, V.1., 2009. Modeling of end-use energy consumption in the residential sector: A
review of modeling techniques. Renewable and Sustainable Energy Reviews, 13(8), pp.1819—
1835. Available at: http://www.sciencedirect.com/science/article/pii/S1364032108001949.

Tardioli, G. et al.,, 2015. Data driven approaches for prediction of building energy consumption at
urban level. Energy Procedia, 78, pp.3378-3383. Available at:
http://dx.doi.org/10.1016/j.egypro.2015.11.754.

Underwood, C. & Yik, F., 2008. Modelling Methods for Energy in Buildings, Wiley. Available at:
https://books.google.ie/books?id=ckL8JOOXUrgC.

Westphal, F.S. & Lamberts, R., 2004. The use of simplified weather data to estimate thermal loads of
non-residential buildings. Energy and Buildings, 36(8), pp.847—854.

White, J.A. & Reichmuth, R., 1996. Simplified method for predicting building energy consumption
using average monthly temperatures. IECEC 96. Proceedings of the 31st Intersociety Energy
Conversion Engineering Conference, 3, pp.1834-1839. Available at:
http://ieeexplore.ieee.org/articleDetails.jsp?arnumber=553381.

De Wilde, P., 2014. The gap between predicted and measured energy performance of buildings: A
framework for investigation. Automation in Construction, 41, pp.40-49. Available at:
https://doi.org/10.1016/j.autcon.2014.02.009.

Yan, C. et al., 2015. A simplified analytical model to evaluate the impact of radiant heat on building
cooling load. Applied Thermal Engineering, 77, pp.30-41. Available  at:
http://dx.doi.org/10.1016/j.applthermaleng.2014.12.017.

Zhao, H. & Magoulés, F., 2012. A review on the prediction of building energy consumption.
Renewable and Sustainable Energy Reviews, 16(6), pp.3586-3592. Available at:
http://www.sciencedirect.com/science/article/pii/S1364032112001438.

Zuo, J. et al., 2012. Achieving carbon neutrality in commercial building developments - Perceptions of
the construction industry. Habitat International, 36(2), pp.278-286. Available at:
http://dx.doi.org/10.1016/j.habitatint.2011.10.010.



