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Highlights
e Ahybrid approach for building stock energy prediction
*  An energy prediction model for both residential and non-residential buildings
e  Prediction performance comparison of ten machine learning models

e The best performed model at building and stock level are polynomial kernel
support vector regression and Gaussian radial basis function kernel support vector

regression respectively
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*  Machine learning model applicable to building stock energy prediction and retrofit

energy saving potential evaluation

Abstract

The building sector accounts for 30% of final energy consumption and 28% of global
energy-related carbon dioxide emissions, with space heating and cooling consuming a
large share of total buildings’ energy consumption. Building stock modelling for space
heating and cooling energy prediction provides critical insights on the stock energy
consumption and aid the building retrofit policy-making process with the evaluation of
the energy-saving potential. By combining the physical modelling approach and data-
driven approach, a hybrid approach is applicable for modelling the heating and cooling
energy consumption of the building stock, including both residential buildings and non-
residential buildings. Within this framework, the Urban Modelling Interface (UMI) tool
has been used for physical modelling to generate heating and cooling energy use
intensity. Then, ten different machine learning models, including Gaussian radial basis
function kernel support vector regression, linear kernel support vector regression,
polynomial kernel support vector regression, random forests, extreme gradient boosting,
ordinary least-squares linear regression, ridge regression, least absolute shrinkage, and
selection operator, elastic net and artificial neural network, have been applied to predict
heating and cooling energy use intensity (EUI). The approach has been demonstrated

using a case study in Chongging, China. The results show that machine learning models
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can achieve accurate building heating and cooling EUI prediction, with the polynomial
kernel support vector regression showing the best accuracy at the level of a single
building, and the Gaussian radial basis function kernel support vector regression
performing the best at the stock level. Machine learning models generated by proposed
hybrid approach not only provide quickly prediction of building space heating and
cooling energy consumption at the stock level, but also support building retrofit

decision makings by evaluate energy saving potential of various retrofit options.

Keywords: Building energy consumption; Heating and cooling; Building Stock

modelling; Hybrid approach; Machine learning

1. Introduction

Buildings are responsible for 30% of final energy consumption and 28% of global
energy-related carbon dioxide emissions in 2018 according to the International Energy
Agency [1]. Building energy conservation and carbon emission reduction are actively
promoted by governmental authorities by leveraging on legislation and policies, such
as the Energy Performance of Buildings Directive and the Energy Efficiency Directive

in the EU [2] and the 13th Five Year Plan in China [3].

Space heating and cooling through mechanical systems are the primary active methods
to adjust the building indoor thermal conditions but at the expense of a significant
amount of energy. As examples, in residential buildings the space heating and cooling

account for 58% and 41% of urban and rural household energy consumption in China
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[4], 48% of home energy consumption in the United States [5], 70% of domestic energy
consumption in the United Kingdom [6] and 65% of the household energy consumption
in the European Union [7]. In non- residential buildings, the space heating and cooling
account for 34% of commercial building energy consumption in the United States [8],
50%-60% of public building energy consumption in China [9], and 45% of non-
domestic premises energy consumption across England and Wales [10]. The high
energy demand for space heating and cooling thus entails massive building energy
conservation and carbon emissions reduction potential if tailored building retrofit

measures are undertaken.

To understand the building stock energy consumption and study various building
retrofit measures, building stock energy modelling - a successor of building energy
modelling — is utilized to expand the study area to a larger scale and offers architects,
urban planners, and policymakers a valid decision support tool [11]. Modelling the
space heating and cooling energy consumption boosts policy-making process by
providing critical insights on the building stock built environment control-related
energy consumption; further, it proves particularly useful to areas in which building
energy consumption statistics is lacking, or detailed building end-use split for space
heating and cooling is not available. Moreover, the space heating and cooling energy
consumption model is also capable of evaluating the energy conservation potential of
various building retrofit measures at the stock level and help with the selection of the

best performing measures.
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This study deployed a hybrid approach to generate data-driven energy prediction model
for large-scale building stock covering both residential building and non-residential
building without existing building energy consumption data. The structure of the paper
is as following: Section 2 includes the related literatures as well as the aims and
objectives of this study. Section 3 presents the methodology applied in this study, which
use hybrid approach to predict building space heating and cooling energy consumption.
Follows by Section 4 demonstrates the proposed hybrid approach using a case study in
Chonggqing, China. The discussions and conclusions of the study are covered in Section

5 and Section 6 respectively.

2. Literature review

2.1 Data-driven building energy consumption prediction

The data-driven building energy consumption prediction has been gaining raising
research interest in recent years [12]: it has been widely used to predict building energy
consumption of buildings with different functions, such as residential [13-22], office
[23-29], institutional [30, 31], educational [32, 33] and commercial [34]. However, the
application of the data-driven approach in large scale building stock energy
consumption prediction is rather limited [34-36], this might because the majority of
existing research about data-driven building energy consumption prediction is focused
on residential or non-residential buildings only [12], although building stock usually

consists of a mix of both types of building. Build up a data-driven energy consumption
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prediction framework able to handle buildings of different functions is essential for

extending the application of data-driven approach in large scale building stock.

To the best of our knowledge, there are only a few data-driven building energy
consumption prediction studies considering both residential and non-residential
buildings, such as that of Georgescu, et al. [37] who studied offices, laboratories,
gymnasiums, dormitories, and restaurants. Instead of creating one model able to predict
both the residential and non-residential building's energy demand, they generated an
individual support vector machine model for building energy consumption data from
every building utility meters. Kontokosta and Tull [38] applied linear regression,
random forest, and support vector regression algorithms to predict the energy use of 1.1
million buildings in New York City of various functions, the building energy usage data
used to train the model came from Local Law 84 energy disclosure data. Hawkins, et
al. [39] used the artificial neural network to estimate the energy use in UK university
campus buildings, such as dormitories, laboratories, and offices, by using Display
Energy Certificate (DEC) to develop artificial neural network energy prediction model.
Robinson, et al. [40] developed 11 different machine learning models using the
Commercial Buildings Energy Consumption Survey (CBECS) data to estimate
commercial building energy consumption. The commercial buildings have been studied
including both commercial buildings for a residential purpose like lodging building and
commercial buildings for non-residential purpose like the office building. Similarly,

Cheng [41] also based on the CBECS data to build 10 machine learning models for
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commercial building energy prediction, benchmarking data of New York City and
Chicago has been used for model validation. Abbasabadi, et al. [42] demonstrated an
integrated data-driven framework for urban energy use modelling taking Chicago as a
case study. They tested multiple linear regression, nonlinear regression, classification
and regression trees, random decision forest, k-nearest neighbours and artificial neural
intelligence for operational energy use prediction considering both residential and non-
residential buildings. The building energy data used is obtained by merging the Chicago
energy benchmark and Chicago energy usage datasets. Pan and Zhang [43] employed
categorical boosting model, random forest and gradient boosting decision tree in
estimate energy consumption of non-residential and multifamily building, Seattle's
building energy performance data collected by Seattle's Energy Benchmarking Program
is used as main dataset. However, the rich building energy consumption datasets, like
Local Law 84 energy disclosure data, DEC data, CBECS data, Chicago energy
benchmark dataset and Seattle's building energy performance data, are currently
available only for a limited number of cities and countries. The lack of building energy
consumption datasets [44], needed as a training set, impede the use of a data-driven

approach in the large scale building stock [45].

2.2 Hybrid approach in building stock energy modelling

Top-down and bottom-up methods are generally used to develop building stock models
[46-48]. Top-down methods have embedded the main limitation of lack of technical

detail specifications and are unable to determine the energy consumption of each end-
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uses [46-48], while bottom-up methods overcome this shortcoming and are used to
investigate the building energy consumption for heating and cooling in this study. Two
main approaches for bottom-up building stock energy modelling are typically employed
[46, 47, 49]: the physical modelling and the data-driven approach. Physical modelling
relies on thermodynamic laws for detailed energy modelling, it large data and
computational demands stopped it to apply precisely in every building at the stock level
[40]. The data-driven approach “learns” from historical or available datasets for

prediction [12], a large amount of data is essential for model development [50].

The hybrid approach combines physical modelling and data-driven approaches by using
the output of physical modelling as an input to generate data-driven models [40, 50]. It
has the potential to provide a solution for building energy consumption datasets lacking
by using physical modelling to generate datasets. Therefore, a hybrid approach has been
identified as a more promising method for urban energy modelling [42]. Valovcin, et
al. [51] built multiple linear regressions to adjust energy simulation results to match
the measured energy data in U.S. homes as a part of statistical post-processing
techniques. Similarly, Bragger, et al. [52], [53] adopted a hybrid approach by using
multiple linear regression to calibrate a physical model of the Danish residential
building stock. Li and Yao [54] compared the performance of linear regression, artificial
neural network and support vector regression in predicting the residential annual space
heating and cooling loads. The annual residential heating and cooling load intensity

database utilized in machine learning models’ training and validation process is
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generated by EnergyPlus simulation of a typical residential household archetype. Ciulla
and D'Amico [55] undertook a parametric simulation of a detailed TRNSYS model and
generated a building energy database representative of non-residential Italian building
stocks. Based on the database, multiple linear regression models are develop to predict
building heating, cooling and comprehensive energy demand. Luo, et al. [56] proposes
a multi-objective prediction framework for building heating, cooling, lighting loads and
BIPV electrical power production. By using building operating and energy data
generated by TRNSY'S simulation of a general office building, artificial neural network,
support vector regression and long-short-term-memory neural network based predictive
models are trained and tested. Although adapted a hybrid approach, the aforementioned
five studies focus on the residential building or non-residential building only. Goel, et
al. [57] build random forest regression models based on building stock simulations for
buildings energy efficiency prediction in developing the Asset Score Preview tool, a
rating system tool. In their research, 22 building types embedding both commercial
buildings and mid- to high-rise residential buildings were studied with one regression
model generated per every building type. There is a lack of study using hybrid approach
for energy modelling of both residential building and non-residential building to enable

large-scale building stock energy prediction.

2.3 Aims and objectives

To extend the application of data-driven model to large-scale building stock and to

alleviate the challenges of commonly unavailable building energy consumption data to
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support model generation, a hybrid approach has been employed to develop a data-
driven energy prediction model covering both residential and non-residential buildings.
A case study in Chongqging city (China) is used to demonstrate the hybrid energy
prediction approach, the prediction accuracy of ten different machine leaning models is

also compared based on the case study.

3. Methodology

The proposal of a new hybrid approach for building energy stock modelling consists of
5 steps, including the heating and cooling energy consumption estimation, machine
learning models, model generation process, model performance evaluation as well as

the application of selected machine learning model (see Figure 1).

Step 1: Based on building information collected through a field survey and related
building characteristics settings, Urban Modeling Interface (UMI) was used to simulate
the space heating and cooling energy consumption of all single-use buildings within the

study stock.

Step 2: Suitable machine learning models for predicting building space heating and
cooling energy use intensity (EUI) at the individual building level have been

investigated.

Step 3: Generation of the machine learning models through pre-process of the raw
dataset; train with the training and validation set, and test models by apply them to

predict the EUIs of the testing set buildings.
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Step 4: Evaluate the prediction accuracy of the machine learning models at both
individual building and stock levels to compare the machine models’ performance when

considering both residential and non-residential buildings.

Step 5: Based on the further analysis scope, prioritize building level accuracy or stock
level accuracy to select the best performed model. The selected machine learning model
can be applied to building space heating and cooling energy consumption prediction,

as well as building retrofit space heating and cooling energy saving potential evaluation.



The application of hybrid approach in building stock modelling
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213  Figure 1: Framework of the research

214  The detail implication of those five steps is described in the following sections 3.1 to
215  3.5.

216  3.1. Heating and cooling energy consumption estimation

217  As stated above, the rich building energy consumption datasets are not commonly
218 available, so the building energy consumption information needed for data-driven
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model development is estimated by using physical models. In this study, the energy
consumption of every studied building is simulated individually by using Urban
Modeling Interface (UMI) [58], a modelling software package that utilizes EnergyPlus
[59] as the simulation core engine. UMI can simulate space heating and cooling energy
use intensity (EUI) for individual buildings at the urban scale in a fast but accurate
manner by using a 'shoeboxer' algorithm [60], which makes it a handy physical
modelling tool to handle a relatively small scale buildings stock. UMI needs 3D
building model of the stock, together with all detailed building characteristics required
by EnergyPlus, such as the building envelope thermal physical characteristics and
HVAC system, at individual building level to simulate building heating and cooling
energy consumption. As detailed building characteristics are essential for UMI
simulation, the UMI simulation setting and running process are both labour intensive
and time-consuming [61], which does limit its applicability to the large scale building

stock.

The heating and cooling energy consumption results from UMI simulation is combined
with the building detailed characteristics to create the machine learning database. The
database is divided into two subsets and utilised in two ways: 1) as training and
validation set to train machine learning models; 2) as testing set to test the performance

of machine learning models and compare their accuracy with UMI simulation.
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3.2.  Machine learning models

Five classes of machine learning technique are investigated in this study to predicting
space heating and cooling energy consumption, including support vector regression,
random forest, extreme gradient boosting, linear model and artificial neural network.
Ten different machine learning models are built based on the machine learning database

generated in the previous step.

3.2.1. Support vector machine

Commonly recognized as the best supervised learning algorithms in solving regression,
problems [62], SVMs are increasingly used in building energy analysis [63].
Introduced by Cortes and Vapnik [64] in 1995, the support vector machine (SVM) was
initially developed in the context of classification. Based on structural risk
minimization inductive principle, SVM aims at minimizing the generalization error
through reducing a summation of empirical risk and a Vapnik Chervonenkis (VC)
dimension term, which generally leads to higher generalization performance in solving
nonlinear problems [62]. Support vector regression (SVR), as an extension of the
support vector classification (SVC), provides a quantitative response to the input
predictor variables [65]. It seeks coefficients to minimise the effect of outliers on the
regression equations; however, only residuals larger in absolute value than some
positive constant(e) are considered in the loss function [65, 66]. e-insensitive l0ss

functions (equation 1) were used to construct the SVR model and ensure robust and
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sparse estimation. Only when the discrepancy between the SVR model predicted
building EUI and simulated building EUI is higher than &, the absolute difference will

contribute to the loss.

0,if ly —fx)| <¢
ly — f(x)| — &, otherwise.

Ly - f09) = @

In the case of linear functions f(x) = (w,x) + b with w € X,b € P({-, -)denotes the
dot product in X), given training data {(xy, y1), ..., (xn, Y1)} € X X P. The goal of SVR
is to find a function f(x) that has at most € deviation from the obtained targets for all
the training data, and at the same time is as flat as possible. Slack variables ¢; and &/
are introduced to guard against outliers and to adopt the soft-margin approach, in case
the convex optimization problem is not always feasible. The optimization problem is

presented in equation 2 [67].

minimize %llwll2 +CY &+ &) )
vi—(w,x)—b<e+§
subjectto { (w,x) + b—y; <e+¢;
Eiiglfk =0

C is a positive constant that measures the trade-off between the flatness of function

f(x) and the amount up to which deviations larger than ¢ are tolerated.

The abovementioned optimization problem can be solved by constructing a Lagrange

function, the function f(x) can be derived as equation 3 [67],
fO0) = Xiz(a—a;) {x;, x) + b (3)

Where, o, a*are Lagrange multipliers of non-negative real numbers.
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In the case of nonlinear functions, as the relationship between the building
heating/cooling EUI and the selected predictor variables, the predictor variables need
to be pre-processed and map from input space into feature space. The function f(x) is

written as equation 4 [67]:

f(x) =YE(ai—ai) k(x;,x) +b (4)

Three different kernel functions k(x;, x) is used to generate three different SVR
models, including Linear kernel(equation 5) for Linear kernel SVR, Polynomial kernel
(equation 6) for polynomial kernel SVR and Gaussian radial basis function kernel

(equation 7) for Gaussian radial basis function kernel SVR [68].

k(x;, %) = x;-x (5)

k(x;, x) = (scale-x;-x + of fset)?e9ree (6)

k(xi, x) = exp(—ollx; — x||*) (7)

3.2.2. Random forests

Random forests is an ensemble learning approach to supervised learning [69], it can be
used for both classification and regression. Thanks to the advantage of fast training
speed [70], random forests becomes one of the most widely used machine learning
techniques [71]. The random forest for regression is formed by growing trees
depending on a random vector such that the tree predictor takes on numerical values by

average the prediction of every tree [72]. The algorithm for random forest regression is
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as following [73],

1. For b=1toB:

(@) Draw a bootstrap sample Z* of size N from the training data.

(b) Grow a random forest tree Ty to the bootstrapped data, by recursively
repeating the following steps for each terminal node of the tree, until the
minimum node Size Smin is reached.

i.  Select mvariables at random from the p variables.
Ii.  Pick the best variables/split-point among the m variables.
iii.  Split the node into two daughter nodes.
2. Output the ensemble of trees{T,}?.
To make a prediction at a new point x:
B
fi = 2= o)

Where B is the number of trees.

3.2.3. Extreme gradient boosting

Extreme gradient boosting, commonly referred to as XGBoost, is a scalable machine
learning system for tree boosting [74]. As one of the boosting models, extreme gradient
boosting grow trees sequentially. Starting from building the first tree based on the
training data, then a second tree is created to correct the errors from the first tree. More
trees are added until the model can predict the training set perfectly or the number of
trees reaches the upper limit. Extreme gradient boosting is ‘an optimized distributed
gradient boosting library designed to be highly efficient, flexible and portable’ [75],
and can be used to handle regression, classification, and ranking problems [76].
Extreme gradient boosting achieved state-of-the-art results in machine learning
competitions [77], and was proved to outperform other ten machine learning models at

commercial building energy consumption prediction [40].
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Based on data set with n examples and m features D = {(X;,y;)} (|ID|=n, X;eP™, y;e
P), extreme gradient boosting predicts output by using K additive functions, as shown
in equation 8 [74].

Y= 0X) = Xi=1 i (X)), fie ED, (8)

Each f, corresponds to an independent tree structure, @ is the space of regression trees.

The regularized objective function presented in equation 9 is optimized in extreme

gradient boosting to learn the set of functions [74],

A@) =21, y) + 2 Q(fi) (9)
where Q(f) = yT + §,1||w||2

L is a differentiable convex loss function that measures the difference between the
prediction ¥, and the target y;, while Q is model complexity penalization term. T is

the number of leaves in the tree, w is the leaf weights.

The more detailed mathematical implication of extreme gradient boosting can be found

in Chen and Guestrin [74] and Chen and He [78].

3.2.4. Linear models

For linear models, the relationship between the predicted variable and predictors can
directly or indirectly be written according to the following equation 10 [66]. They are
selected for their simplicity, intuitive and ability to provide a baseline performance

measure [55, 79].
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Yi = bo + bixi1 + byxip + -+ + byx;; + ¢; (10)

where y; is the numeric response for the i sample; b, is the estimated intercept; b;

is the estimated coefficient for the j* predictor variable; x;j is the value of the ji

predictor variable for the i sample; and e; is the random error of the linear regression

model.

For ordinary least-squares linear regression, the aim is to minimise the sum-of-squared
errors (SSEqis, shown in equation 11) between the observed value and model-predicted

value [66].

SSEgis = ?:1(Yi - 5/\1)2 (11)
The y; and ¥, are the observed value and model-predicted value of the i sample.

In ridge regression, to pursue smaller mean squared error, a biased model is generated

by adding a penalty to the SSE [80] as shown in equation 12:
SSE;r = Xita(vi — ¥ + AXL, b7 (12)

For the least absolute shrinkage and selection operator model [81], as the
SSEiasso(shown in equation 13) is penalized by the absolute values, the penalty value A

can reach 0, so the lasso model also conducts feature selection.

SSElasso = ?:1(3’1’ - 571)2 + AZ?:llbjl (13)

The elastic net model combined two types of penalties to enable effective regularization

via the ridge-type penalty with the feature selection quality of the lasso penalty[66].
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The SSEen is presented in the following equation 14 [82]:
SSEen = Xie1(vi = 9% + A4 Ty bf + 2, Xia| by (14)

3.2.5. Atrtificial neural network

With the benefits of high speed, high accuracy, and capability of handling nonlinear
relationships between variables [83], artificial neural network is the most widely
applied artificial intelligence models in the building energy prediction [63]. It mimics
how the brain responds to stimuli from sensory inputs to interpret the relationship
between input and output signals [84]. The neuron is the information-processing unit
of the neural network, the mathematical description of a neuron is shown in equation

15 [85]:
Vi = (XM, wijx; + by) (15)

where, x4, x5, ... X, are the input signals; wyq, Wiy, ... Wi, are the synaptic weights of
neuron K; by, is the bias; ¢(+) is the activation function; and y;. is the output signal

of the neuron.

3.3. Model generation process

Machine learning models are generated via the process presented in Figure 2. All
predictor variables are centred and scaled as pre-process before model training to avoid
domination from attributes in higher numeric range and improve numerical stability

[24, 66]. After the pre-processing, all the available data are randomly divided into two



367  parts, with 25% as the testing set and 75% as the training and validation set (the
368  residential building and non-residential building ratio remain equal in both datasets), as
369  the 25/75 split is commonly used in machine learning related studies [54, 86-88]. Then,
370 all data in the training and validation set is further partitioned into ten equally sized
371  subsets and undergo the 10-fold cross-validation process. By repeating the process of
372 using nine subsets as a training set and one subset as the validation set for 10 times, the
373  tuning parameter(s) of the machine learning models are determined as the one(s) with
374  the best average performance for the 10 different validation sets. Then, the final model
375 s generated using all data from the training and validation set and the untouched testing

376  setis used to evaluate the prediction accuracy of the models.

Raw daigaset

« i Pre-process
| Dataset |
| Training and validation | Testing |
AN B
[
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7 .
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378  Figure 2: Machine learning model generation process



379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

3.4. Model performance evaluation

All buildings in the testing set are used to evaluate the performance of the machine
learning model in predicting EUI as an unseen dataset. The accuracy of the machine
learning-based model on individual building heating and cooling EUI prediction is

investigated using relative error as per equation 16:
8, = @x 100% (16)
k

Here ok is the relative error of using ‘machine learning’-based model to predict

heating/cooling EUI of building k against UMI simulations;

Yi 1S the building heating/cooling EUI for building k from the UMI simulation

generated database;

Vi is the predicted building heating/cooling EUI for building k from the machine

learning model;

The average prediction performance of different machine learning models at the
individual building level is indicted by normalised mean absolute error (NMAE) and
normalised root-mean-square error (NRMSE) for heating and cooling EUI. Their

calculation formulas are presented in equations 17-18.

The=1 YK=Ykl

n

SR, ki)?
NRMSE = ——F—— (18)

Zz=1yk
n
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Where n is the total number of buildings in the testing set.

To evaluate the accuracy of machine learning models on whole stock, residential stock
and non-residential stock level energy prediction, the relative error of gross heating and
cooling energy consumption of all buildings in the testing set, all residential buildings
in the testing set and all non-residential buildings in the testing set are estimated using

equation 19 respectively:

Y1 Wk XFi) =Zie1 Wk XFi)
(SStOCk = =1 ;‘;{n_li(yk:p;) £ - (19)

Where, dstock IS the relative error of using machine learning based models to predict the
gross heating/cooling energy consumption of specific building stock in the testing set;
m is the total number of buildings in the testing set belongs to the specific building

stock; Fxis the total floor area of the building k.

Apart from the prediction accuracy indexes described above, the running time to predict
the heating and cooling EUI of all buildings in the testing set is also tracked and

analysed.

3.5. The application of selected machine learning model

By comparing the prediction accuracy indexes of all ten machine learning models, the
best performed model can be selected based on the further analysis scope. If predicting
the space heating and cooling energy consumption precisely in the building level is
more important, then the building level accuracy indexes should be prioritize.

Otherwise, the best performed model should be select based on the stock level accuracy
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indexes. The selected machine leaning model is applicable to predict building space
heating and cooling energy consumption, evaluate energy saving potential for retrofit

measures as a substitute of building physical simulation.

4. Case study

The case study area is located in Yuzhong District of Chongging city (China), covering
an area of about 3.4 km? (see Figure 3). From July 2015 to September 2015, a field
survey was carried out to collect detailed building information for every building within
the study area; collected information included buildings’ geographic location (longitude
and latitude), function, construction age, number of floors, window-to-wall ratio. For
construction age, instead of specific construction completed year, age band was
collected. Including three age bands for residential buildings (pre-2001, 2001-2010 and
post-2010) and four age bands for non-residential buildings (Pre-1990, 1990-2005,
2005-2015 and Post-2015). The construction age are collected for the building

construction information plaque and by asking the owners.

* Jialing River '\ p

1&, ‘

D

Figure 3: The case study area (highlighted by a black box) within the Yuzhong district
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The geographic location is used for locating buildings on online maps, then a building
stock 3D model is generated by extrude the footprints by its height. The height of every
building is calculated using the following equation 20, while the window-to-wall ratio

is set according to the filed survey.

D=NXd (20)

Where D is the building height; N is the number of floors the building have; d is the
average floor height, according to standards, it was set as three meters for residential
buildings [89], four meters for offices [90], educational buildings [91, 92], hospitals

[93] and hotels [94], five meters for malls [95].

4.1. Characteristics of the buildings in the study area

In total, there are 573 buildings located within the case study area. One hundred thirty-
one of which are mixed-use multifunction building, while the rest of them are hosting
a single function (including educational buildings, hospital, hotel, mall, office, and
residential buildings). The specific location of each building in the study area is shown

in Figure 4.

Office Hotel Hospital [l Educational Mall [l Residential [l Mixed-use multifunction

Figure 4: Building location and function
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The total number of single functions buildings is presented in Figure 5, including 334
residential buildings and 108 non-residential buildings. The residential building is
dominating the case study area as it accounted for more than three-quarters of all single-
function buildings. The construction age distribution of residential and non-residential
buildings is presented in Figure 6, majority of residential buildings are constructed
before 2001, while more than half of non-residential buildings are constructed during

1990 to 2005.

400
350 334
300
250
200
150
100

50 29 21 5 22 29

Educational  Hospital Hotel Mall Office Residential

Total number

Function

Figure 5: The total number of buildings with different functions
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Figure 6: The construction age distribution of residential and non-residential buildings
In this study, only the 442 single function buildings are studied, due to the difficulty in

getting the real floor area function within mixed-use buildings.

The building's characteristics, including thermo-physical characteristics of the building
envelope, HVAC systems, and internal loads, are set according to the Chinese national
and industrial design standards based on the construction age of the buildings. JGJ 134-
2001 [96], and JGJ 134-2010 [97] Standards are utilized to describe the building
characteristics of the residential building of different construction age. GBJ 19-1987
[98], GB 50189-2005 [99] and GB 50189-2015 [100] Standards are used to describe
the characteristics of non-residential buildings. The detailed building characteristics
setting for the residential and non-residential building is set according to Costanzo, et

al. [101], and are shown in Table 1.



472  Table 1: Detailed building characteristics of non-residential and residential building [101]

Building envelope thermal-physical characteristics HVAC system Internal gains
U-values (W/m?K) Fresh
Construction Heating Occupants Equipment Lighting
Building function . Infiltrations air Heating/Cooling
age Windows efficiency/Cooling density density density
(ACH) supply setpoint (°C)
Walls | Roof | Slab v EER () (p/m?) (W/m2) (Wim?)
(m¥s- p)
value/SHGC)
Pre-1990 195 | 1.44 | 3.79 5.74/0.85 0.25 0.005 20/26 0.55/3.8 0.25 20 11
1990-2005 144 | 097 | 1.88 5.74/0.85 0.25 0.005 20/26 0.55/3.8 0.25 20 11
Office

2005-2015 0.95 | 0.78 | 0.97 2.67/0.43 0.15 0.008 20/26 0.89/4.1 0.25 20 11

Post-2015 05 0.69 | 0.7 2.50/0.34 0.15 0.008 20/26 0.9/4.8 0.1 15 9

Pre-1990 195 | 1.44 | 3.79 5.74/0.85 0.25 0.008 20/26 0.55/3.8 0.067 20 11

1990-2005 144 | 097 | 1.88 5.74/0.85 0.25 0.008 20/26 0.55/3.8 0.067 20 11

Hotel
2005-2015 0.95 | 0.78 | 0.97 2.67/0.43 0.15 0.008 20/26 0.89/4.1 0.067 20 11
Non-
Post-2015 05 0.69 | 0.7 2.50/0.34 0.15 0.008 20/26 0.9/4.8 0.04 15 7
residential
Pre-1990 1.95 1.44 | 3.79 5.74/0.85 0.25 0.002 20/26 0.55/3.8 0.33 13 12
building
1990-2005 1.44 0.97 | 1.88 5.74/0.85 0.25 0.008 20/26 0.55/3.8 0.33 13 12
Mall

2005-2015 0.95 0.78 | 0.97 2.67/0.43 0.15 0.005 20/26 0.89/4.1 0.33 13 12

Post-2015 0.5 0.69 0.7 2.50/0.34 0.15 0.008 20/26 0.9/4.8 0.125 13 10

Pre-1990 1.95 1.44 | 3.79 5.74/0.85 0.25 0.004 20/26 0.55/3.8 0.125 20 15

1990-2005 1.44 0.97 | 1.88 5.74/0.85 0.25 0.004 20/26 0.55/3.8 0.125 20 15

Hospital
2005-2015 0.95 0.78 | 0.97 2.67/0.43 0.15 0.008 20/26 0.89/4.1 0.125 15 12
Post-2015 0.5 0.69 0.7 2.50/0.34 0.15 0.008 20/26 0.9/4.8 0.125 15 8




473

Pre-1990 1.95 1.44 | 3.79 5.74/0.85 0.25 0.005 20/26 0.55/3.8 0.25 20 11
1990-2005 1.44 0.97 | 1.88 5.74/0.85 0.25 0.005 20/26 0.55/3.8 0.25 20 11
Educational

2005-2015 0.95 0.78 | 0.97 2.67/0.43 0.15 0.008 20/26 0.89/4.1 0.25 20 11

Post-2015 0.5 069 | 0.7 2.50/0.34 0.15 0.008 20/26 0.9/4.8 0.17 5 9

Pre-2001 1.97 162 | 3.74 5.74/0.85 2 0 18/26 1/2.2 0.03 4.3 6

Residential building 2001-2010 1.03 1 15 2.80/0.48 1 0 18/26 1.9/2.3 0.03 4.3 6
Post-2010 0.83 0.8 1.31 2.67/0.34 1 0 18/26 1.9/2.3 0.03 4.3 6
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For non-residential buildings, the HVAC system is supposed to be in use for the whole
year, from 7 AM to 7 PM (12h) every weekday for office and educational buildings;
24h every day for hotel and hospital building; 8 AM-10 PM (14h) every day for the
mall. The HVAC system is available for the heating period (from December 1st to
February 28th) and cooling period (from June 15th to August 31st) only for residential
buildings. The daily residential HVAC usage is assumed based on the study of Hu, et
al. [102], as an hour in the morning (from 7 AM-8 AM) and five hours when returning
home from work (from 6 PM-11 PM) for heating, as well as 6 PM-8 AM (14 hours)

and 1 PM-2 PM (1 hour) for cooling.

4.2. Buildings’energy consumption

The results of the UMI simulations are presented in Figure 7, heating and cooling EUIs
are available at the individual building level. As shown in Figure 8, heating EUI varies
from 2 kWh/m? to 122 kWh/m?, while the cooling EUI varies from 6 kWh/m? to 65
kWh/m? for all 442 single function buildings studied. The building energy consumption
data is combined with building detailed characteristics to create the database used to

develop machine learning models.
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Figure 7: The heating (top) and cooling (bottom) EUI of buildings in the study area (the
buildings fill in grey are mixed-use buildings which are not simulated)
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Figure 8: Boxplots of heating and cooling EUIs
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4.3. Predictor variables selection

The building characteristics (listed in Table 2), including building geometry, building
envelope thermal-physical characteristics, building HVAC system and building internal
gains, are considered as main predictor variables as they are the main determinants for
building space heating and cooling energy consumption [103]. Predictor variables of
building geometry, building envelope thermo-physical characteristics, and building
internal gains are considered for both heating and cooling EUI prediction, while the
selection of predictor variables for building HVAC system is different. For heating EUI
prediction, only the fresh air supply, heating temperature setpoint, the heating
efficiency, and heating available proportion are considered, likewise, for cooling EUI
correlation analysis, only the fresh air supply, the cooling COP and cooling available
proportion are considered. The cooling setpoint is excluded from being a predictor
variable because of its constant value of 26 °C for all buildings.

Table 2: Predictor variables for heating and cooling EUI prediction [orange shading
marks those used for heating EUI prediction only; blue shading marks those used for

cooling EUI prediction only; unshaded ones are used for both heating and cooling EUI
prediction]



Building characteristics Predictor variables

Building geometry Building height [m]

Compactness ratio [/]

Window to wall ratio [/]

Building envelope thermal- | Walls U-value [wim]

physical characteristics Roof U-value [w/m]

Slab U-value [w/mK]

Windows U-value [w/m]

Windows solar heat gain coefficient (SHGC) [/]

Air infiltrations [ach]

Building HVAC system Fresh air supply [mé/s-p]

Heating setpoint [°C]

Heating efficiency [/]

HVAC available proportion for heating [/]

Cooling EER [/]

HVAC available proportion for cooling [/]

Building internal gains Occupants density [p/m?]

equipment density [w/m?]

Lighting density [w/m?]

513  The compactness ratio (CR) is an index of building shape, and is calculated as per

514  following Equation 21 [61]:

515 CR=S/V (21)

516  Where S is the surface area of the building;

517 Vs the enclosed volume of the building.

518 The HVAC available proportion (AP) for heating and cooling indicated the annual
519  portion of time when the HVAC system is available for heating and cooling respectively;

520 they are calculated using Equation 22:

521  AP=H/8760 (22)

522  Where H is the total number of hours per annual when heating (or cooling) is available
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from the HVAC system.

4.4. Prediction accuracy analysis

The caret package[104] developed by Max Kuhn for predictive model generating has
been used to perform all the machine learning models under R programming language.
Caret was set to automatically generate 5 values for each tuning parameter, the tuning
parameters combination with the best accuracy in the training and validation set is used
in the final model for prediction accuracy analysis. As the 110 buildings in the testing
set are not used for training of the machine learning models, the prediction accuracy in
the testing set can reasonably represent the prediction accuracy of applying those

machine learning models to other single-function buildings in Chongging.

The relative error distribution of applying machine-learning models in heating and
cooling EUI for all buildings in the testing set is shown in Figure 9. The machine
learning models give an accurate prediction about building heating and cooling EUI.
The percentage of building within the +10% relative error varies between 61.8%
(ordinary least-squares linear regression and least absolute shrinkage and selection
operator) to 85.5% (polynomial kernel support vector regression), and from 81.8%
(linear kernel support vector regression) to 91.8% (Gaussian radial basis function kernel
support vector regression) for the heating and cooling cases, respectively. The
percentage of building within the £20% relative error varies between 80.0% (ridge

regression and elastic net) to 90.9% (polynomial kernel support vector regression) and



543  94.5% (linear kernel support vector regression and ordinary least-squares linear

544  regression) to 98.2% (artificial neural network) for heating and cooling.

Heating 6,

= A= within £10% —®— within £20%

SVR-R
100%

EN

LASSO

RR EGB

OLS

Cooling &,
—A— within £10% —®— within +20%
SVR-R

LASSO

OLS

Figure 9: The relative error of the machine learning models in building heating (top)
and cooling (bottom) EUI prediction (SVR-R: Gaussian radial basis function kernel
support vector regression; SVR-L: linear kernel support vector regression; SVR-P:
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polynomial kernel support vector regression; RF: random forests; EGB: extreme
gradient boosting; OLS: ordinary least-squares linear regression; RR: ridge
regression; LASSO: least absolute shrinkage and selection operator; EN: elastic net;

ANN: artificial neural network)

The NMAE and NRMSE of applying different machine learning models in the testing

set are presented in Table 3. In general, the prediction accuracy for cooling EUI is better

than heating EUI with smaller NMAE and NRMSE. For heating EUI prediction, the

NMAE varies from 7.3% (polynomial kernel SVR) to 17.2% (both ordinary least-

squares linear regression and least absolute shrinkage and selection operator model),

the NRMSE varies from 17.3% (polynomial kernel SVR) to 46.2% (extreme gradient

boosting). For cooling EUI prediction, the NMAE varies from 4.3% (polynomial kernel

SVR) to 6.4% (both linear kernel SVR and elastic net), the NRMSE varies from 6.2%

(polynomial kernel SVR) to 13.4% (extreme gradient boosting). The polynomial kernel

SVR has the best accuracy in the individual building level, followed by Gaussian radial

basis function kernel SVR.

Table 3: NMAE and NRMSE results of different machine learning models

Machine learning models Heating EUI Cooling EUI
NMAE | NRMSE | NMAE | NRMSE

Gaussian radial basis function kernel SVR | 8.4% 19.3% 4.9% 8.8%
Linear kernel SVR 11.2% | 23.9% 6.4% 10.9%
Polynomial kernel SVR 7.3% 17.3% 4.3% 6.2%
Random forests 12.0% | 40.1% 5.2% 8.9%
Extreme gradient boosting 13.3% | 46.2% 6.0% 13.4%
Ordinary least-squares linear regression 17.2% | 35.7% 6.2% 10.3%
Ridge regression 15.8% | 32.1% 6.3% 9.7%
Least absolute shrinkage and selection 179% | 35.79% 5 9% 9.3%
operator

Elastic net 15.8% | 32.1% 6.4% 10.1%
Artificial neural network 13.8% | 29.8% 6.1% 8.9%
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The performance of machine learning models in stock level heating and cooling energy
consumption prediction is presented in Table 4. For the whole stock including both
residential and non-residential building, the relative error for heating and cooling at the
whole stock level are within +4%, except for heating prediction of artificial neural
network which has a relative error of -9.7%. Heating energy consumption is more likely
to be underestimated, with cooling energy consumption are more likely to be
overestimated. The Gaussian radial basis function kernel SVR performed the best with
a whole stock level relative error of -0.2% and -0.3% respectively for heating and
cooling prediction. Followed by polynomial kernel SVR, with a whole stock level
relative error of 0.3% and 0.5% respectively for heating and cooling prediction. It is
interesting to note that although the artificial neural network has a high relative error
for heating prediction, it performs very well in cooling prediction with a relative error
of only 0.2%. For the residential stock, random forests and extreme gradient boosting
performed the best in heating and cooling prediction respectively, with relative error of
0.6% and 0.1%. For the non-residential stock, linear kernel SVR and polynomial kernel
SVR performed the best in heating and cooling prediction respectively, with relative
error of 2.0% and -1.0%. Meanwhile, all machine learning models studied overestimate
space cooling energy consumption for residential stock while underestimate space
cooling energy consumption for non-residential stock

Table 4: The relative error dstock Of different machine learning models at the stock level
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Machine learning Whole stock Residential stock | Non-residential stock
models Heating | Cooling | Heating | Cooling | Heating Cooling
Gaussian radial

basis function | -0.2% -0.3% 1.7% 0.6% -6.2% -2.4%
kernel SVR

Linear kernel SVR 1.0% 1.1% 0.7% 2.2% 2.0% -1.7%
Polynomial kernel 0.3% 0.5% 2.9% 1.1% -7.8% -1.0%
SVR

Random forests -0.6% -0.8% 0.6% 1.0% -4.4% -5.0%
EXtre.me gradient 2.4% -1.0% 5.5% 0.1% -1.7% -3.8%
boosting

Ordinary least-

squares linear | -3.8% 1.7% -7.6% 3.2% 8.2% -2.1%
regression

Ridge regression -2.3% 0.5% -5.7% 1.4% 8.8% -1.6%
Least absolute

shrinkage and | -3.8% 0.8% -7.6% 2.0% 8.2% -2.3%
selection operator

Elastic net -2.3% 0.6% -5.7% 1.8% 8.8% -2.6%
Artificial neural -9.7% 0.2% -9.0% 0.7% -11.7% -1.2%
network

The running time of applying machine learning models in building heating and cooling

EUI prediction is shows in Figure 10, varies from 0.032 seconds for elastic net to 0.769

seconds for extreme gradient boosting. All ten machine learning models studied are

able to predict the heating and cooling EUI of 110 buildings within 1 second, while

using UMI to simulation heating and cooling EUI of one building takes at least 10

seconds. The machine learning models can speed up the building heating and cooling

EUI prediction for more than 1000 times, the swift speed benefits the large scale

building stock energy prediction by greatly reduce the prediction time it takes. The

machine learning models’ running time and UMI simulation time presented above are

based on a ThinkPad personal computer with Intel Core i7-6500U Processor, 8 GB
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RAM, and Windows 10 64-bit operating system. The times may vary when using a

different computer.
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Figure 10: The running time of applying machine learning models in building heating
and cooling EUI prediction of 110 buildings in testing set(SVR-R: Gaussian radial basis
function kernel support vector regression; SVR-L: linear kernel support vector
regression; SVR-P: polynomial kernel support vector regression; RF: random forests;
EGB: extreme gradient boosting; OLS: ordinary least-squares linear regression; RR:
ridge regression; LASSO: least absolute shrinkage and selection operator; EN: elastic
net; ANN: artificial neural network)

4.5. Evaluation of building stock retrofit energy saving potential

This section demonstrates the application of machine learning model in building stock
retrofit energy saving potential evaluation. As Gaussian radial basis function kernel
SVR performed the best at the whole stock level, it is utilized to show the energy saving
potential of upgrading building envelopes for entire stock. Assuming to improve the
building thermo-physical performance by ensure all buildings’ envelope meet the latest
standard. The building envelope thermo-physical characteristics for older buildings,

including pre-2015 non-residential buildings and pre-2010 residential buildings, after
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retrofit are shown in Table 5.

Table 5: Assumed building envelope thermal-physical characteristics after retrofit

Building envelope thermal-physical characteristics

U-values (W/m?K)

Building Construction
‘ ) Infiltrations
unction age .
Windows
Walls Roof Slab (ACH)
(U value/SHGC)
Non-residential Pre-1990 0.5 0.69 0.7 2.50/0.34 0.15
building 1990-2005 0.5 0.69 0.7 2.50/0.34 0.15
2005-2015 0.5 0.69 0.7 2.50/0.34 0.15
Residential Pre-2001 0.83 0.8 1.31 2.67/0.34 1
building 2001-2010 0.83 0.8 1.31 2.67/0.34 1

The gross space heating and cooling energy consumption figures for all the buildings

in the testing set before and after retrofit are shown in Figure 11. By improving the

building envelope, energy consumption reduction is achieved in both space cooling and

space heating, with the latter showing a more substantially decrease. The building

retrofit performance evaluation using Gaussian radial basis function kernel SVR is

straightforward, use the updated U-values and infiltration rates together with other

predictor variables which stay unchanged, a swift estimation of the building space

heating and cooling demand after retrofit can be achieved. Compared to re-run UMI

simulation with updated building envelope thermal-physical characteristics, the

machine learning model is faster and less computation intensive.
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Figure 11: The gross space heating and cooling energy consumption before and after

retrofit

5. Discussions and limitations

Starting from training and validation set generated by UMI small scale building stock
dynamic simulation, machine learning models are developed via pre-processing and
training. The performances of the machine learning models are tested using the UMI
generated test set, the comparison shows that machine learning models can replace UMI
to predict the heating and cooling energy consumption of single-function buildings in
Chongqing with accuracy. Moreover, their swift running time enables potential large-
scale building stock energy consumption prediction. The hybrid approach proposed in
this study provide a way to give an insight view of the space heating and cooling energy
consumption of residential and non-residential building at a large scale building stock.

Which helps the understanding of the current energy used in adjust the building indoor
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thermal conditions. This provides a solid start point for energy conservation related
policy making when the real space heating and cooling energy consumption data is not
available due to reasons like lack of monitoring. As detailed building characteristics are
used as the predictor variables of the machine learning model, the energy-saving
potential of various building retrofit options can be evaluated by the machine learning
model. The identification of the best performed retrofit option can support policy
making about large scale building stock energy conservation. Moreover, machine
learning modelling is easy to use even for people without great knowledge about
building thermal physics, so will also be a handy tool for the general public to evaluate

the retrofit energy-saving potential of various retrofit options.

Although the hybrid approach proposed in this study can predict the building space
heating and cooling energy consumption, the lack of public available building energy
consumption datasets in Chongqging hinders the validation and calibration of the model
to real building energy consumption. The collection of real building energy
consumption data remains as a very important task to understand and bridge the
performance gap between predicted energy use and actual energy use [105]. Moreover,
collecting other building characteristics information, including construction type,
construction material, HVAC system, retrofit history record, etc., is also very important

in give a true building profile and support building energy consumption calibration.

This study also bears the limitation of considering only the single-function buildings,

future works should be carried on to collect detail floor area function information and
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develop data-driven building energy consumption approach for mixed-use buildings.

6. Conclusions

This study investigated the process of utilizing a hybrid approach to predict building
space heating and cooling energy consumption for both residential and non-residential
buildings to support large scale building stock energy modelling. Considering the
commonly building energy data lacking, the hybrid approach has been used to combine

the advantages of both physical modelling and data-driven approaches.

Based on the building energy consumption data generated by UMI physical modelling,
ten different data-driven machine learning models, including Gaussian radial basis
function kernel SVR, linear kernel SVR, polynomial kernel SVR, random forests,
extreme gradient boosting, ordinary least-squares linear regression, ridge regression,
least absolute shrinkage, and selection operator, elastic net and artificial neural network,
have been trained to predict heating and cooling energy use intensity for both residential
buildings and non-residential buildings (containing educational buildings, hospitals,
hotels, malls, and offices). Building characteristics are utilized as predictor variables of
those machine learning models, including geometry characteristics, envelope thermal-
physical characteristics, HVAC system characteristics and internal gains characteristics.
With known predictor variables, the machine leaning models are able to predict
building heating and cooling energy use intensity at individual building level. A case

study in Chongging city (China) has been used to demonstrate the proposed process
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and test the prediction accuracy of machine learning models. The main findings are

summarized as follows:

Machine learning models can handle both residential and non-residential
building energy consumption prediction using a single model, so there is no

need to generate multiple models according to different building functions.

Machine learning models can accurately predict building heating and cooling
EUI, with polynomial kernel support vector regression, predicted 85.5% of
building heating EUI within £10% of relative error and Gaussian radial basis
function kernel support vector regression predicted 91.8% of building cooling

EUI within +£10% of relative error.

The polynomial kernel SVR has the best accuracy in the individual building
level, with NMAE and NRMSE for heating EUl as 7.3% and 17.3%
respectively; NMAE and NRMSE for cooling EUI as 4.3% and 6.2%

respectively.

The Gaussian radial basis function kernel SVR performed the best in the whole
stock level, with a relative error of only -0.2% and -0.3% respectively for

heating and cooling prediction.

Use machine learning models for building heating and cooling energy
consumption prediction is more than 1000 times faster than UMI physical

modelling, their swift speed proved their potential in large-scale building stock
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energy modelling.

By integrating physical modelling with data-driven machine learning techniques, the
hybrid approach for modelling heating and cooling energy consumption of building
stock is no longer rely on the availability of building energy consumption data.
Moreover, it can speed up the process of building stock modelling by decrease the
number of buildings to be physically simulated and dramatically cutting down the
processing time. The generated machine learning model can be applied to quickly
predict building space heating and cooling energy consumption at the stock level, as
well as evaluate energy saving potential of different building stock retrofit options. This
is of great help for building energy conservation related decision makings, it not only
provide an insight view of the current space heating and cooling energy consumption
when the monitored data is not available, but also able to compare various retrofit
measures and select the best one to be implicated in the whole stock. Although the
hybrid approach is only demonstrated in Chongging in this paper, it can be easily

replicated in other cities and countries.
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