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In this paper, we construct a unique database for 1228 residential buildings in Hong Kong to investigate
how the spatial features of these residential buildings affect the electricity consumption in the communal
area. We choose Hong Kong for this analysis as the city owns a large number of standard-type residential
buildings managed by the public institution, which could be affected strongly by environmental policies.
Both the machine learning method, based on the Least Absolute Shrinkage and Selection Operator
(LASSO), and econometric regressions are adopted to analyse the data. We first utilize the machine learn-
ing LASSO technique to identify the most relevant factors for the subsequent econometric analysis. Our
results show that the electricity demand for relatively low consumption building types, such as Twin
Tower, is 6% lower than that of the high consumption building types. Newly constructed buildings usually
belong to the medium consumption types, with the estimated monthly electricity consumption per
apartment in communal areas to be around 50.2 kWh on average in 2020. These findings shed light on
the nexus between spatial features and energy use for complex buildings, potentially contributing to
the better crafting of energy-saving policy and the improvement of residential building programmes.

� 2021 Elsevier B.V. All rights reserved.
1. Introduction

An excessive emission of greenhouse gases has become a global
issue that is directly linked to climate change and poses imminent
threat to the wellbeing of humankind. One of the main causes
behind this worrisome phenomenon, as elucidated by many schol-
ars, is the massive growth in energy consumption in modern cities
[1], which is estimated to cover>25% of total primary energy sup-
ply in many places of the world [2,3]. Following the government’s
commitment to reducing the energy consumption in buildings,
many profit-driven operators of residential buildings have imple-
mented sustainable strategies in the energy controllable spaces,
known as the communal areas [4], to fulfil their corporate social
responsibility and reduce operating costs. The communal areas,
including lobbies, lift halls, corridors, janitor’s rooms, and offices
for facility management staff, are the nonprivate space where the
building users can access to support most of their living functions.
Dissecting the general impacts of buildings’ spatial features on
electricity consumption in the communal area is, thus, of great
interest and importance to a wide range of stakeholders. Since res-
idential housing is mainly operated by private facility management
companies in many jurisdictions, only a small number of individual
buildings can be accessed and studied for academic purposes [5,6].
In Hong Kong, however, approximately 30% of the population live
in public rental housing (PRH) flats which are run by Hong Kong
Housing Authority – a government-funded public agency. In those
houses, building operators are responsible for the electricity con-
sumed in the communal areas, which accounts roughly for 19.1%
of the whole building’s electricity consumption [7]. This cen-
tralised operational setup offers us an opportunity to delve into
the ins and outs of the communal areas on a relatively large scale.

In terms of the spatial configuration, 15 types of buildings have
been developed under the PRH scheme (see Appendix A for the
image of typical configurations) over the past half century. Yet,
our understanding of their impacts on electricity consumption in
the communal areas is quite limited. To fill this research lacuna,
we first conduct an empirical analysis in this paper to crystalize
the influence of building types on energy consumption. Specifi-
cally, we construct a unique database consisting of 177 estates
and 1228 buildings between 1954 and 2016, each of which is
attached with three-year electricity consumption data in its
communal areas. Moreover, we adopt a machine learning
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Nomenclature

A Area, m2

Age Building age in the analysed year
Apa Apartment number in the whole estate
CVRMSE Coefficient of variance of rooted mean squared error
Et The electricity consumption of communal areas in the

estate in a specific year, GWh
FA Floor area of the estate, m2

HK3030 The campaign that aims to reduce the electricity con-
sumption of buildings by 30% by the year 2030

NoB Number of blocks that are constructed in the estate
R1 Region 1: Kowloon, Hong Kong SAR

R2 Region 2: Hong Kong Island, Hong Kong SAR
RMSE Rooted mean squared error
SA Surface area of the building, m2

Type L The building types that have lower communal electric-
ity consumption based on the surveyed data

Type M The building types that have medium communal elec-
tricity consumption based on the surveyed data

Type H The building types that have higher communal electric-
ity consumption based on the surveyed data

Fig. 1. Average monthly electricity consumption per apartment in the communal
areas of PRH in Hong Kong.
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technique - the Least Absolute Shrinkage and Selection Operator
(LASSO) regression - to not only assist in the empirical analysis
of energy consumption, but also identify the most correlated vari-
ables [8]. To raise public awareness on the importance of building
physics from a socio-technical perspective [9], we further associate
our main empirical findings on building physics with policy sug-
gestions in regard to the improvement of energy performance for
different types of buildings. Finally, this paper applies out-of-
sample predictions to estimate the consumption trend, the poten-
tial of which can be maximized to achieve improved operation and
management practices.

2. Background

2.1. Background of public rental housing in Hong Kong

As a state-managed programme, the public rental housing
(PRH) scheme was first introduced to provide affordable housing
to low-income families. Since its inception over fifty years ago,
PRH has become one of the most substantial welfare products in
Hong Kong [10]. At the end of 2018, 29% of the total Hong Kong
population lived in PRH [11], the constructed area of which
reached 25% of the total land area of the city. Unsurprisingly, the
PRH constitutes a large proportion of total electricity demand for
residential buildings. According to the statistics released by Electri-
cal & Mechanical Services Department (EMSD) [12], the public
housing estates consumed 3.1TWh electricity in 2016, which
accounted for approximately 30% of the total electricity consump-
tion for residential buildings in Hong Kong.

Public rental houses are constructed in all three regions of Hong
Kong (New Territories, Kowloon and Hong Kong Island). The con-
struction speed peaked between 1980 and 2010, with 57% of the
existing estates completed during this period [13]. The majority
of these estates are located in New Territories and Kowloon. Hong
Kong Island has comparatively much fewer public estates than the
other two regions and the pace of construction has continuously
slowed down to date. Since public houses are mainly built for
low-income residents, the relatively high housing price in Hong
Kong Island is probably a reason that a small number of PRHs is
located in this region. For cost-control purposes, in addition, PRH’s
building blocks are normally designed as standardised shapes in
Hong Kong. This is because low-cost houses can be more cost-
effectively built and maintained under the standard design than
under individualized, one-off designs commonly used for private
residential buildings. One previous study on the ‘‘Harmony” build-
ing type in Hong Kong has shown that the energy demand in res-
idential buildings can be noticeably reduced through the
standardised design [14]. All these facts combine to indicate that
the facilities used in the communal areas are highly consistent
2

among the PRHs, hence providing less biased samples for our sub-
sequent empirical analysis.
2.2. Electricity consumption in communal areas

For the PRHs in Hong Kong, electricity bills are charged sepa-
rately for apartments and communal areas; it should be noted that
the electricity expense of the latter is covered by the Hong Kong
Housing Authority. As a matter of fact, electricity consumption is
of top interest to policymakers, as it is not only directly related
to the defrayment of operation cost (0.4 billion HKD in 2016),
but also influences the government’s public image of environmen-
tal responsibility. Based on the results of a survey that investigated
the electricity consumption in Hong Kong’s communal areas, the
average monthly usage was 69.4 kWh per apartment (~20% of
the whole building electricity consumption) in the fiscal year
2007–2008 [7]. Compared with residential units whose electricity
consumption is immensely reduced when residents are off for
work or school in the daytime, longer operation time (24/7) of
communal areas can be one of the primary reasons behind their
proportionally large consumption of electricity. In view of this pos-
sibility, the Hong Kong Housing Authority in recent years has been
constructing various types of PRH buildings and implementing sus-
tainable strategies such as replacing the incandescent light bulbs
with high-efficiency ones and installing solar hot water heaters
for hot water supply in the communal areas. As shown in the Sus-
tainability Report 2017/18 [15], the communal electricity con-
sumption has been continuously decreasing over the past few
years (see Fig. 1). In 2014, the average monthly electricity con-
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sumption per apartment in the communal areas was 54.9 kWh/
apa, and this value was reduced by 4–52.7 kWh/apa in 2015. In
2016, it further dropped to 51.2 kWh/apa, achieving the histori-
cally lowest energy consumption level. These figures have clearly
showed that the sustainable measures taken by the Hong Kong
Housing Authority are highly effective.

2.3. Survey and data interpretation

By virtue of the sources made publicly available by the Hong
Kong Housing Authority and epidemiological data for Hong Kong
building stock, our study creates an original database containing
the entire 177 completed PRH estates in which 1228 buildings
have been included by 2016 [16]. The data collected for each estate
include the three-year (2014–2016) reported electricity consump-
tion of communal areas, number of apartments and occupants,
floor areas, building types, regions, building age, and number of
blocks. This unique database equips us with an overall environ-
mental overview for the PRH stock in Hong Kong.

2.4. Distribution of electricity consumption in communal areas

The distribution of electricity consumption in communal areas
is assessed by counting the number of estates in different electric-
ity consumption ranges. The first graph in Fig. 2 shows the distri-
bution of annual electricity consumption for the estates in the
years 2014, 2015 and 2016. Due to the limited coverage of the sub-
metering system, the building-level electricity data are not fully
available. Nevertheless, the estate-level electricity consumption
in all the three years concerned still shows a skewed shape to
the lower end, where the annual electricity consumption for
Fig. 2. A comparison of communal area’s energy distribution of (a) annual electricity co
consumption per occupant, and (d) annual electricity consumption per floor area from 2

3

communal area is <5200 MWh among approximately 90% of the
public houses.

In order to analyse the pattern of electricity consumption when
the influence of building occupancy and size are controlled for, we
introduced three new indicators: the annual communal area elec-
tricity consumption per apartment (E/apa), per occupant (E/occ),
and per floor area in m2 of the whole building (E/fa). When all these
indicators are referenced, any individual building-level biases can
be eliminated and more robust results of consumption intensity
will be attained. The descriptive statistics of the three indicators
are illustrated in Fig. 2, with the mean values of 620 kWh,
228 kWh and 11.5 kWh for E/apa, E/occ and E/fa respectively in
2016. These values are slightly greater – with a <5% difference –
in 2014 and 2015.

As the conservation of building energy is a gradual process, the
energy performance of buildings should be reviewed over a longer
time horizon. According to the survey results for 28 public houses
in 2008 [7], the values of the three indicators (E/apa, E/occ and E/
fa) are respectively 832 kWh, 287 kWh and 16.2 kWh. By compar-
ing these statistics with their counterparts in 2016, it is obvious
that there is a 24% electricity saving on average over the past
8 years. The electricity per floor area recorded the most significant
decline, reaching almost a 30% reduction in the comparison period.
The increased average floor area per apartment in modern PRHs is
perhaps a major reason that the electricity consumption per floor
area has decreased at a greater rate than that per apartment and
per occupant. That is, the same amount of electricity reduction
results in a comparatively higher percentage savings per floor area.

Fig. 3 shows the correlations between building ages and E/apa,
E/occ and E/fa derived from the whole surveyed data. From the
standpoint of the aforementioned three indicators, the greater
nsumption, (b) annual electricity consumption per apartment, (c) annual electricity
014 to 2016.



Fig. 3. The correlations between building ages and the three indicators of electricity
intensity (E/apa, E/occ and E/fa) in the communal areas of the surveyed public
houses.
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building age means the lower energy consumption on average for
building aged from 10 years to over 50 years. This negative corre-
lation between age and consumption might be related to the ser-
vice improvement in the communal areas. The initial function of
the communal areas is for residents to pass by; lighting and lift
are the key components consuming electricity. As time goes by,
the communal areas in modern public houses have begun to shoul-
der increasingly diversified functions; newly added components,
such as common rooms and offices for facility management, thus
result in higher electricity demand. With that said, the Hong Kong
Housing Authority in recent years has taken the initiative to not
only implement sustainable measures to help save electricity con-
sumption in the communal areas, but also publish the sustainability
report on a yearly basis. These efforts are reported to have con-
tributed to a successful reduction in the unit electricity consump-
tion, evidenced by the decreased energy indictors for the young
buildings (<10 years) shown in Fig. 3.

2.5. Building types of public rental housing

Throughout the over 60-year history of public rental housing in
Hong Kong, various types of buildings have been constructed with
different shapes in the communal areas. We have surveyed in this
study 177 estates and summarised the three mostly constructed
types in each decade in Table 1. It shows that ‘‘Slab” had been
the most popular building type in Hong Kong before 1990. In the
1990s, ‘‘Harmony 1” became the most dominant building type
because of its highly standardised design guidelines. It was also
the all-time most frequently adopted type, as the construction
Table 1
The top three constructed types of public rental houses in each decade.

Year of intake Top 3 most constructed types

before 1970 Slab Non-standard -

1970–1980 Slab Twin Tower H Shape
1980–1990 Slab H Shape Linear
1990–2000 Harmony 1 Small Household Block Non-standard
2000–2016 Non-standard Harmony 1 Cruciform, NCB
Overall Harmony 1 Slab Non-standard

4

activity in Hong Kong peaked during this very same time period.
In recent years, the construction types of public houses have begun
to look much more diverse and follow fewer standardised proto-
types. The resulting non-standard type is developed to not only
suit the complexity of the site and topographical conditions, but
also configure modern electric facilities in the communal areas.

To evaluate the energy performance of the building types, we
first calculate the average consumption indicators (E/apa, E/occ
and E/fa) for all the 15 types. We then classify them into three
groups (i.e., type-L, type-M, and type-H), which respectively repre-
sent the building types that have low, medium and high levels of
electricity consumption in the communal areas. The classification
is based on the average percentile of the three energy indicators
(E/apa, E/occ, and E/fa). For instance, the Ziggurat buildings have
all of their three indicators staying within the lowest 20% zone,
then this type is classified into the type-L group. Table 2 shows
the calculation results and the list of types included in each of
the three groups.

As can be seen from the Table 2, there are 5 types (i.e. Ziggurat,
Twin Tower, Slab, Trident, and H-shaped) that have the average
percentile lower than 40%. They are therefore classified into
type-L. Ziggurat is reported to have the lowest values against all
three electricity consumption parameters, which may be caused
by the compact configuration of the communal areas. However,
this building type has only been applied in one estate in Hong
Kong, and more illuminating evidence may be required to make
sense of its outstanding ability on electricity conservation. Build-
ings with an average consumption percentile that ranges between
40% and 60% will be categorized as type-M. There are 4 kinds of
type-M buildings, among which the Small Household Block
deserves special attention given its relatively moderate E/apa and
E/fa but high E/occ. This might be explained by the low density
of occupancy in those small household blocks where the commu-
nal areas serve relatively fewer people in the building. Finally, Har-
mony 1, Harmony 2, Harmony 3, Cruciform, Concord, and I-shaped
belong to the type-H group, as they are attached with relatively
high values for electricity consumption across all the three indica-
tors. It is interesting to note that all the Harmony types popular-
ized in the 1990 s, except for Harmony Rural, have high
electricity intensity. Harmony 2 is particularly electricity-
consuming, as its E/apa, E/occ and E/fa values are all above the
90% percentile.

2.6. The impacts of building types on electricity consumption

Studies have shown the important role that a proper design
plays to the energy efficiency of high-rise, multi-family houses.
In 2009, 12 buildings were surveyed in the US and it was found
that energy efficiency design provided energy savings for both
existing and new multi-family buildings, reducing the operating
cost and making them affordable [17]. In Hong Kong, a city-scale
study showed the clear correlation between the annual electricity
consumption of residences and their physical features, such as
floor areas and thermal transmittance [16]. Similarly, based on
the results of the explicit average electricity consumption. The pre-
ceding sections have demonstrated how building types vary in
their energy features. To generate a clearer and more nuanced
understanding of the energy performance of buildings, nonethe-
less, pinpointing and quantifying the correlation between the
building types and electricity consumption in the communal areas
are required. Conventional studies commonly used energy simula-
tion to estimate the energy consumption of individual buildings. In
the context of public housings in Hong Kong, a prior study using
simulation tools was conducted to identify the key impacts of a
sample building on cooling energy uses [19]. However, the practi-
cal usefulness and explanatory power of the model used in these



Table 2
The classification of the public houses in Hong Kong.

Building Type Building
number

E/apa
(kWh)

Percentile of E/
apa

E/occ
(kWh)

Percentile of E/
occ

E/fa (kWh/
m2)

Percentile of
E/fa

Average
percentile

Type
classification

Ziggurat 6 354.0 <10% 167.7 10–20% 7.8 10–20% <40% Type-L
Twin Tower 61 488.9 20–30% 171.8 10–20% 9.3 20–30% <40% Type-L
Slab 232 506.2 20–30% 194.0 20–30% 9.7 20–30% <40% Type-L
Trident 26 590.0 40–50% 223.9 40–50% 8.5 20–30% <40% Type-L
H-shaped 101 523.7 30–40% 194.4 20–30% 11.0 40–50% <40% Type-L
Linear 42 624.7 50–60% 229.7 40–50% 10.3 30–40% 40–60% Type-M
Non-standard 213 580.0 40–50% 226.3 40–50% 11.7 50–60% 40–60% Type-M
Harmony Rural 9 728.9 70–80% 238.1 50–60% 8.8 70–80% 40–60% Type-M
Small Household

Block
51 640.8 50–60% 255.7 70–80% 10.9 40–50% 40–60% Type-M

Harmony 1 282 715.4 60–70% 251.8 60–70% 12.2 50–60% >60% Type-H
I-shaped 48 683.7 60–70% 245.4 60–70% 13.0 60–70% >60% Type-H
Harmony 3 38 736.4 70–80% 263.5 70–80% 12.5 50–60% >60% Type-H
Cruciform 69 835.3 80–90% 262.7 70–80% 13.3 70–80% >60% Type-H
Concord 23 977.6 >90% 269.0 70–80% 16.8 >90% >60% Type-H
Harmony 2 27 912.0 >90% 283.9 80–90% 16.0 >90% >60% Type-H
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studies are questionable, as it has to be inevitably based on various
assumptions in which many unpredictable factors are unaccounted
for [20,21]. Admittedly, if a relative long observational period is
allowed, in-situ monitoring can serve as a practical method for
obtaining empirical results closer to the actual energy performance
of the existing buildings. However, the representativeness of the
selected building can still be doubted and the findings may hardly
be able to survive broader interpretations [22]. To tackle these
problems, top-down approaches have been developed and often
used in benchmarking and small-scale studies. In 2013, a
researcher capitalized on data collected from 465 school buildings
in the UK and found that the compactness and the age of the build-
ings might be the two key factors affecting their levels of annual
electricity consumption [18]. A limitation of this approach, how-
ever, is its inability to construct universal databases containing
idiosyncratic building stocks. To dissect the impact of spatial
design types on the energy consumption in the residential commu-
nal areas, this paper thus presents a unique database in which a
top-down energy benchmark covering the whole public housing
stocks in Hong Kong is created. By exploiting the survey data and
through taking advantage of econometric and machine learning
techniques, additionally, this paper builds an empirical model to
quantify the impact of various spatial design types on the electric-
ity consumption in the residential communal areas in Hong Kong.
2.7. Theoretical and empirical models

Numerous models were applied to evaluate the patterns of end-
use energy demand both in Hong Kong and in other places. While
developing a housing energy model that used variables such as
building counts and technical components in the following few
years, Hirst et al. [23] recognized the difficulty of maintaining
the real-time accuracy of these variables in the analytical process.
The electricity consumption of residential buildings in Hong Kong
in 2008 was predicted by Cheung et al. [7]. They factored floor
areas and household numbers into their econometric model,
expressed as Ei ¼ f Apai; Faið Þ; to estimate the total electricity con-
sumption. Possibly due to the small surveyed samples, however,
the correlation analysis was not applied in their research.

Unlike conventional wisdom that focuses on the energy assess-
ment of small numbers of individual buildings, this study is posi-
tioned within a broader end-use energy context. By examining
all 177 public rental estates in Hong Kong, we attempt to unearth
the correlation between the communal areas’ electricity consump-
tion and other building features, such as the building types. Being
cognizant of the fact that building types may not be the only factor
5

that affects the electricity consumption of communal areas, we
also take other building-related features into account. In this
research, specifically, the regression model uses unit numbers
and the floor area to respectively represent the population and
the size of the estate, which are the two key factors found to be
positively correlated with the electricity consumption in previous
studies [7,22]. Other factors incorporated into our model were
already detailed in Section 3. It is worth noting that the effects of
the building age on the consumption of electricity was contentious
among scholars in past studies. One study in Netherland found that
the building age was insignificantly correlated with the electricity
consumption, evidenced by a close-to-zero slope coefficient [24]. A
recent study from Basel, Switzerland, also showed that older build-
ings could actually consume less energy due to their lack of appli-
ances [25]. These discoveries are starkly inconsistent with the
established belief that old-fashion building types, such as Slab
and Twin Tower, belong to the type-L group. In addition, surveying
the number of blocks in each estate in one of the densest cities in
the world, a U.S-based study found that higher building density
could be associated with lower household energy consumption
[26]. Finally, by covering Hong Kong’s three main regions: namely
Kowloon, Hong Kong Island, and New Territories, out study is also
able to investigate the regional effects. In summary, the electricity
consumption of each estate’s communal area can be defined
implicitly as Eq. (1) shown below.

Ei ¼ f ðTypei; Apai; Fai;Agei;NoBi;RegioniÞ ð1Þ

where E is the annual electricity consumption of the communal
areas in estate i. Type is defined in accordance with Table 2 for each
building. Apa shows the total number (units) of apartments in an
estate. Fa is the total floor area in an estate. Age is the building
age. Nob is the number of blocks. Region shows the part of Hong
Kong in which the building is located.

In terms of variable measurements, we identify the building-
level spatial features based on the type classification in Table 2
and construct three variables – Type L, Type M, and Type H – to rep-
resent the number of buildings in each of the three types for every
estate. Including different numbers of buildings, imaginably, differ-
ent types contribute in varying degrees to the overall electricity
consumption in a certain estate. For example, the Ap Lei Chau
Estate consists of 8 residential buildings in the type-L group and
none in the other two type groups. The variable values are thus
eight, zero, and zero for Type L, Type M, and Type H, respectively.
By virtue of this approach, the model becomes better able to esti-
mate the electricity consumed by the number of buildings in each
type in an estate. The computed results will ultimately deepen our
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understanding of the impact of building-level spatial types on the
overall estate electricity consumption. Besides, as Hong Kong can
be generally divided into three regions, we create two dummies
(valued 0 or 1) – R1 and R2 – to represent the region where the
estate belongs to. If the estate is located in the Kowloon or Hong
Kong Island, R1 or R2 respectively equals 1. When both R1 and R2

equal 0, the estate is then in the New Territories. All variables used
in the regression model are summarised in Table 3.

2.8. Variable selection by machine learning technique: LASSO
regression

The existing literature has principally shown that some vari-
ables, such as the floor area, the building age, and building loca-
tions, have correlations with the whole building energy
consumption in Hong Kong [7,16]. However, this paper is one of
the first studies that aim to use econometric models to accurately
determine the impact of spatial features on the electricity con-
sumption in the communal areas. To this end, the selection of
the surveyed variables needs to be convincingly justified. For
example, due to data collinearity, the model can be critiqued for
yielding overestimated results. Machine learning techniques have
thus been applied to many statistical analysis to help select vari-
ables on the basis of excluding or including each of them. In addi-
tion to the commonly-used Ordinary Least Squares (OLS)
regression, this study also capitalizes on the Least Absolute Shrink-
age and Selection Operator (LASSO) regression to justify the selec-
tion of dependent variables. Firstly developed by Tibshirani [28],
LASSO regressions are run with a penalty function to enable a
shrinkage estimation of high-dimensional data. It uses L1 regular-
ization to give a shrinkage penalty and reduce the linear coeffi-
cients to zero. The key goal of the shrinkage is to minimise the
following parameters:

1
n

Xn

i¼1
yi �

X
j

xijbj

 !2

þ k
X
j

bj

�� ��
where

yi in this research represents the communal electricity con-
sumption of each estate, Ei;
xij in this research represents all the independent variables;
bj is the coefficient of each independent variable;
k is the tuning parameter which controls the strictness of the
penalty.

The machine learning method is then used to find the best com-
bination of the coefficients (some of them could equal zero) when
the above parameters reach their minimum values [8]. In this
manner, the advantage associated with ridge regressions and sub-
set selections is retained, inefficient coefficients are more easily
Table 3
Definition of variables and descriptive statistics.

Variable Variables definition and description

E* The electricity consumption in the estate’s communal areas (kWh
Type L Number of buildings classified as type-L
Type M Number of buildings classified as type-M
Type H Number of buildings classified as type-H
Apa* Apartment numbers in the whole estate
Fa* Floor area of the whole estate, in m2

Age Building age, in years
NoB Number of blocks constructed in the estate
R1 Dummy = 1 denotes that the estate is located in Kowloon
R2 Dummy = 1 denotes that the estate is located in Hong Kong island

*The regression takes the natural logarithm of the variables for linearization purposes. D

6

eliminated, and sparse models can be constructed. The robustness
of the OLS model can also be assessed as a result [29].

Selection of variables and their coefficients can be seen in
Table 4.

As can be seen from the results computed by the LASSO regres-
sion, none of the 9 variables has been excluded under the condition
of minimum deviance, as none of their coefficients equals zero. The
‘‘auto-retained” variables are thus highly consistent with the ones
initially measured in the survey, indicating the high validity of
including all the existing variables in the regression.

2.9. Econometric estimation results

Supported by the LASSO result, the regression model (Model 1)
used to estimate the annual electricity consumption of communal
areas in Hong Kong’s public rental houses can be expressed in the
form of (2).

Ei ¼ aþ b1typeLi þ b2typeMi þ b3typeHi þ b4Apai þ b5Fai

þ b6Agei þ b7NoBi þ b8R1:i þ b9R2:i þ ei ð2Þ

where a is a constant; b1tob9 are the coefficients of the variables
that are listed in Table 3. ei is the random error. In addition, we take
into account time variations by constructing a panel data model.
Eqs. (3) and (4) show the two panel data models (Models 2 and
3), where time effect is included in the model specification:

Ei:t ¼ aþ b1typeLi:t þ b2typeMi:t þ b3typeHi:t þ b4Apai:t
þ b5Fai:t þ b6Agei:t þ b7NoBi:t þ b8R1:i:t þ b9R2:i:t þ b10t

þ ei;t ð3Þ

Ei:t ¼ aþ b1typeLi:t þ b2typeMi:t þ b3typeHi:t þ b4Apai:t
þ b5Fai:t þ b6Agei:t þ b7NoBi:t þ b8R1:i:t þ b9R2:i:t þ cDT

þ ei;t ð4Þ

where t represents the year. Alternatively, we can create a time
dummy to replace the time trend in Eq. (3). DT in Eq. (4) is the year
dummy and c is its coefficient.

Through using the models shown in Eqs. (2) to (4), this paper
estimates the communal areas’ electricity consumption for three
years. Table 4 firstly lists the regression results of cross-sectional
data (Model 1). In general, the estimation results over a three-
year timespan have the adjusted coefficients of determination
(Adj R2, the indicator of the overall explanatory power of the
model) higher than 0.85, implying that a considerable amount of
the variation in the reported electricity can be explained by the
regressors included in our equations. The root mean square error
(RMSE) is also calculated to assess the goodness-of-fit level of
the model in relation to the electricity consumption in the commu-
nal areas of the public houses. The RMSE in this model is a measure
Mean s.d. Min Max

) 2,522,194 1,803,692 22,480 10,895,987
2.41 3.52 0.00 15.00
3.37 3.63 0.00 18.00
1.16 2.31 0.00 11.00
4,023 2,477 200 13,700
219,855 135,102 14,429 757,530
22.76 13.50 0.00 62.00
7.06 4.00 1.00 18.00
0.39 0.49 0.00 1.00
0.12 0.33 0.00 1.00

ata source: Housing authority and the Lands Department of Hong Kong [13,27].



Table 4
Results of LASSO regression.

Estimator Electricity consumption of communal areas in the
public rental houses

Year 2014 Year 2015 Year 2016

Type L 0.1108 0.188 0.1224
Type M 0.131 0.2084 0.1515
Type H 0.1711 0.2485 0.1889
lnApa 0.5516 0.4447 0.5608
lnFa 0.5111 0.6165 0.5299
Age �0.0056 �0.0032 �0.0007
NoB �0.1337 �0.2159 �0.1591
r1 �0.0273 0.022 0.0289
r2 0.1439 0.123 0.0554
_cons 4.0129 3.5484 3.617
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of the difference between the estimated and the reported con-
sumptions, which can be determined as follows:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP177
i¼1

EE:i � ER:ið Þ2

177

vuuut
ð5Þ

where EE:i is the estimated electricity consumption of each estate
found by the model, and ER:i is the estimated electricity consump-
tion of each estate reported by the Housing Authority.

It can be seen that the respective RMSEs are 0.3131, 0.3170 and
0.3391 for the years 2014, 2015, and 2016. CVRMSE, which is
determined by dividing the RMSE by the corresponding logarith-
mic annual electricity consumptions in the three years concerned,
has the respective values of 2.17%, 2.20%, and 2.36%. These results
combine to suggest that the regression model comes with a high
degree of precision in estimating the electricity consumption of
the individual estates.

Based on Eqs. (3) and (4), two panel data regressions have also
been performed, and the results are shown as Model 2 and Model 3
in Table 5. Similar to Model 1, models 2 and 3 give a good estima-
tion of the electricity consumption, evidenced by the adjusted R2

values of 0.8673 and 0.8674, respectively. The coefficients of time
variables (t, i.2015 and i.2016) are all significant (p < 0.01), indicat-
ing a clear negative time trend with regard to the electricity con-
sumption in the communal areas. In other words, the overall
public housing stock in Hong Kong has managed to have its elec-
tricity consumption reduced over time.

Generally speaking, the explanatory power of the model is high
(high adjusted R2 values). The slope coefficients of regressors in
both OLS and LASSO regressions are close to each other – the differ-
ences in coefficients are much smaller than that in standard errors
among the independent variables. This is a clear indication that the
OLS model used in Table 5 bears small overestimation risks.

The coefficients of the type variables vary from 0.11 to 0.25. As
expected, the smallest and largest values are respectively attached
to type-L and type-H buildings in all the three years. The average
difference between type-L and type-M buildings is around 0.02,
and between type-M and type-H buildings is roughly 0.04. These
differences can serve as indirect evidence of the viable effect of
building types on the electricity consumption in the communal
areas. These coefficient differences can also be interpreted from
the lens of electricity values. That is, holding other building fea-
tures identical, a type-M building on average consumes 2% more
in the communal areas than its type-L counterpart, and a type-H
building on average consumes an additional 4% in the communal
areas.

In terms of other variables, the coefficients of apartment num-
bers (Apa) and the floor area (Fa) have higher values across all
three years examined, denoting their strong impacts on electricity
7

consumption. As these two variables are proxies of the building
size and the residential density, the general compact configuration
of residential buildings in Hong Kong may be the biggest contribu-
tor to this result. Similar to the study done in Netherland [24], the
coefficients of building age in this model are associated with a low
confidence level. An intuitive explanation is that while new build-
ings probably have better energy-saving systems installed, the pro-
liferation of extravagant technologies could possibly offset the
benefits brought about by those energy-saving installations. As a
corollary, the rebound effect, caused by undesirable behavioural
responses to energy efficiency improvements, is at play and an
unclear relationship between the building age and the end-use
electricity consumption is demonstrated. [30,31]. For example,
extra technologies aiming to improve the user experience, such
as landscape lighting, are more likely to be used in new buildings
and become an extra source of electricity consumption.

The number of blocks (NoB) is negatively correlated with elec-
tricity consumption at a 99% confidence level. This means that the
estate with a larger number of blocks may use less electricity in the
communal areas, possibly because of the limited availability of
electrical appliances in the communal areas in those estates. The
model also finds that region has an unclear correlation with elec-
tricity consumption, meaning that any arguments pertaining to
the regional heterogeneity in the consumption of electricity in
Hong Kong are unsupported. This is mainly because all the public
estates in the city are developed by the Housing Authority, which
adopts highly standardized construction and operation practices
across regions.
3. Further analysis

3.1. What causes the differences in electricity consumption across
building types?

Both past studies and government reports have demonstrated
that the energy for lighting constituted a large proportion of total
energy consumption in high-rise apartment buildings, especially
in the communal areas where air-conditioning systems were not
commonly used [12,32]. Following this line of thought, in a city
where buildings are often densely arrayed like Hong Kong,
whether or not the daylight is properly utilised becomes a key
determinant in gaining success of energy conservation [33]. By
reviewing the typical plan plots of buildings, we find that the expo-
sure to daylight seems an important factor contributing to residen-
tial buildings’ less dependence on the artificial lighting in the
communal areas, as all the buildings in type-L and type-M groups
have a high window-to-floor ratio (up to 0.9). Using the Twin
Tower of type-L as an example, this type consists of two towers,
each of which is designed with corridors configured around the
central daylight atrium. As the corridors are fully exposed to the
daylight, a significant amount of energy use stemming from artifi-
cial lighting can be saved in the daytime. Similarly, both the H-
shaped and Slab of type-L buildings have daylight-exposed lift lob-
bies that can conserve the energy use from lighting systems. The
building type, Harmony Rural, also has half of its communal areas
directly facing the external environment, making it the only ‘‘Har-
mony” type that is not in the type-H group. The window-to-floor
ratios of the remaining ‘‘Harmony” types are generally below 0.3,
resulting in a high demand of artificial lighting systems throughout
the day. These findings, taken together, imply a potential relation-
ship between the window-to-floor ratio and the electricity con-
sumption, inviting further studies to quantify its correlation
coefficient using dedicated spatial surveys.

Apart from harvesting daylight, improving energy efficiency of
the lighting system might also be an effective avenue of energy



Table 5
Regression coefficients of variables that estimate the electricity consumptions of communal areas in the public rental houses in Hong Kong.

Estimator Electricity consumption of communal areas in the public rental houses

Model 1: cross-sectional model Model 2&3: Panel model

Year 2014 Year 2015 Year 2016 Model 2 Model 3

Type L 0.1143** 0.1898*** 0.1244*** 0.1512*** 0.1510***
(�0.0451) (�0.0339) (�0.0361) (�0.034) (�0.034)

Type M 0.1344*** 0.2102*** 0.1534*** 0.1807*** 0.1806***
(�0.0447) (�0.0333) (�0.0356) (�0.0335) (�0.0335)

Type H 0.1745*** 0.2502*** 0.1907*** 0.2190*** 0.2188***
(�0.0444) (�0.0326) (�0.0349) (�0.0328) (�0.0329)

lnApa 0.5481*** 0.4430*** 0.5591*** 0.5390*** 0.5393***
(�0.0971) (�0.092) (�0.0975) (�0.0917) (�0.0919)

lnFa 0.5148*** 0.6183*** 0.5318*** 0.5661*** 0.5658***
(�0.0964) (�0.0907) (�0.097) (�0.0912) (�0.0914)

Age �0.0057** �0.0032 �0.0007 �0.0004 �0.0004
(�0.0028) (�0.0028) (�0.0028) (�0.0027) (�0.0027)

NoB �0.1372*** �0.2176*** �0.1610*** �0.1898*** �0.1896***
(�0.0449) (�0.0321) (�0.0344) (�0.0324) (�0.0324)

r1 �0.0271 0.0222 0.0291 0.0172 0.0172
(�0.0521) (�0.0523) (�0.0557) (�0.0524) (�0.0525)

r2 0.1439* 0.1233 0.0556 0.0619 0.0616
(�0.0805) (�0.0814) (�0.0856) (�0.0804) (�0.0806)

_cons 3.9969*** 3.5402*** 3.6082*** 3.4191*** 3.4055***
(�0.5639) (�0.5494) (�0.5833) (�0.5488) (�0.5503)

t �0.0182***
(�0.005)

DT(2015) �0.0320***
(�0.0089)

DT(2016) �0.0364***
(�0.0100)

Adjusted R2 0.8693 0.8637 0.8555 0.8673 0.8674
RMSE 0.3131 0.3170 0.3391
CVRMSE 2.17% 2.20% 2.36%

***, **and* are 1%, 5% and 10% significance levels; standard errors are in parentheses.

W. Sheng, X. Kan, B. Wen et al. Energy & Buildings 242 (2021) 110976
conservation in the communal areas. A survey undertaken among
the PRHs in Hong Kong in 2004 found that the average lighting
power density of the sample buildings were as high as 19 W/m2

(doubling the thresholds in the Building Energy Code of Hong Kong
in 2015) with incandescent lamps commonly installed [34]. For the
modern Non-standardized type of PRHs, widely installed, high-
efficient lamps such as LEDs might be the key factor lowering these
buildings’ average electricity consumption [35]. Supplementary
measures of promoting daylight and reducing artificial lighting
can be applied to the new buildings. For instance, a well-
designed daylight control system can lead to a 62% energy saving
and 32% cost saving.

The compact arrangement can be viewed as another impact fac-
tor contributing to the lower energy consumption, as electricity
will be more efficiently and concentratedly used by the communal
area users in a compact building. When rooms are closely config-
ured next to each other, the required public area will be relatively
small and the corresponding provision of public facilities can be
curtailed. By looking closely into Trident from type-L and Harmony
2 from type-H, we find that apartments are much more loosely
arranged beside the corridors in Harmony 2 than in Trident,
despite the fact that both types are based on a triangle-shaped
design.

It has been suggested by the model that the building age may
not be a key factor in the prediction of electricity consumption
levels. With that said, a noteworthy finding is that the majority
of the buildings in the type-L group were constructed before the
1990 s, whereas more than half of the buildings belonging to the
type-H group were constructed between 1990 and 2010. From
the perspective of the unit electricity consumption in the commu-
nal areas, 1) an upward trend from the 1990 s to the 2000 s and 2) a
downward trend after 2010 (when buildings in the type-H group
have no longer been constructed) can be observed. This observa-
8

tion squares with the rise and fall of the average E/apa. E/occ and
E/fa values reported in Fig. 3 in Section 3.

3.2. Projections of the communal electricity consumption of the PRH in
the future

Choosing the total consumption volume in 2005 as the bassline
level, the Hong Kong government set the energy-saving target
titled ‘‘HK3030” in 2014, which aims to reduce the electricity con-
sumption of buildings by 30% by the year 2030 [36]. To meet this
energy conservation target, the Hong Kong Housing Authority
has taken a variety of sustainable interventions to its controlled
building spaces, which mainly are the communal areas in the pub-
lic houses. These interventions include increasing uptake of high-
efficiency systems and promoting behavioural education in the
sustainable use of appliances among citizens. Besides, it will also
be feasible to set a benchmark of future energy use based on the
current situation.

The estimation of future energy use can be conducted by using
the projected variables (refer Table 6) from 2017 to 2021 and run-
ning the constructed model (Model 1) for out-of-sample projec-
tions. We project both the annual electricity consumption of
public houses and the monthly average electricity consumption
per apartment. The former indicates the overall electricity con-
sumption of public houses, whereas the latter reflects the status
of the average electricity consumption by considering the size
effect stemming from an increasing total number of building apart-
ments in the city. Fig. 4 shows the values of the two indicators in
the periods from 2014 to 2015 to 2020–2021, which are then com-
pared with data published in the yearly sustainability report by the
Housing Authority [15,37–40]. The reported total annual electricity
consumption (the line chart with triangular points) indicates a fall-
then-rise pattern over the four reported years, with the minimum



Table 6
Data sources used to predict the communal area electricity consumption in PRHs
from 2017 to 2020.

Variables in the
model

Variable Projection

Type L Equalling 0 for the estimated years, as all of the public
houses built after 2010 are non-standard type which
belongs to the type-M group

Type M Equalling the number of buildings that are planning to be
constructed in each estate, as all of the public houses built
after 2010 are non-standard type which belongs to the
type-M group

Type H Equalling 0 for the estimated years, as all of the public
houses built after 2010 are non-standard type which
belongs to the type-M group

lnApa Projected by the construction plan of Housing Authority
[13]

lnFa Projected by the construction plan of Housing Authority
[13]

Age Derived by subtracting the completed year from the
studied year of the estate

NoB Projected by the construction plan of Housing Authority
[13]

r1 Projected by the construction plan of Housing Authority
[13]

r2 Projected by the construction plan of Housing Authority
[13]
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consumption of 434.6 GWh in the fiscal year 2016–2017. The esti-
mated annual electricity consumption by the model in this study
exhibits a similar trend in these four years. With an average differ-
ence of 1.4 GWh (approximately 0.3%) between the reported and
estimated outcome of interest, it is safe to conclude that the fore-
casting capacity of our projection model is reliable. The model also
predicts that the total electricity consumption might continuously
increase by 4–6 GWh per year in the periods of 2019–2020 and
Fig. 4. comparing an estimated monthly average electricity consumption per apartment a
2015 to 2020–2021 with the corresponding reported parameters from 2014 to 2015 to

9

2020–2021. This growth can perhaps be ascribed to the planned
increase of the total number of estates, the impacts of which to
the energy consumption far exceeds other factors discussed
throughout this paper, such as the building types.

In terms of the monthly average electricity consumption per
apartment, a declining trend can be found in both the reported
and estimated data. The reported consumption fell from 54.9
kWh/apa in 2014–2015 down to 49.9 kWh/apa in 2018–2019,
the pattern of which coincides perfectly with model estimations
(an average difference of<0.2 kWh/apa). These results are a clear
indication that energy-efficiency buildings have been constructed
in numbers in the studied period. A worrisome phenomenon,
however, is that the decrease rates of the monthly average elec-
tricity consumption per apartment were dropping over time.
The estimated difference in electricity consumption between
2014 and 2015 and 2015–2016 is 2.2 kWh/apa, whereas this
gap narrows to merely 0.2 kWh/apa when we compare data from
2018 to 2019 with their counterparts in 2019–2020. A possible
explanation for the decelerating decrease rates might be that
the room for further improvement in energy saving has become
smaller and smaller as time goes by. Dating back to 2014, build-
ings with a high rate of electricity consumption in the communal
areas (e.g. buildings belonging to the type-H) constituted a large
share of the total number of public houses in Hong Kong. There-
fore, a significant reduction could be observed when new build-
ings with way better energy performance were established. By
2020, unfortunately, there has perhaps been little new land left
to continuously construct high-energy-performing buildings.
Unless we can make new breakthroughs by inventing and suc-
cessfully implementing some highly-creative, energy-efficiency
measures, the pace of decrease in the monthly average electricity
consumption per apartment is expected to further slow down in
the future.
nd the annual electricity consumption in the communal areas of PRHs from 2014 to
2018–2019 publicized by the Housing Authority.



Fig. 5. a comparison of the results obtained from the adopted model vis-à-vis two
robustness check models Note: specified as Eq. (2), Model1 represents the adopted
model in the research. Robust1 replaces Apa with Occ to verify the robustness of the
population variable. Robust2 replaces FA with SA to verify the robustness of the
building size variable.
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3.3. Robustness check: Alternative variable measures

As estimated by the model, all the communal areas of the public
houses in Hong Kong are expected to consume 453.3 ± 9.8GWh
electricity (at a 95% confidence level) in the estimation period of
2019–2020. To justify the use of the variables, two models for
robustness checks have been constructed (Robust 1 & 2). Similar
to the number of apartments, the number of occupants may also
indicate the residential density in each estate. Therefore, as for
the first round of robustness check (referring to Robust1 in
Fig. 5), we use the occupant number (Occ) to replace the existing
variable apartment number (Apa) in our model. The results show
that the total electricity consumption in the communal areas of
public buildings in 2019–2020 is 451.7 ± 9.1GWh, which resembles
our previous results. In the second robustness check model
(Robust2), we substitute surface area (SA) with the existing variable
floor area (FA) to represent the building size. When it comes to
evaluating the energy performance of buildings, SA can indeed be
one of the key factors affecting both the amount of total area that
is exposed to daylight and the amount of heat exchanged through
the building envelope. Empirically, SA and FA are highly correlated
(correlation factor = 0.94) in this study. When SA, instead of FA, is
incorporated into our model, we find that the total electricity con-
sumption in the communal areas of public residences in 2019–
2020 is around 452.7 ± 10.6GWh, mirroring our previous results
as well. Hence, our set of robustness checks concludes that the pre-
dictions made in this paper concerning the electricity consumption
in the communal areas of the public buildings in Hong Kong are
robust.

4. Conclusions

Residential buildings, especially those built in high-density
metropolises such as Hong Kong, are one of the largest electricity
consumption sources in the world. While various types of residen-
tial buildings have been constructed over the past 50 years, there is
little understanding about the effect of building types on electricity
consumption in the communal areas. This paper empirically shows
that the patterns of electricity consumption differs for different
10
building types in Hong Kong. Overall, type-L buildings have the
lowest electricity consumption: 2% and 6% less than their type-M
and type-H counterparts respectively. These findings suggest that
future residential buildings can be designed akin to type-L so that
the individual apartments can be more compactly arranged,
exposed to more intense daylight, and ultimately more efficient
in electricity consumption in the communal areas. On this note,
it is important for the architecture designer to take good care of
both the building shape and the dimensions for new projects. Addi-
tionally, the total number of units and floors are key factors affect-
ing the apartments’ overall electricity consumption, whereas the
location and the age of the buildings are far less important in this
regard. Although projections for the long-term trend of electricity
consumption may be difficult to achieve based on the consumption
data for the studied buildings over a three-year timespan, this
paper manages to use the empirical model (Model 1) to peer into
the short-term changes of electricity consumption. The results
show that the total electricity consumption in Hong Kong is
expected to increase until 2020 due to the steady intake of new
projects, though a continuous decrease in electricity consumption
per apartment is also anticipated.

Unlike mainstream inquires that concentrate on conducting
simulations and experiments on a limit number of individual
buildings, this paper sheds light on a large group of buildings
and proves the feasibility of using econometric regressions and
machine learning techniques to investigate the correlations
between building types and energy consumption in residential
buildings. The machine learning method, LASSO technique, shows
its problem-solving capability in variable selection and verification
stages. By looking into a large group of buildings, we are able to
eventually attain more robust empirical conclusions that can be
drawn on to aid pertinent policymakers and industry leaders in
their decision-making process. The findings related to the spatial
impacts can be further assessed and validated in regions with sim-
ilar population density where energy-saving in residential build-
ings contributes considerably to the accomplishment of local
energy targets.

This paper, admittedly, has limitations. The influence of some
spatial factors, such as the compactness of building blocks, on
energy consumption could significantly vary across low-density
regions in suburban areas. This deficiency calls for future supple-
mentary studies that heed large-scale samples and focus on inves-
tigating the impact of regional features on the energy-saving
property of buildings. In sum, it is our strong belief that the multi-
disciplinary methodology adopted in this paper can be applied to
solving other building-related energy issues, such as disentangling
the patterns of geographical energy use and deciphering the effects
of climate change. Equipped with broadened horizons and accu-
mulated knowledge, countries can further fine-tune their sustain-
ability strategies in the urban sphere and create a brighter future
for future generations.
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Appendix A. Descriptions of the 15 building types

The following gives a brief overview of the typical 15 types of public housing in Hong Kong. The plan layouts and photos are obtained
from the Hong Kong Housing Authority.
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