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Abstract: Social progress and economic development has resulted in the need to focus on the impacts
of building microenvironment on the energy consumption in office buildings. The concept of a
building’s microenvironment was introduced to understand the local microclimate around a building
that is formed by the surrounding urban green spaces, the distribution of roads, and building
proximity. For this research, we adopted a regression analysis to quantify the impacts of building
microenvironment on energy consumption in office buildings. Taking the government office buildings
of Guangdong Province as an example, we measured the building microenvironment through the
urban green space density, road density, and number of points of interest (POI) around the buildings.
The results showed that when the green space density increased by one unit, the energy consumption
in government office buildings was reduced by 0.277%. Moreover, an increase of 1% in road density
and in the number of POI increased the energy consumption in government office buildings by
0.288% and 0.048%, respectively. Furthermore, we discussed the heterogeneous impacts of building
microenvironment on the energy consumption in government office buildings at varying scale levels.
Green space and road density had less impact on the energy consumption in larger buildings, whereas
the number of POI had no significant impact on small-scale buildings but did have a significant
impact on large-scale buildings. There were also some limitations in the study. The data were
limited to government office buildings, and did not include panel data, as well as it lacked building
characteristics such as orientation, floor height, and building materials. In addition, it was impossible
to evaluate the impacts of meteorological factors such as wind speed and thermal radiation on energy
consumption in buildings. Nonetheless, our study demonstrates that energy-aware urban planning
and design have the potential to unlock energy efficiency for cities worldwide.

Keywords: building microenvironment; building energy consumption; government office buildings;
impact analysis

1. Introduction

To strengthen international cooperation in the fight against climate change, China has
set targets of reaching peak carbon dioxide (CO2) emissions before 2030 and achieving
carbon neutrality by 2060 (”dual carbon goals”). The building sector is one of the largest
energy-consuming sectors in the country [1]. In 2019, energy consumption in buildings
was 2.23 billion tons of standard coal (tce), which accounted for 45.8% of the total energy
consumption [2]. Recent urban expansion with continuously increasing built-up areas
have lead to rapid growth in building energy consumption in China. Therefore, to achieve
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the “dual carbon goals”, there is a need for the building sector (both residential and
commercial) to realize deep emission reductions. Office buildings in built-up areas are
the largest public and commercial buildings in China. Office buildings account for 30% of
the energy consumption in commercial buildings in China [3]. With social and economic
development, the size of the area of office buildings is expected to increase to 5 billion
square meters by 2035 [4]. Therefore, it is important to implement effective and reasonable
energy-saving and emission reduction measures to mitigate energy consumption in office
buildings.

Energy consumption in buildings is usually influenced by building characteristics,
such as building envelope, building service systems, building operation and maintenance,
occupant behavior, and indoor environmental conditions [5–8]. Notably, building energy
consumption is not only affected by the characteristics of the building but also by the
microenvironment around the building [9]. In this study, building microenvironment
refers to the local microclimate around a building formed by the surrounding urban
green spaces, roads, and other buildings. A slight change in a building’s location can
also change the building microenvironment, and the building’s energy consumption may
change rapidly. This phenomenon may be more evident in government office buildings.
For example, occupants in government office buildings tend to seek comfortable indoor
environments because they do not pay for energy expenses [10,11]. Therefore, energy
consumption in government office buildings is vulnerable to the impacts of building
microenvironment, which is the basic assumption of this study. Therefore, in this study, we
consider government office buildings to study the impacts of building microenvironment
on building energy consumption.

One of the components of a building’s microenvironment is urban green space cover-
age, and the impact of urban green space coverage on building energy consumption has
been widely investigated [12,13]. The research has shown that urban green spaces, such as
vegetation, green roofs, and water bodies, can reduce energy consumption in buildings by
moderating temperature and humidity [14]. Vegetation can reduce urban surface tempera-
ture [15–17], which further reduces energy consumption. Katia and Adriano (2014) found
that vegetation for cooling load demand was more effective at higher temperatures and
lower relative humidity [18]. Amir (2021) found that green roofs reduced the outdoor air
temperature and cooling energy of buildings [19]. Similar findings were also reported by
Mingfang and Xing (2019) [20]. In addition, the existence of water bodies can also produce
a cold island effect [21], which has an important impact on improving the thermal comfort
and also reducing energy consumption [22,23]. Urban green spaces include vegetation,
green roofs, water bodies, as well as parks, grasslands, and other urban green surfaces.
Therefore, broader urban green spaces should be considered to further explore and analyze
the relationships between building microenvironment and building energy consumption.

In addition to urban green space coverage, it is worth considering whether road
density can also affect the energy consumption in government office buildings. Road
density is closely related to traffic mobility. Heat emission from traffic mobility is an
important contributor to urban anthropogenic heat emissions [24] that further increase
cooling demand. Notably, the study of the impact of road distribution on building energy
consumption is at a nascent stage. Therefore, the relationship between road density and
energy consumption in government office buildings needs to be further explored.

The proximity of other buildings is also one of the important factors that influences
building energy consumption [25,26]. The proximity of other buildings can affect build-
ing energy consumption through occlusion or reflection. Mehaoued and Lartigue (2019)
adopted the ENVI-met simulation method and showed that a building shell could reflect
sunlight to adjacent buildings and surrounding areas, and therefore, the air temperature
around the buildings increased remarkably, which resulted in an increase in cooling de-
mand. In addition, mutual occlusion between buildings has also been shown to affect
their lighting demand [27]. Reflective buildings increase the cooling energy requirements
of buildings that are adjacent to the space. Mutual occlusion has been reported to affect
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building energy consumption more than that of reflective buildings [28]. However, these
studies were conducted using simulation methods. Such methods usually tested one or
several single buildings, and were difficult to carry out on an urban scale. It is complex and
time-soncuming to establish models and adopt simulation methods at urban levels. There-
fore, it is important to adopt an empirical method rather than a simulation method. For
this, we selected the number of POI to quantitatively analyze the impact of the proximity
of surrounding buildings on energy consumption in government office buildings through
regression analysis.

To achieve the aforementioned research goals, we considered the government office
buildings of Guangdong Province as the research object and we adopted the regression
analysis method to carry out the investigation. The establishment of the public building
energy consumption data publicity system in Guangdong Province, China, made it pos-
sible for us to study the relationships between building microenvironment and building
energy consumption. This system allows researchers to obtain data regarding the energy
consumption of a single government office building. By extracting real urban green space
coverage, the distribution of roads, building location, and other spatial elements in the city,
we can empirically analyze the relationships between building energy consumption and
building microenvironment in government office buildings. Owing to the availability of
public data on government office building energy consumption in Guangdong Province,
we decided to use the government office buildings of Guangdong Province as the research
objects. First, we comprehensively considered the building microenvironment formed by
urban green space coverage around a building and the distribution of roads and other
buildings adjacent to the building. Then, we adopted a regression analysis to evaluate
the relationships between building microenvironment and energy consumption in govern-
ment office buildings. Studying the impact mechanism of building microenvironment on
energy consumption in government office buildings will provide a suitable reference for
science-led planning and the layout of urban green landscapes and infrastructure, as well
as formulating energy conservation and emission reduction policies.

The main significance of this study are reflected in the following two aspects: First,
although some studies have considered the impact of urban green space on building energy
consumption [29,30], other building microenvironment elements, such as surrounding
roads and buildings, have usually not been considered. However, these elements are
also the main reasons for changes in a building’s microenvironment. To fill this research
gap, it is necessary to consider the relationships between building energy consumption in
government office buildings and surrounding urban green space coverage, road density,
and the proximity to other buildings. Meanwhile, it should be noted that most previous
studies have been carried out using simulation methods [31,32], which are difficult to
carry out from the urban level perspective. Therefore, it is necessary to evaluate these
quantitative relationships through empirical analysis. Secondly, few relevant studies
have presented detailed discussions on the heterogeneous relationships between building
microenvironment and building energy consumption in government office buildings under
different levels of building scale [33]. However, under different building scales, the impacts
of building microenvironment on energy consumption in government office buildings may
be significantly different. For example, as compared with small-scale government office
buildings, large-scale government office buildings usually adopt centralized energy supply
methods such as central air conditioning. The centralized energy supply often maintains
stable energy consumption, and therefore, changes in building energy consumption may
not be very sensitive. Therefore, we adopted a threshold regression model to further
discuss the heterogeneous relationships between building microenvironment and energy
consumption in buildings of different scales. Through the threshold regression model,
we can calculate how building microenvironment affects energy consumption when the
building scale changes.

The remainder of this paper is organized as follows: In Section 2, we present the
theoretical framework of the study; in Section 3, we describe the econometric methods and
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data sources; in Section 4, we present the empirical results; in Section 5, we present the
discussion; in Section 6, we conclude the study, provide policy suggestionsand discuss the
limitations of this study and the scope for future work.

2. Theoretical Framework
2.1. Theoretical Framework of Energy Consumption in Government Office Buildings

The theoretical framework is a brief note about energy consumption in government
office buildings, which is examined in this study (see Figure 1). Based on the analytical
framework of the relationships between building energy consumption and urban system
elements [9], we divided the factors that affect energy consumption in government office
buildings into the following four categories: building microenvironment, building char-
acteristics, urban microclimate, and urban development. The energy consumption in a
government office building can be written as:

Qi = f(BM, BC, UM, UD) (1)

where Qi refers to the energy consumption in the government office building, I; BM is a
vector of the building microenvironment; BC is a vector of the building characteristics; UM
refers to measuring the urban temperature of the city where i is located; UD refers to the
economic development of the city where i is located. Equation (1) provides the basis for
empirical implementation of this study.
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Figure 1. Factors that affect energy consumption in government office buildings.

In this study, the key explanatory variable that we focused on was building microen-
vironment, and other variables were control variables (the detailed variables can be seen
in Table 1). In terms of building microenvironment, we selected urban greenspace den-
sity, road density, and the number of POI (see Figure 2). Urban green spaces, roads, and
buildings are clustered together in close spatial proximity. This adjacency and closeness of
the variables can affect the energy consumption in urban buildings through mechanisms
detailed in the following subsections.
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Table 1. Summary of variables.

Classification Variables Unit Implications

Dependent variable BEC Kw·h Building electricity consumption

Building microenvironment

GSD Urban green space density within 1 km around the building,
including cultivated land, forest, shrubland, wetland, water body

RD km/m2 Road density within 1 km around the building

POI The number of POI within 1 km of the building, including
residential quarters, shopping malls, supermarkets, banks

Urban microclimate CDDs Day·Celsius Cooling degree days

Building characteristics BA m2 Building area

Urban development TE Industrial structure, proportion of urban tertiary industry
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Figure 2. Theoretical framework of the impacts of building microenvironment on building energy
consumption.

2.2. Dependent Variables

In this study, we focused on the impacts of building microenvironment on building
energy consumption (BEC). According to previous research, total building energy con-
sumption is generally used to represent building energy demand [34]. Therefore, in this
study, the dependent variable was the total annual government office building energy
consumption.

2.3. Independent Variables
2.3.1. Building Microenvironment

Building microenvironment was the key explanatory variable in this study. Based on
previous research [6,9], green space density, road density, and the number of POI around
a building were selected to reflect the building’s microenvironment. The variables of
greenspace density, road density, and the number of POI are introduced as follows:

We selected green space density (GSD) to reflect urban green space coverage. Previous
research has shown that the existence of urban green spaces affects the surface temperature
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and humidity around a building [35,36], which, in turn, affects the building’s energy con-
sumption. When measuring urban green space coverage, some scholars have previously
calculated the proportions of fine-textured vegetation, coarse-textured vegetation, water
bodies, impervious surfaces, and other urban greening types separately [12], while oth-
ers have directly summarized these surface coverage into urban green spaces, and then
calculated their area [37] or density [13,28]. These treatments yielded convincing results.
Combined with previous research, we selected urban green space density.

Road density (RD) was selected to reflect the distribution of roads around a building.
The distribution of roads around a building has been shown to be closely related to traffic
heat, which is an important contributor to anthropogenic heat [38]. When the distribution
of roads around a building is intricate, the probability of traffic heat being produced around
the building increases. Ultimately, the microclimate around the building changes, thus,
affecting the building’s energy consumption. When measuring the distribution of roads,
Shivaram et al. (2021) adopted the number of adjacent roads and the mean distance of
adjacent roads [9]. When considering the adjacency and distance of roads, we chose road
density to characterize the distribution of roads. When the road density is higher, the
distribution of roads is more likely to be intricate.

We selected the number of surrounding points of interest (POI) to reflect the proximity
to other buildings. The proximity of other buildings can affect building energy consumption
through occlusion or reflection [25,26]. It is typically conducted by simulating the height of
buildings [39]. However, it is difficult to model thousands of buildings in multiple cities
through simulations to reflect the height of other buildings around a building, and it is
not possible to obtain information such as the surrounding building envelope structure.
Therefore, we planned to select the number of POI around the government office buildings.
The number of POI reflects the proximity and distribution of surrounding buildings. The
greater the number of surrounding POI, the greater the probability of occlusion or reflection
from other buildings impacting a government office building.

2.3.2. Urban Microclimate

Heating degree days and cooling degree days (CDDs) are important climatic factors
that reflect changes in surface temperature. They are typically used to measure the micro-
climate of a city or province [40]. Our research region is Guangdong Province, which has a
hot summer and warm winter. There is almost no heating demand. Therefore, only the
CDDs were used to represent the urban microclimate.

2.3.3. Building Characteristics

Building characteristics such as building shape, building area (BA), and orientation
can affect building energy consumption [34]. However, due to the limited availability of
data, only the building area data were available.

2.3.4. Urban Development

Due to the location of government office buildings in different cities, to consider the
differences between different cities, in this study, we introduced the proportion of urban
tertiary industry (TE) to reflect the level of urban economic development. Therefore, we
obtained the TE of each city to indicate the advanced level of the urban industrial structure
and level of economic development.

3. Econometric Model and Data Description
3.1. Data Collection
3.1.1. Research Area

The research area of this study was Guangdong Province. Guangdong Province
is located in southern China, with an area of 179,700 square kilometers. As reported
by the China Database of Building Energy Consumption and Carbon Emissions [41],
building operation energy consumption in Guangdong Province was 95.3 million tce
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in 2020, accounting for about 10% of the total building operation energy consumption
in China (as shown in Figure 3). The electricity consumption in Guangdong Province
is 73.30 million tce, which accounts for 76.91% of building operation consumption in
Guangdong Province. Among the public buildings, urban buildings, and rural buildings,
the operation energy consumption of public buildings accounts for 43.9%. It can be seen
that Guangdong is a large energy consumption province in China. The types of landforms
in Guangdong Province are complex and diverse, including mountains, hills, terraces,
and plains, which account for 33.7%, 24.9%, 14.2%, and 21.7% of the total land area of
the province, respectively. Covering an area of approximately 16,630 square kilometers,
the urban area in Guangdong Province has a comprehensive range of different elements,
including residential areas, commercial areas, offices, parks, and rivers. Guangdong
Province has established a public system for building energy consumption data to ensure
the availability of research data. Therefore, Guangdong Province was chosen as the research
area for this study.
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Figure 3. Building operation energy consumption of Guangdong Province.

In this study, a series of government office buildings were selected as the public build-
ings for this investigation. Public buildings include government office buildings, hotels,
hospitals, and schools, and the energy consumption of the different types of buildings is
closely related to the number of users. However, there is no public data available on the
number of users of these buildings, and it is difficult to eliminate the impact of the number
of users on energy consumption. Notably, government office buildings serve similar service
management affairs, and the per capita floor area of government office buildings is similar
with certain restrictions. Thus, the per capita building area of government office buildings
can be considered to be the same. Therefore, selecting government office buildings as re-
search objects can eliminate the influence of the number of users to a certain extent. Due to
differences in the statistical caliber of different cities in Guangdong Province, few building
characteristics have been publicly announced. For example, some cities have published
the floors of public buildings, while others have not; some public building areas have been
published, while other types of public buildings have been not published. Therefore, to
obtain credible research results, we decided to only focus on government office buildings in
Guangdong Province for which building areas had been published. In addition, to increase
the sample size, we obtained data from 2015 to 2019. Public buildings publicized every
year by cities in Guangdong Province during 2015 to 2019 were not consistent. For example,
some building energy consumption data were publicized in 2015, but they were not con-
tinuously updated over the next few years, whereas some building energy consumption
was only updated in a certain year. Therefore, in this study, we only retained the building
energy consumption data for a certain year and treated the obtained data as cross-sectional
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data. Finally, 1462 government office buildings in 14 cities located in Guangdong Province
from 2015 to 2019 were selected as the study samples (see Figure 4).
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We focused on the operational energy consumption of government office buildings,
which was mainly related to lighting, cooling, and other maintenance needs. The energy
consumption of the government office buildings in this study refers to building electricity
consumption. For the buildings, we collected the electricity consumption and building area.
Building energy consumption and building characteristics were obtained from the websites
of statistical bureaus or government websites of various cities in Guangdong Province. We
geocoded the addresses of government office buildings through the API of Gaode Map
to convert their addresses to coordinates. To build the microenvironment, we obtained
information through multiple channels, such as the API of Gaode Map, GlobeLand30
dataset, national 1:250,000 basic geographic data, and geographic information system
(GIS). For the control variables, we acquired information through the China Meteorological
Science Professional Knowledge Service System and the city yearly statistical book.

3.1.2. Variables Processing

1. Building microenvironment

The building microenvironment variables included urban GSD, RD, and the number
of POI. The existence and proximity of green spaces, roads, and buildings change the
microclimate around buildings. The microclimate around a building usually refers to the
local climate within 1000 m of the building [28], therefore, we selected urban green spaces,
roads, and buildings within 1 km of a building.
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For green space density, as performed in previous research, we selected the density of
urban green spaces within 1 km of a building. The formula for calculating urban GSD is
as follows:

GSD =
A
(
m2)

Atotal(m2)
(2)

where A refers to the total area of urban green space within 1 km of a building and Atotal
refers to an area of 1 km radius around a building. Urban green space includes six types of
surface cover: cultivated land, forest, shrubland, wetland, and water bodies. This study
used the GlobeLand30 dataset provided by the China Geographic Information Resource
Directory Service System to calculate the urban green space area and the urban GSD within
1 km of a building using ArcGIS. The GlobeLand30 dataset with a resolution of 30 m
is an important achievement of China’s National High-Tech Research and Development
Program (863 Program) Global Land Cover Remote Sensing Mapping and Key Technology
Research Project. The dataset contains ten main types of land cover: cultivated land, forest,
shrubland, wetland, water body, tundra, artificial surface, bare land, glacier, and permanent
snow. The urban green space referred to in this study included six types of surface cover:
cultivated land, forest, shrubland, wetland, and water bodies. The urban green space
coverage in Guangdong Province is shown in Figure 4. According to the box diagram
shown in Figure 5, the median of GSD is 1.24, and most observations are below 1.24.
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For road density, we refer to the length of a road per unit area. We calculated the total
road length within 1 km of a building. The calculation formula for RD is as follows:

RD =
Lroad(km)

Atotal(m2)
(3)

where Lroad refers to the total length of the road within 1 km of the building and Atotal
refers to an area within 1 km radius of a building. In this study, road information was ob-
tained through national 1:250,000 basic geographic data provided by the China Geographic
Information Resource Directory Service System, and the road length and density within
1 km of the government office buildings were calculated using ArcGIS. According to the
box diagram shown in Figure 5, the median of RD is 1.73, and the variables are generally a
normal distribution.

For the number of POI, we calculated the number of POI within 1 km of the govern-
ment office buildings. Through the API of Gaode Map (Goade Map is China’s leading
provider of digital map content, navigation, and positioning services), the number of POI
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within 1 km of government office buildings were obtained. The types of POI selected in
this study included residential communities, shopping malls, supermarkets, and banks.
According to Figure 5, the median of POI is 798, and significant data are concentrated above
75% and below 25%.

2. Other control variables

For the urban microclimate, we used the daily value dataset of China’s surface climate
data provided by the China Meteorological Science Professional Knowledge Service System
to calculate the cooling degree days in various cities of Guangdong Province. Regarding
building characteristics, only building areas were available from the websites of statistical
bureaus or government websites of various cities studied in Guangdong Province. For
urban development, we obtained the proportion of the urban tertiary industry in different
cities to eliminate the differences in the level of economic development between cities
through the statistical yearbook of each city.

3.2. Econometric Model

Based on the theoretical framework of the mechanism of building microenvironment
on the public building energy consumption described in Section 2, we investigated and
empirically quantified the impacts of building microenvironment on building energy
consumption using a multiple linear regression model. Following Shivaram et al. (2021) [9],
the estimation model can be expressed as follows:

Y = α+
n

∑
i
βiXi + µ (4)

where Y is the dependent variable. In this study, Y is building energy consumption; XI
refers to the variables of the building microenvironment and control variables; α is the
model intercept; I is the parameter that needs to be estimated, revealing the relationship
between the independent and dependent variables; and µ is the interference term. To
improve the heteroscedasticity of the model, the natural logarithm of the variable was
introduced and the model was designed as follows:

ln(Y) = α+
n

∑
i
βilnXi + · · ·+ µ (5)

Here, Ii is expressed as the elasticity of the independent variable I to the dependent
variable Y, that is, the percentage increase of the dependent variable caused by the percent-
age increase in Xi. However, Formula (2) requires the value of the independent variable to
be a value that is not 0. The time range of the data obtained in this study was from 2015 to
2019. Since the data were treated as cross-sectional data, in this study, we introduced the
dummy variable of the publicity year to control for the time effect. To avoid multicollinear-
ity, we used 2015 as a reference and converted 2016–2019 into dummy variables. Combined
with the basic data information of each variable and the theoretical framework, the final
ordinary least squared (OLS) model is designed as follows:

ln(BEC) = α+ β1GSD + β2 ln(RD) + β3 ln(POI) +
n

∑
i
βi ln(Xi) +

n

∑
i
δiYi + µ (6)

where BEC refers to building energy consumption, GSD refers to urban GSD, POI refers to
the number of POI, Xi refers to the control variables, and Yi refers to the dummy variables
of the year when building energy consumption data are publicized. As the minimum
value of the urban GSD is 0, the natural logarithm cannot be taken; therefore, the variable
of urban GSD has to take the original value. The key parameters that, in this study, we
focused on were β1, β2, and β3. β1 is the semi-elasticity coefficient, which refers to the
percentage increase in building energy consumption for every unit increase in urban GSd.
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β2 and β3 refer to the percentage of increase in building energy consumption for every 1%
increase in road density and the number of POI, respectively.

4. Results

The results demonstrate that the OLS model is robust. After estimating the parameters
of Equation (5), some statistical indicators of the model were obtained, as shown in Table 2.
R2 is 0.723, which indicates that the selected variables of urban GSD, RD, the number of
POI, CDDs, building area, and the proportion of the city’s tertiary industry can explain
more than 70% of the energy consumption in government office buildings. The higher the
R2, the higher the fit of the model. The adjusted R2 is 0.721, which is similar to R2 and is
also an important key indicator for measuring model quality. The variance analysis showed
that the F value of the model was 467.6 and the corresponding p-value was 0.000, with
a significance level that was below 5%. The fitted multiple linear regression equation is
statistically significant, indicating the validity of the model. After estimating the model, a
white test was adopted to test the hypothesis of homoscedasticity. As shown in Table 2,
the results of the white test show that the white test statistic is 188.56, and its significance
level is below 5%, which rejects the hypothesis of model homoscedasticity. Therefore, it
is considered that the model is heteroscedastic. Therefore, we adopted a robust standard
error to estimate Equation (5).

Table 2. Model summary.

R2 Adjusted R2 F Heteroskedasticity Test (White)

0.723 0.721 467.6 *** 188.56 ***
*** Indicates significant at the 1% level.

The parameter estimation results obtained using robust standard errors are shown in
Table 3. Most of the variables were found to be significant at the 5% level.

Table 3. Results of regression modeling.

LN(BEC) β
Robust

Standard Error T p

GSD −0.227 0.074 −3.050 0.002
LN(RD) 0.298 0.062 4.800 0.000
LN(POI) 0.048 0.020 2.410 0.016

LN(CDD) 1.258 0.140 9.010 0.000
LN(BA) 0.995 0.017 58.760 0.000
LN(TE) 1.577 0.203 7.770 0.000
YEAR1 −0.074 0.059 −1.270 0.205
YEAR2 −0.203 0.057 −3.540 0.000
YEAR3 −0.155 0.069 −2.250 0.024
YEAR4 −0.205 0.088 −2.310 0.021

CONSTANT −2.580 0.823 −3.140 0.002
Note: Taking 2015 as a reference, YEAR1 refers to whether the publicity year is 2016. If yes, it is 1; otherwise, it is
0. YEAR2 refers to whether the publicity year was 2017, YEAR3 refers to whether the publicity year was 2018, and
YEAR4 refers to whether the publicity year was 2019.

In this study, the core explanatory variables that we focused on were the building mi-
croenvironment elements, which were specifically expressed as GSD, RD, and the number
of POI around the building. Greenspace density has a significant negative impact on the
energy consumption in government office buildings. It can be seen from Table 3 that the
p-value of GSD is 0.002, which is less than 5%, indicating that GSD is statistically significant
at the 5% significance level. The coefficient of GSD is −0.227, which means that when
other variables are controlled, building energy consumption is reduced by 0.277% with an
increase in GSD by one unit. The higher the greenspace density, the lower the building
energy consumption, which is consistent with previous research [23,42].
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Unlike GSD, RD has a significant positive impact on government office building energy
consumption. The variable coefficient of RD is 0.298 and its significance is 0.000, which is
statistically significant at the 5% significance level. For every 1% increase in RD, building
energy consumption increases by 0.288%. The increase in RD around buildings leads to an
increase in building energy consumption.

The variable of POI has a significant positive impact on building energy consumption.
In other words, building energy consumption increases with an increase in the number of
POI. The coefficient of the POI is 0.05 (the p-value is 0.012, which is statistically significant
at the 5% level of significance), indicating that an increase of 1% in the number of POI
within 1 km of the building increases the building energy consumption by 0.048%. The
number of POI is a key variable reflecting building density, which means that building
density is positively correlated with building energy consumption, which is consistent with
the findings from the study of Z. Ye, Cheng, Hsu, Wei, and Cheung (2021) [43]. The denser
the building, the higher the building energy consumption.

For the other control variables, the impacts on building energy consumption were
positive. CDDs have a significantly positive impact on building energy consumption. The
building energy consumption increases by 1.258% when the cooling degree days increase
by 1%. This is because Guangdong Province has hot summers and warm winters, with a
large cooling demand and high energy consumption for air conditioning and refrigeration.
Therefore, the higher the CDDs, the higher the building energy consumption. For every
1% increase in building area, building energy consumption also increases by 1.02%. In
addition, building energy consumption increases as the proportion of the city’s tertiary
industry increases. In other words, building energy consumption is closely related to the
economic development level of a city.

5. Discussion
5.1. Relationships between Building Microenvironment and Energy Consumption in Government
Office Buildings

In contrast to previous simulation-based methods (as shown in Table 4), we adopted a
regression analysis method to study the relationships between building microenvironment
and building energy consumption. First, we extracted a building’s microenvironment
elements present from the actual location, and then used the government office buildings
as the object to study the impacts of urban GSD, RD, and the number of POI on building
energy consumption, which made the research more efficient. Urban GSD, RD, and the
number of POI characterize the building’s microenvironment. The adjacency and closeness
of these elements are closely related to the microclimate around the building, which, in
turn, affects the energy consumption in the building.

With the expansion of cities and economic development, the local climate of cities has
changed and environmental conditions have continued to deteriorate. The heat island effect
and air pollution problems have had a negative impact on the quality of life of residents
and on the sustainable development of cities. The emergence of urban green spaces has
mitigated these adverse effects and further affected building energy consumption. The
results of this study indicate that the density of urban green spaces significantly increases
building energy consumption. Urban green space coverage mainly comprises urban parks,
urban greenery, and water bodies. On the one hand, the existence of urban green spaces
increases air humidity and effectively reduces surface temperature, thereby, reducing the
indoor cooling demand and energy consumption in a building. Evyatar and Bin (2022)
showed that the implementation of an extensive planting strategy would reduce the annual
average temperature by approximately 0.3 ◦C and save energy by about 2–3% [44]. Similar
findings have also been confirmed by Zardo et al. (2017) [45]. As compared with areas
lacking urban green space, higher green space coverage is conducive to maintaining the
stability of the surrounding microclimate and reducing energy consumption. On the other
hand, the presence of trees provides shade from the sun to a certain extent, and also reduces
the temperature of the block [46], thereby, reducing building energy consumption. Dense



Buildings 2023, 13, 481 13 of 19

green space coverage is beneficial for reducing the impact of the urban heat island effect,
reducing cooling requirements, and thereby, reducing building energy consumption.

Table 4. Summary of methods used and conclusions found in previous studies.

Category Method Conclusion

Urban green space

Computer simulation

Implementing a strategy of extensive planting, so that a
green surface fraction of 0.5 is obtained, results in a mean

annual temperature reduction of about 0.3 ◦C and an energy
saving relative to the current condition of about 2–3% [44].

Review of literature, case study
Tree canopy coverage is one of the components that mainly

determine the cooling capacity of a green urban
infrastructures [45].

Computer simulation
Tree shade around buildings improves indoor and outdoor

thermal conditions and comfort, and reduces energy
expenditure [46].

Road distribution Multivariate multiple regression

An additional proximate road is associated with a decrease
in mean building energy consumption by 3.732 percent and

with a decrease in the standard deviation of energy
consumption by 7.560 percent, controlling for all other

variables [9].

The proximity of other buildings

Computer simulation
Air temperature surrounding a building significantly

increases due to the multiple reflections of the radiation heat
flux, leading to an increase in the cooling demand [27].

Computer simulation Impact of shading inter-building effect (IBE) on building
energy usage is greater than reflection IBE [28].

Computer simulation
When the plan area density increased, the total cooling

energy consumption increased, and the total heating energy
consumption decreased [47].

Urban green spaces reduce building energy consumption, whereas a dense distribution
of roads increases building energy consumption. A dense distribution of roads is closely
linked to higher building energy consumption. Road density refers to the traffic flow
around a building. A higher RD around a building is correlated with higher car mobility.
Carbon dioxide and other greenhouse gases produced by various cars on the road cause the
surrounding temperature to increase [48]. As the ambient temperature increases, the traffic
heat effect increases, which ultimately leads to an increase in building energy consumption.
However, this is contrary to the findings of Shivaram et al. (2021) who found that the more
roads there were near a building, the lower the building energy consumption [9]. This
appears to be contrary to the increase in building energy consumption caused by traffic
heat. These results may be based on a specific urban context. Therefore, it is necessary to
encourage research on the relationship between RD and building energy consumption in
more cities.

Similar to the density of road distribution, building microenvironment formed by the
proximity of surrounding buildings increases building energy consumption. The higher
the number of POI around a building, the higher the energy consumption in the building.
The number of POI reflects the proximity to the building to a certain extent. The greater the
number of POI, the stronger the inter-building effect of mutual occlusion between buildings
and the reflection of the building shell. Thus, the energy consumption for lighting and
cooling increases. This finding can be supported by the study of Liu et al. (2015), which
found that as the density of urban planning increased, the shading effect significantly
affected energy consumption, and heating energy consumption increased by 32% [47]. In
addition, with the development of a city, its social and economic activities do not appear to
have a single-center distribution. There are multiple subcenters in a city. The number of
POI around the buildings selected in this study also reflects the intensity of the social and
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economic activities at the locations of the buildings. The greater the number of POI, the
higher the socioeconomic intensity, and the stronger the heat island effect of the location of
a building [49]. Therefore, more building energy is used for cooling.

5.2. Heterogeneous Impacts of Building Microenvironment on Energy Consumption in
Government Office Buildings via the Scale of the Building

The research results show that the larger the building area, the higher the total energy
consumption in the government office building. Notably, the energy supply of public
buildings is closely related to the building scale. For example, large-scale public buildings
usually adopt centralized energy supply methods such as central air conditioning. Cen-
tralized energy supply methods always maintain constant energy consumption, and the
energy consumption in larger-scale buildings may not be as sensitive to changes in the
external environment as buildings of smaller scale. Therefore, any heterogeneity in the
energy consumption change of different-scale government office buildings caused by the
change in the building microenvironment around the building needs to be invested.

To explore the heterogeneous impacts of building microenvironment on building
energy consumption in government office buildings of different scales, we adopted building
area as the threshold variable for the threshold regression. The coefficient of the threshold
regression indicates the degree of impact of the independent variable on the dependent
variable when it is greater than or less than the threshold value. According to the research of
Hansen (2000) [50], we used the bootstrap method to calculate the Lagrange multiplier (LM)
statistics and p-value; the bootstrap frequency was set to 500, and the sample reduction
ratio was set to 15% when testing the threshold. The threshold test and regression show
that the data have a threshold effect (as shown in Figure 6 and Table 5), and the threshold
value is 2323. Table 6 presents the results of the threshold regression.
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Table 5. Threshold test.

Threshold Variable LM-Test Bootstrap
p-Value Threshold Value 0.95 Confidence

Interval

BA 45.346 0.000 2323 [1744, 2484]

Table 6. Threshold regression results.

LN(BEC)
BA < Threshold Value BA > Threshold Value

β p β p

GSD −0.323 0.010 −0.177 0.050
LN(RD) 0.666 0.000 0.180 0.014
LN(POI) −0.013 0.694 0.067 0.004

LN(CDD) 0.719 0.000 1.079 0.000
LN(BA) 2.280 0.000 1.254 0.000
LN(TE) 0.023 0.864 −0.056 0.386
YEAR1 −0.318 0.007 −0.160 0.020
YEAR2 −0.127 0.419 −0.186 0.019
YEAR3 −0.479 0.020 −0.123 0.225
YEAR4 −2.222 0.085 −2.602 0.015

CONSTANT −0.323 0.010 −0.177 0.050
Note: By taking 2015 as a reference, YEAR1 refers to whether the year was 2016. If yes, it is 1; otherwise, it is 0.
YEAR2 refers to whether the year was 2017, YEAR3 refers to whether the year was 2018, and YEAR4 refers to
whether the year was 2019.

As shown in Table 6, there are evident differences in the impacts of building microenvi-
ronment on building energy consumption in government office buildings of different scales.
Regarding GSD, as the building area increases, the absolute value of the GSD variable coef-
ficient decreases. At the same time, its significance decreases, showing that the impact of
greenspace density on building energy consumption decreases with an increase in building
scale. In other words, GSD has less impact on government office building energy consump-
tion on a larger scale than on government office energy consumption on a smaller scale.
This may be because the public areas of large-scale government office buildings account for
a large proportion of the energy consumption, which does not change with the external
environment. For government office buildings, part of the building energy consumption
is closely related to public areas, such as corridor lighting, lighting, air conditioning, and
refrigeration in public areas rather than personal office areas. However, this portion of the
energy consumption is closely related to the building scale. When the building scale is
large, the public area is large, resulting in a large proportion of stable energy consumption
in the public areas. Although an increase in greenspace density promotes a reduction in
building energy consumption, the energy consumption in public areas does not change
with the external environment. Therefore, an increase in GSD results in smaller changes
in the energy consumption of large-scale government office buildings as compared with
small-scale buildings.

Similar to GSD, RD has less impact on the energy consumption of larger-scale gov-
ernment office buildings. Although the significance level of the variable of road density in
different sample groups is less than 5%, when the building area shifts from being less than
the first threshold to being greater than the first threshold, the coefficient of RD gradually
decreases, which shows that the impact of RD on energy consumption in government office
buildings decreases with an increase in building scale. This is similar to the mechanism
of green space coverage on the energy consumption in large-scale government buildings.
Building energy consumption is closely related to area (such as cooling energy consumption
in public areas) and increases with an increase in building scale, but this part of the energy
consumption does not change with changes in the external environment. As road density
increases, the amount of traffic heat that causes the outside temperature to rise continues to
increase; this part of the energy consumption is not changed significantly. As compared
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with small-scale government office buildings, the public areas of large-scale buildings con-
sume more energy. This part of the energy is barely affected by external changes, resulting
in a smaller change in energy consumption. Therefore, RD had less impact on the energy
consumption in large-scale government office buildings. However, owing to the direction
in which the heat flow moves, the temperature distribution gradually decreases. With an
increase in RD, the heat effect of traffic causes the outdoor temperature to increase. When
the building envelope transfers heat from a place with a high outdoor temperature to a
place with a low indoor temperature, the temperature decreases gradually. In the case of a
large-scale building, the heat may not pass to the central part of the building; therefore, the
central area inside the building is not affected. That is, in a large-scale government office
building, less space is affected by an increase in outdoor temperature as compared with the
whole building, and therfore, the energy consumption change is smaller.

It can also be seen from Table 6 that the impact of the number of POI on building energy
consumption in government office buildings of different scales is also clearly heterogeneous.
The number of POI has no significant impact on small-scale buildings, but it has a significant
impact on large-scale buildings. When the building area is less than the first threshold, the
impact of the number of POI on building energy consumption is not significant. However,
when the building area is larger than the first threshold, the impact of the number of POI
on building energy consumption becomes significant (the significance level is at 5% or
less). The number of POI has a positive impact on building energy consumption, which
is similar to the OLS results. This implies that the number of POI has a greater impact
on the energy consumption in large-scale government office buildings. According to the
previous discussion, changes in the external environment have less impact on the energy
consumption of large-scale buildings. Similarly, the number of POI should have a greater
impact on smaller building areas, but the results of this study show that the impact is not
significant. This may be because the government office buildings with a relatively small
scale may be located in economically underdeveloped cities or at the outskirts of cities,
where the number of POI is relatively small and the building proximity represented by the
number of POI is not evident. Therefore, the number of POI does not have a significant
impact on the energy consumption in small-scale government office buildings. However,
more work needs to be done to quantify and analyze the impact of building proximity on
building energy consumption in suburban or downtown areas.

6. Conclusions

The adjacency and closeness of urban green spaces, the density of the distribution of
roads, and proximity to other buildings form a building’s microenvironment, thus, affecting
the building’s energy consumption. Based on energy consumption data of government
office buildings in Guangdong Province, in this study, we used a regression analysis
method to explore the impact mechanism of building microenvironment on building energy
consumption at the level of individual buildings in different cities. Our research results
confirm some of the findings of previous simulation-based research and also provide novel
findings. For example, when other variables remain unchanged, the higher the density of
urban green space coverage around the buildings, the lower the energy consumption in
government office buildings, which is similar to previous research [29]. Higher road density
is correlated with higher energy consumption in government office buildings. Government
office buildings with more POI also consume more energy. These elements affect the energy
consumption inside a building by changing the outdoor microclimate. In addition, in
this study, we also found that urban GSD and RD had less impact on government office
buildings on a larger scale. This may be due to the larger fixed energy consumption in
government office buildings. This part of the fixed energy consumption is closely related to
building scale and is not easily affected by the external environment. However, contrary
to GSD and RD, the number of POI had no significant impact on the energy consumption
in small-scale government office buildings, whereas it had a significant impact on the
energy consumption in large-scale government office buildings. This may be because, in
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economically underdeveloped cities or urban suburbs, the number of POI is relatively
small, which is insufficient to reflect the impact of building proximity. Therefore, more
work is needed to quantify and analyze the impact of building distance on building energy
consumption in suburban or downtown areas.

Overall, the empirical data-driven analysis method used in this study improves the
efficiency of carrying out the research, and the research findings can provide support for
realizing the scientific planning and layout of urban green landscapes and infrastructure,
as well as formulating energy conservation and emission reduction policies. For example,
based on the impacts of building microenvironment on building energy consumption and
when optimizing urban structure and layout, the overall layout of ecological corridors, land-
scape viewing corridors, waterfront spaces, and urban greenways should be strengthened.
The layout of urban expressways and transportation of living spaces should be arranged
rationally. This is based on the heterogeneous impacts of building microenvironment on
energy consumption in buildings of different scales. The scale of new public buildings
should also be controlled to improve energy efficiency. These research findings indicate
how urban green landscapes and the use of urban land can be rationally planned to build a
green and low-carbon city.

In contrast to previous studies, in this study, we proposed an empirical method to
evaluate the impacts of building microenvironment on building energy consumption. GSD,
RD, and the number of POI were selected to reflect changes in the building microenviron-
ment. However, our study has some limitations. First, although the energy consumption
data were from government departments, the published data were not panel data and
lacked building characteristics such as orientation, floor height, and building materials.
Therefore, the impacts of unobservable variables on building energy consumption cannot
be eliminated, and an energy consumption database that includes additional building
characteristics should be established. Second, a building’s microenvironment includes not
only urban green space coverage, RD, and the number of POI, but also microscopic factors
such as wind and thermal environments. However, owing to the availability of data and the
limitations of research scales, it is not possible to evaluate the impacts of meteorological fac-
tors such as wind speed and thermal radiation on building energy consumption. Therefore,
it is necessary to comprehensively consider various urban factors contributing to changes
in the surrounding building microenvironment in future research to overcome this issue.
Finally, it is essential that the application of this analysis to urban planning and decision
support is explored in depth. Future work should aim to transform the analysis results
into actionable opinions on sustainable urban design, management, and operation, such
as establishing a monitoring platform for urban energy consumption data, using sensor
technology to identify changes in the building microenvironment, and adopting machine
learning techniques to describe the relationships between building microenvironment and
building energy consumption.
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