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a b s t r a c t
Energy data are often reported on an annual basis. To address the climate and health impacts of greenhouse gases and air pollutants, seasonally resolved emissions inventories are needed. The seasonality of
energy consumption is most affected by consumption in the residential sector. In this study, a set of
regression models were developed based on temperature-related variables and a series of socioeconomic
parameters to quantify global electricity and fuel consumption for the residential sector. The models
were evaluated against observations and applied to simulate monthly changes in residential energy consumption and the resultant emissions of air pollutants. Changes in energy consumption are strongly
affected by economic prosperity and population growth. Climate change, electricity prices, and urbanization also affect energy use. Climate warming will cause a net increase in electricity consumption and a
decrease in fuel consumption by the residential sector. Consequently, emissions of CO2, SO2, and Hg
are predicted to decrease, while emissions of incomplete combustion products are expected to increase.
These changes vary regionally.
Ó 2015 Elsevier Ltd. All rights reserved.
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1. Introduction
1.1. Energy use in residential sector
Energy production and use are the dominant sources of many
air pollutants and greenhouse gases. Temporally resolved emissions inventories are needed to quantitatively assess the public
health and climate impacts of these pollutants. The residential sector contributes significantly, not only to ambient and household air
pollution [1], but also to temporal trends in energy use and pollutant emissions [2]. In general, the seasonal variability of residential
energy use is induced by temperature fluctuations [3]. On the other
hand, long-term consumption trends are driven by both climate
change and socioeconomic development [4].
Residential energy consumption was responsible for 7.0% and
13.6% of primary and total energy consumption, respectively, globally in 2011 [5]. End-use shares are relatively high in developed
countries such as the United Kingdom (29%) [6] and the United
States (22%) [7]. In China, end-use energy consumed by residents
reached 400 million tonnes of coal equivalent in 2012, which represented 11% of the country’s total energy use [8]. Because of relatively low combustion efficiency and no abatement measures
various solid fuels in residential stoves, comparing with those in
industrial facilities, emission factors (EFs, the mass of pollutants
emitted from combustion per unit mass of fuel) of various pollutants, especially the incomplete combustion products, from residential sector are much higher than those in other sectors. For
residential stoves using solid fuels, combustion efficiencies are
often very low and there is no abatement device at all. As a result,
emission factors (EFs, the mass of pollutants emitted from combustion per unit mass of fuel) of various air pollutants, especially the
incomplete combustion products, for the residential sector are
much higher than those for other sectors. Therefore, residential
energy use contributes relatively large shares of emissions of many
air pollutants, although this sector contributes only a relatively
small fraction of total primary energy consumption. For example,
32.6%, 88.6%, and 21.5% of the global emissions of black carbon
(BC), benzo(a)pyrene (BaP), and primary particulate matter less
than 2.5 lm (PM2.5), respectively, come from residential fuel burning [9–11]. Therefore, quantification of residential energy use and
pollutant emissions are critical for a better understanding of air
pollution.

1.2. Temporal variation of residential energy consumption
Temporally resolved energy consumption data are essential to
the development of emissions inventories [12]. The significant contributions of residential energy use to emissions and the impact of
that use on the temporal variation of emissions necessitate an
increased understanding of the seasonal and interannual trends
of energy consumption. Unfortunately, energy consumption statistics are often provided on an annual basis. To our knowledge, such
information on a global scale does not exist. With the exception of
a few developed countries [13–16], it is difficult to find information
on the seasonal variation of residential fuel and electricity consumption, especially in the developing world, where the majority
of air pollutants are emitted [1,17].
Attempts have been made to address this issue by modeling the
temporal variation of energy consumption. In many cases, simple
interpolation has been used to derive seasonal energy consumption and CO2 emissions. For example, data on monthly natural
gas deliveries in the United States were used in one study as a
proxy for residential fuel consumption and CO2 emissions [18].
This method is difficult to apply in developing countries due to
the diversity in heating fuels and data gaps. Similarly, a full
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accounting approach was used to estimate monthly CO2 emissions
in individual states of the United States [19], and a proportional
method was developed to generate monthly CO2 emissions from
fossil fuel sources on a global scale [13]. A 2-harmonic Fourier series was also applied to simulate the seasonal variation of global
CO2 emissions from anthropogenic sources by using latitudedependent parameters developed from monthly energy use statistics in the United States [20].
Regression models are often useful for quantifying temporal
trends. Most modeling exercises conducted thus far have focused
on a single country or a part of a country [21]. For example, econometric autoregressive models were developed to derive robust
elasticity coefficients for various economic indicators and to provide both short- and long-term predictions for Spain [22], the United States [23], and Thailand [24]. Many parameters such as
income, expenditures, climate, and lag terms based on historical
data are often adopted as independent variables. In addition to climate and socioeconomic factors, household characteristics such as
floor space, appliance ownership, and operating frequency are
often taken into consideration using data from household surveys
[25,26]. Although these regression models can provide refined predictions, they are difficult to apply in developing countries, where
similar survey data are rare. In addition to simulating monthly and
diurnal variations in energy consumption, these models have been
used to predict future trends under the influence of various climate
change at various scenarios [27], serving as a supplement to physical simulations [28,29].
Several studies of energy consumption have been conducted at
the multi-national or global scale. For example, a general moments
method used energy statistics panel data obtained from the IEA for
the 1978–2000 period to estimate the long-term elasticity of temperature related to energy consumption in the industrial, residential, and commercial sectors of OECD and several non-OECD
countries [30]. The study analyzed data on coal, petroleum, natural
gas, and electricity and found that temperature change would have
impacts on residential energy consumption and would slightly
influence the service and industrial sectors in these countries.
Temperature elasticities associated with demand for different
energy goods were also studied for 31 countries, and the inherent
interactions between temperature and personal income were
explored [31]. The study revealed that the intensity of the relationship varies with temperature in a non-linear and discontinuous
pattern and that electricity consumption in hot and cold countries
are more sensitive to summer and winter temperatures; no major
differences in coal and gas use changes were observed between
country categories. Additionally, households with higher incomes
tended to be more responsive to temperature change.
Of the few studies that have analyzed global data, Petrick et al.
[21] expanded on De Cian’s study [31], which used four regression
equations to analyze temperature-derived variables. More recent
work by Isaac and van Vuuren [32] has focused on the impact of
climate change on the relationship between worldwide household
heating and cooling energy consumption and CO2 emissions.
Energy demand theory and a number of country-specific
temperature-derived variables, including heating degree days
(The number of degrees that a day’s average temperature is below
a base temperature and people start to use heating facilities, HDD),
cooling degree days (The number of degrees that a day’s average
temperature is above a base temperature and people start to use
cooling devices, CDD), and unit energy consumption (UEC), have
also been used to project future energy consumption and CO2
emissions for scenarios generated by the TIMER/IMAGE model
[33].
Zhu et al. have proposed a space-for-time substitution method
to fill the data gaps in temporally resolved energy consumption
in residential sector [4]. To do so, a hypothesis assuming that the
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major factors affecting spatial and temporal variations of residential energy consumption are similar was successfully tested. Based
on this assumption, spatially resolved data were collected and used
to develop two regression models for residential electricity and
fuel consumptions in China and the models were then applied to
simulate temporal variations successfully [4]. It was revealed that
quantities of residential fuel consumption was significantly
affected by both HDD and heating days (The number of days, the
mean temperature of which is above a base temperature and people use heating facilities, HD), while residential electricity consumption depends strongly on income, urbanization rate (Ru),
and CDD [4].
1.3. Objectives
The primary objectives of this study were (1) to test the hypothesis that factors affecting spatial and temporal variations of energy
consumption are similar to each other at global scale; (2) to
develop statistical models using the space-for-time substitute
method for predicting the amounts of electricity and fuels used
in residential sector at global scale; and (3) to project temporal,
as well as spatial variations of air pollutant emissions. The result
can be used in atmospheric chemical transport modeling as important input. To be specific, models were developed based on spatial
data and validated against temporal data. The evaluated models
were applied for the following purposes: (1) simulate past
(1960–2011) and future (2012–2050) intra- and interannual variations in residential electricity and fuel consumption, (2) calculate
CO2 emissions and a number of air pollutants generated by the residential sector, and (3) derive climate warming-induced net
changes in residential energy use and emissions.
2. Methodology
2.1. Modeling
Stepwise regression was applied to model the dependence of
per capita residential electricity (Ecap) and fuel (Fcap) consumption. Bidirectional elimination was applied to have a better test
and 0.05 and 0.10 were used as criteria for including or excluding
variables, respectively. Physical and socioeconomic parameters to
be tested were selected based on a literature review and a series
of correlation analysis to identify major factors affecting the residential energy use. The selection was also affected by data availability. For example, house units (H, average number of houses
owned by a resident) are not available for most countries except
the United States. The parameters finally used include per capita
residential electricity (Ecap) and fuel (Fcap) consumptions, per
capita income (Icap), per capita gross domestic product (Gcap),
HD, HDD, CDD, Ru, electricity price (Pe), gas price (Pg), H, and mean
floor area per capita (F). All parameters involved are listed in
Table S2 together with p-values derived from the regression analysis for all variables tested and 95% confidence intervals for all
variables selected. The variables were either arithmetic or lntransformed. In some cases, a product of two independent variables was used to characterize the interaction of those variables
based on a series of trial-and-error. These parameters were
selected from the literature based on their influences on energy
use.
Variance inflation factor (VIF) were calculated as collinearity
statistics the results are listed in Table S3 together with other
parameters for evaluating the models. In most cases, collinearity
of variables was not substantial with exception of a few. For example, relatively high VIF values were found for the two models for
China, which are adopted from another study [4]. On the other

hand, exogeneity of the independent variables cannot be totally
ensured. Both collinearity and endogeneity can lead to uncertainty
of the models to certain extent, which is the major limitation of the
models and should not be overlooked.
Since unified models could not be satisfactorily derived, likely
because of substantial differences in the dependence of energy
consumption on socioeconomic conditions among countries and
between electricity and fuels, a set of models were developed electricity and fuel separately for various country categories using a
trial-and-error approach. Single-country models were developed
for the large countries with sub-national data available. The other
countries were pre-groups based on their similarity in energy mix
and consumption such as cooling and heating needs. The criteria is
to achieve the best fitting.
For electricity, seven models was developed: (1) China (modified Zhu’s model) [4]; (2) the United States; (3) Australia; (4) other
developed countries with cooling needs; (5) other developed countries without cooling needs, except Canada; (6) other developing
countries with cooling needs; and (7) other developing countries
without cooling needs. Similarly, five regression models were
developed for fuels: (1) China [4]; (2) the United States; (3) Australia; (4) other developed countries, except Canada; and 5) other
developing countries. For the last category, data for 17 small countries representing 4% of total fuel use did not fit well and were
excluded. The country categories are listed in Table S4. With many
rounds of trail-and-error, electricity and fuel consumptions of
Canada cannot be modeled separately. In fact, neither electricity
nor fuel consumption in Canada is correlated with hdd. Therefore,
an electricity-fuel combined model has to be applied. It is likely
due to the unique feature of energy mix in Canada which are rich
in both hydropower and fossil fuel and are quite different among
provinces.
National (for multi-nation models) or subnational (for singlenation models) fuel and electricity consumption data from 2001–
2008 were from the International Energy Agency and national
statistics. [7,34–36]. For HDD, 5 °C and 15 °C were adopted as the
base temperatures for developing and developed countries, respectively [4,37]. Similarly, base temperatures of 18 °C and 25 °C were
chosen for CDD for the two country categories [4,38]. Monthly
national/provincial HDD and CDD were calculated based on
population-weighted, gridded temperature data. Globally gridded
(0.1°  0.1°) temperature (6-h resolution) and population data
came from NOAA–NCEP/NCAR and the Oak Ridge National Laboratory, respectively [39,40]. Ru and purchasing power parity adjusted
Gcap and Icap came from the World Bank and national statistics
[41–45]. Pe came from the IEA and Eurostat [46,47]. H values for
the United States came from the US Census Bureau [48].
2.2. Model validation
The regression models developed using spatial data were validated for predicting temporal variation. To do so, the monthly electricity or fuel consumption data for several countries were
collected from the literature [49–58] and are compared with the
model predicted monthly energy consumption.
Data limitations restricted this study’s evaluation to several
countries with available seasonal data. For these countries, models
developed based on annual national data were evaluated against
monthly Ecap and Fcap [49–58].
2.3. Simulation
Historical (1960–2011, monthly) and future (2012–2050,
annual) temporal trends in electricity and fuel consumption were
simulated. Three IPCC (Intergovernmental Panel on Climate
Change) scenarios, A1B, B1, and A2, were included in the future
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simulations [59]; climate warming-induced net changes (defined
as the difference between situations with or without climate
change) in residential electricity and fuel consumption were
calculated.
Future predictions for country populations, Gcap, gridded
monthly temperature data for the three scenarios, and the Pe and
Pg of developed countries were from the literature [60–62]. Gcap
and Icap were adjusted for purchasing power parity [63]. It was
assumed that future electricity markets would be saturated when
Gcap reaches 80,000 USD [32]. For temporal simulations, the calculated monthly results were adjusted based on annual data from the
literature to avoid bias.
2.4. Emission estimation
Emissions of CO2, CO, SO2, NOx, PM10 (particulate matter less
than 10 m), PM2.5, BC, OC (organic carbon), PAHs (polycyclic aromatic hydrocarbons), BaP, and Hg were calculated. The results
were derived by multiplying the amount of fuel consumed and
country specific EFs. The EFs were from a previous study [4].
Amounts of fuel used for electricity generation were derived based
on the relative contributions of various fuel types, including
renewable energy, to power generation and the generating efficiencies of individual countries, which were derived based on the
fuel consumption and total electricity and heat production of
power plants [5]. CO2 emissions from biomass fuels were excluded
because of carbon neutrality [64]. For future simulations, the relative contributions of various fuels to electricity generation were
taken from the literature [65].

However, a significant correlation (p < 0.01) between Ecap and Pe
was only identified for developed countries, likely due to the fact
that Pe in many developing countries are not market based.
Although the dependence of electricity consumption on Pe should
be more sensitive to lower incomes, Pe in developing countries is
often skewed by government subsidies [68]. For example, residential electricity in China is sold at relatively constant prices over
years, while production costs vary extensively together with fuel
prices [69]. A significant correlation was found between Ecap and
Ru (p < 0.05) for developing countries, where differences between
rural and urban areas are more pronounced than that in developed
countries [70]. It has been reported that Ru may be used as a proxy
for richness to explain the effect of living standard on electricity
use, which may not be fully captured by income [71].
Based on the analysis above and a process of trial-and-error, models were established for Ecap (tonnes of oil equivalent/cap, toe/cap)
related to seven country categories. The units of the independent
variables are Icap and Gcap (RMB/year for China and USD/year for
other countries), Pe (USD/MW h), Pg (USD/MW h), H (house/capita),
and Ru (%). Ecap and most independent variables are ln-scaled, indicating linear relationship in terms of orders of magnitude among
them, with exception of Ru and the product term.
(1)
(2)

(3)

2.5. Uncertainty analysis
(4)
A Monte Carlo simulation was conducted to characterize overall
uncertainty. The simulation was run 5000 times with parameters
randomly selected from normal distributions; the coefficient of
variation equaled 0.05 in 2008 and linearly increased to 0.2 by
2050 [4]. The results are presented as ranges between the 25th
and 75th percentiles, showing pre-defined uncertainty range of
the model simulated values.

(5)

3. Results and discussion

(7)

(6)

lnEcap = 0.768 lnIcap + 6.59Ru
+ 1.75  10 6 CDD25Icap 11.512,
lnEcap = 0.629 lnPe + 0.962lnH
+ 2.60  10 3CDD18 + 5.08  10 4
HDD15 1.40,
lnEcap = 0.425 lnIcap 0.337lnPe
+ 2.27  10 6 HDD15Icap
+ 4.05  10 7 CDD18Icap 6.74,
lnEcap = 0.476 lnGcap
0.685lnPe + 4.83  10 7
HDD15Gcap + 8.16  10 7
CDD18Gcap 6.56,
lnEcap = 0.773 lnGcap
0.762lnPe + 6.01  10 7
HDD15Gcap – 8.60,
lnEcap = 0.923 lnGcap + 10.6 Ru
+ 4.47  10 6 CDD25Gcap 12.5,
lnEcap = 0.152 lnGcap + 1.23
 10 6HDD5Gcap 6.45,

n = 163,

R2 = 0.88

n = 1224,

R2 = 0.64

n = 120,

R2 = 0.76

n = 103,

R2 = 0.70

n = 112,

R2 = 0.80

n = 380,

R2 = 0.80

n = 99,

R2 = 0.62

3.1. Modeling residential electricity consumption
Variation in electricity consumption is often associated with
cooling and heating requirements, which depend strongly on
weather and socioeconomic factors. The influence of temperature
on electricity consumption is often quantified using HDD and
CDD [32]. Based on the results of a correlation analysis, associations between electricity consumption, temperature, and a number
of socioeconomic parameters were identified (Table S5). For example, a positive correlation (p < 0.05) was found between Ecap and
CDD rather than HDD in certain developing countries, where air
conditioners for cooling are becoming popular among fastgrowing middle-class families. However, these air conditioners
are seldom used for heating because cheap fuels are often readily
available [66]. Both air conditioners and electric heaters are popular in many developed countries [50,52]. For these countries, a significant correlation (p < 0.05) was found between Ecap and HDD or
CDD.
Among various socioeconomic parameters tested, Gcap significantly correlated (p < 0.01) with Ecap for both developing and
developed countries. A correlation between Ecap and economic
development has also been reported in the literature [67]. For a
similar reason, Pe appears to play a role in electricity consumption.

Model-simulated Ecap values are plotted against those from the
literature in Fig. S1 and the variation is well explained. The means
and standard deviations of relative deviations (RD), defined as the
absolute model residues divided by the true values, were calculated
as 14.5 ± 12.3, 16.7 ± 13.2, 8.8 ± 5.2, 13.49.52, 22.9 ± 16.3,
30.5 ± 42.4, and 10.9 ± 9.11% for the seven models. Of all of the variables, Gcap or Icap appear to be the most important in positively
affecting electricity consumption, except in the model for the United States. Several other studies have also found relatively small
or negligible income elasticity coefficients in residential electricity
consumption models for the United States [72]. No negative influence of Pe on electricity consumption in developing countries was
observed [4,31]. Large differences between urban and rural areas
made Ru an important factor in the model for developing countries
with cooling needs. H was suggested as a proxy for stock of home
appliances in the United States [73], and the models for the United
States and Canada were significantly improved when this parameter was introduced. Electricity used for heating or cooling was
explicitly represented by HDD and CDD. Most models could be
improved by including the product of a temperature parameter
(HDD or CDD) and an economic factor (Gcap or Icap), revealing a
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Fig. 1. Comparison of model-calculated and observed monthly electricity consumption in eight countries. The data are normalized as fractions (F). The results are shown in
percentages of monthly electricity consumption over the annual total.

positive interaction. This suggests that factors such as CDD and Icap
do not act independently or cumulatively and that their impacts are
non-linear. Similar interactions have been reported [4,31].
The models were evaluated by comparing monthly Ecap of eight
countries between the model calculated and literature reported
values [49–56], suggesting reasonably good agreement with relative differences between 70% of the data below 10% (Fig. 1).
3.2. Modeling residential fuel consumptions
The results of the correlation analysis between fuel consumption, temperature, and several socioeconomic parameters are
shown in Table S3. There was a significant positive correlation
(p < 0.05) between Fcap and HDD for all country categories. A similar relationship was reported in many other studies [74]. A positive correlation (p < 0.05), albeit not as significant as that
between Fcap and HDD, was also shown between Fcap and Gcap,
which can be explained by the fact that households with relatively
high incomes often occupy relatively large floor areas and use
more fuel for heating [32]. Unlike with electricity, the influences
of other socioeconomic factors such as fuel price and Ru on fuel
consumption were not found. This is because both fossil and biomass fuels are widely used; the latter are difficult to price and
often associated with accessibility [75,76]. Accordingly, Fcap (toe/cap) models were developed for five country categories. Unlike the
electricity models, the dependent variable of the fuel models was
not logarithmic transformed, and orders of magnitude variation
in Icap and Gcap can cause changes of Fcap on arithmetic scale.
(1)
(2)
(3)

(4)

(5)

Fcap = 5.93  10 5 HDD50.9 + 3.89
 10 4 HD5 + 0.012,
Fcap = 2.33  10 4 HDD15 + 1.95
 10 4Pe 0.058,
Fcap = 2.56  10 4 HDD15 3.11
 10 4 Pg + 1.91  10 4 Pe 8.32
 10 4,
Fcap = 1.18  10 4 HDD15 + 1.24
 10 2 lnGcap – 2.77  10 4 Pg
+ 1.59  10 4 Pe 0.084,
Fcap = 3.64  10 4 HDD5
+ 5.11  10 3 lnGcap 0.025,

n = 163,

R2 = 0.66

n = 100,

R2 = 0.83

n = 70,

R2 = 0.84

n = 189,

R2 = 0.71

n = 180,

R2 = 0.77

Unlike electricity consumption, fuel consumption was modeled
more accurately without a log-transformation. The means and
standard deviations of RDs are 18.0 ± 16.5%, 18.4 ± 16.6%,

34.4 ± 26.2%, 44.3 ± 58.6%, and 43.5 ± 69.6% for the five models,
respectively. The relationships between model-simulated and
recorded Fcap are shown in Fig. S2.
For all models, HDD is the most important variable and
explained 64.8% and 74.3% of total variations for developed and
cold developing countries, respectively. Regression coefficients of
the models varied within a relatively small range, with the exception of China, for which a relatively low elasticity was attributed to
the introduction of an extra variable, HD5, which is correlated with
HDD (p < 0.05). According to Zhu et al., HD5 was introduced
because a minimum amount of fuel (initial fuel) is always needed
to start a fire for heating, no matter how far the temperature is
below the base temperature [4]. Regression coefficients for the
HDD of developing countries are generally higher than those for
developed countries, likely because of the strong dependence of
the former on fuel for heating, whereas electricity is commonly
used for this purpose in developed countries [77]. Gcap appears
in several models owing to its positive influence on floor area,
except in Australia and China. Australians have the largest per capita living area of any country, leaving no room for further increase
as Gcap grows [78]. In China, there is often easy access to free biomass fuels [4]. The significance of Gcap indicates that Fcap varies
among countries within similar climate zones but different development success. For instance, Fcap for Albania (0.093 toe/cap) was
less than that for Bulgaria (0.175 toe/cap), which is in the same climate zone [5] but is less economically prosperous (Icap 7216 vs.
11,985 USD in 2008). Similarly, although both countries are within
the Mediterranean region, Turkmenistan (Icap 6497 USD; Fcap
0.09 toe/cap) consumed much less fuel than Turkey (Icap 12,405
USD; Fcap 0.27 toe/cap) [5].
The Fcap models were evaluated against monthly resolved data
to perform seasonal simulations. Fig. 2 compares the calculated
and literature-based monthly average Fcaps for three countries
[51,57,58] and reveals good agreement in the winter peaks.
Canada is enriched with almost all energy types, including petroleum, coal, natural gas, uranium, and hydropower [36], which
gives it a more diverse energy consumption pattern. According to
the results of a household survey, 47% of households in Canada
use natural gas as their main heating fuel, while 37% use electricity
[79]. Neither Ecap nor Fcap is individually correlated with HDD or
Icap because neither electricity nor fuels dominates residential
energy use. Therefore, the two energy types had to be modeled
together using the following equations for total per capita energy
consumption (Tcap) and the ratio of electricity consumption to
Tcap (RE/T), in which Tcap, Pe, and H are ln-transformed similar to
the electricity models:
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Fig. 2. Comparison of model-calculated and observed monthly fuel consumption for three countries. The data are normalized as fractions (F). The results are shown in
percentages of monthly fuel consumption over the annual total.

R2 = 0.808

n = 80,

R2 = 0.698

As expected, Tcap in Canada is dependent on both HDD15 and
Gcap, and there was an interaction between the two variables. The
model for RE/T is similar to the electricity model for the United States.
The mean with standard deviation of RD for lnTcap is 7.21 ± 5.65%.
3.3. Historical trends in energy consumption and emissions

6×10-3

1×10-7

BaP, ton/cap

2×10-1

CO, ton/cap

The models developed here can be used to simulate seasonal
variations in energy consumption and pollutant emissions. The
calculated monthly results were adjusted based on real data on
an annual basis. The time series of Ecap for 10 large countries,
either developed or developing, were calculated for the period
1960 to 2011 at a monthly resolution (Fig. S3A) and serve as typical
examples. There was an increasing trend of Ecap for all countries
except Russia. In Russia, Ecap decreased beginning in 2004 as a
result of an electricity market reform that came into effect, and
electricity tariffs in the residential sector began to increase [80].
In all developed countries, the increasing trends have slowed or
plateaued recently, likely because of a saturation of appliances,
efficiency improvements, and the economic depression of 2008–
2009 [81]. Although Ecap showed strong seasonality in all countries, the patterns varied. In high-latitude countries such as Russia
and Poland, electric heaters supplement fuel stoves, especially on

1×10-3
3×10-4

2×10-8
5×10-4

CO2

CO2, ton/cap

extremely cold days [82], and result in strong winter peaks in electricity use. Similar winter peaks are evident for Germany and
France, where electric heaters are popular [22]. Although winters
in most of Germany and France are much warmer than those in
Russia, more Russian households rely on less expensive fuels than
electricity for heating. Therefore, the winter Ecap peaks in Russia
(27.8% higher than other months) were much smaller than those
in Germany and France (15.9% and 9.6% higher, respectively). Additionally, the winter peaks for these two countries were wider than
those for Russia and Poland, owing to differences in willingness to
pay more for heating. It was reported that the deviations of residential electricity consumption from the annual average in Hong
Kong were 2.8% and 5.8% in January and July, respectively [83],
which varied slightly from our estimations of 3.0% and 3.7%.
For developing countries where summers are hotter and winters are warmer than in Russia, here represented by China and Turkey, Ecap peaks occurred in the summer from July to August. For
India, neither a winter nor a summer peak was recognized. Because
this country is located in a warm climate zone, heating is not
needed. On the other hand, although India is the hottest of the nine
countries studied, air conditioners are not widely used, largely
owing to relatively low incomes [84]. The seasonality of Ecap in
the United States and Japan differed from that of other countries,
featuring two peaks per year. Electricity is heavily used for both
heating in summer and cooling in winter in these two countries.
Because of the difference in meteorological conditions, summer
peaks in the United States were much higher than those in winter,
while the opposite was true in Japan.
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Similarly, temporal variations of Fcap from 1960 to 2011 are
shown for 10 countries in Fig. S3B. As with Ecap, there were slight
increasing trends in Fcap for most countries, reflecting the influence of income. For nine of the countries, the seasonality of Fcap
dominated the temporal variation, causing strong winter peaks.
Those peaks were 43.2% (China) to 75.5% (Russia) higher than the
values in other months. The only exception was India, where heating is not needed.
Temporal variations in the per capita emissions of air pollutants
from 1990 to 2011 were calculated (Fig. 3). The trend in CO2 emissions is similar to that reported previously [20]. In terms of seasonal and interannual variations, emissions of CO2, SO2, Hg, and
NOx as fuel compositions or higher-temperature products correlated with electricity consumption, while emissions of incomplete
combustion products correlated with fuel consumption. In general,
seasonal variations in emissions within a country were strongly
temperature dependent, whereas interannual variations were both
climate- and socioeconomically driven. The results agree well with
the limited data available in the literature. For example, based on
the measured CO2 flux at a residential site in Seoul, Korea, it was
found that fluxes in January were 3.7 times higher than those in
June [85], which is similar to our result (4.7 times). The BC emissions from the Chinese residential sector in January and July of
2008 contributed 14.5% and 6.2% of the annual total, similar to
those calculated (19.25% and 5.75%) [86] based on an assumption
proposed in TRACE-P [87].

3.4. Future simulation and net influence of climate change
Based on projected changes in temperature, population, Gcap,
Icap, Ru, Pe, and H, global temporal trends in electricity and fuel
consumption were simulated from 2012 to 2050 for the A1B, B1,
and A2 IPCC scenarios (Fig. S4A). The results indicate that globally,
there will be a sharp increase in Ecap from 0.06 toe/cap in 2008 to
0.196, 0.146, and 0.10 toe/cap in 2050 for the three scenarios,
respectively. The annual increase rates range from 2.0% to 3.4%,
which are comparable to the rate of 2.7% predicted by Nezhad
[88]. The relative contributions of various factors to the increases
in residential energy consumption were quantified by calculating
differences with and without changes of individual parameters.
Fig. S4B shows the relative contributions of individual factors to
total electricity and fuel consumption from 2012 to 2050. Total
electricity consumption was most affected by Icap followed by
population growth, with positive influences from Ru and climate
warming and a negative influence from Pe accounting for a relatively small fraction of the total change. For A1B, income growth
was the most important factor positively driving changes in fuel

consumption, followed by income and climate warming (negative
effect).
The net effects of climate change on energy consumption were
calculated (Fig. 4A). An increase in temperature will promote electricity use and reduce fuel consumption. However, there will be
almost no change in electricity consumption until 2030, after
which there will be a sharp increase in the A1B scenario because
of rapid increases in population and income. Residential fuel consumption will decline almost constantly over the entire period,
with slight differences among the scenarios, which differ in
temperature. Climate change-induced shifts in residential energy
consumption will not be evenly distributed in space. Fig. 4B shows
net changes in 2050 for 10 regions. Although energy consumption
will increase under the A1B and B1 scenarios and decrease under
the A2 scenario globally, there will be negative changes in the
OECD and eastern European countries in all three scenarios, owing
to decreasing heating demands in the future. For almost all developing countries, climate warming will lead to substantial increases
in cooling electricity use. It was estimated that climate warminginduced changes in residential energy consumption in Canada,
the United States, Russia, and India would range from 4.7 to
2.7, 33 to 9, 23 to 9.7, and 1.1 to 14 Mtoe, respectively,
in 2050, which are comparable with estimates reported in the
literature ( 3.58, 11.9, 10.8, and 5.1 Mtoe) [32]. Similar results
for the effects of climate change on household energy consumption
have been previously reported on regional scales. By assessing
climate warming-induced changes in heating and cooling energy
consumption in Finland, it was found that total energy consumption would be reduced by 11.2%, 11.7%, and 13.6% under
A1B, B1, and A2 scenarios in 2050, respectively (our predictions
were 12.9, 4.5 and 10.8%, respectively) [89]. It was also
reported that climate warming would lead to a 45% rise in cooling
energy use in Miami under the medium emission scenario (A2),
which is similar to our estimation of 35% [90].
As shown in Fig. S5, the increase in temperature and cooling
demand under all three scenarios will increase residential CO2
emissions in developing countries, which would be countered by
a decrease in emissions from developed countries prior to 2035
(A1B); thereafter, emissions will increase globally. The net increase
in CO2 emissions will be 367, 125, and 167 Mt in 2050 according to
the A1B, B1, and A2 scenarios, respectively. These trends are similar to those projected by Isaac and van Vuuren [32]. Emissions of
incomplete combustion products are often dominated by solid fuel
combustion in the residential sector [9–11]. As a result, future climate warming will reduce fuel consumption and associated emissions of BC and other incomplete combustion products. For
example, BC emissions will have decreased by 83, 135, and 25 kt
in 2050 under the A1B, B1, and A2 scenarios, respectively.
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Again, these changes will vary by region. Taking the A1B scenario as an example (Fig. S6), the most prominent reductions of
CO2 emissions will occur in Russia ( 40.2 Mt) and the United
States ( 37.6 Mt), while emissions will increase in China
(143.8 Mt), India (67.7 Mt), and other developing countries; these
estimates agree well with other values reported in the literature
[32,91]. For incomplete combustion products, climate warmingdriven reductions of emissions will occur in almost all countries,
except those in tropical and subtropical regions where heating is
not currently required.
4. Conclusion
The space-for-time substitution approach was successfully
applied at the global scale to simulate both seasonal and
inter-annual temporal trends in residential fuel and electricity
consumption based on data collected from different countries
and regions. The important factors affecting temporal trends in
electricity and fuel consumption were identified. As a result of
climate warming, residential electricity consumption for cooling
will increase, while residential fuel consumption for heating will
decrease, resulting in a net increase in CO2 emissions and a net
decrease in BC, PAHs, and PM2.5 emissions. The models may also
be used to quantify the dependence of fuel consumption and pollutant emissions on socioeconomic factors, which is important to
policymakers interested in formulating abatement strategies.
Since the residential energy consumption related pollutant
emission contributes significantly to the total emission, abatement
strategy in this sector should be formulated. This is particularly
true for developing countries. According to the results of this study,
the emission depends strongly on both temperature and socioeconomic factors. Although economic development and urbanization
will help the residents in developing countries to climb the energy
ladder, leading to a reduction in air pollutant emission, policy and
regulatory efforts can also promote the replacement of solid fuels
with clean energy. Since future climate change will also affect
the residential energy use and emissions, more study on adaptation in this aspect should be carried out.
Although the hypothesis and the models were satisfactorily validated, the limitation of the approach and the models developed
should not be overlooked, leaving room for future improvement.
The limitations are mainly due to (1) the trial-and-error approach
could be too simplified, (2) the models used may not accurately
reflect the dependence of energy consumption on the parameters
and some parameters may not even be included, and (3)
Nonorthogonality of some socioeconomic variables are inevitable
and the exogeneity of them cannot be totally ensured, (4) data
available for model validation are rather limited, and (5) the uncertainty associated with fuel consumption, consequently pollutant
emissions, in residential sector is among the highest and more
first-hand data are needed to further improve the models.
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