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Abstract
Hydrofluorocarbons (HFCs) are strong greenhouse gases and regulated by the Montreal 
Protocol as substitutes of ozone depletion substances. Currently, Chinese HFC emissions 
keep increasing, and the inventory is only on a national or city level. A high-resolution 
gridded HFC emission inventory is needed to develop HFC reduction policy and phase-
down schedule. We developed a method by integrating point sources with longitude and 
latitude information and area sources using the proxy factor to explore the distribution of 
R-410A [a mixture of HFC-32 (CH2F2) and HFC-125 (C2HF5)] emissions from the room 
air-conditioning sector on a 10 × 10 km2 grid scale. Variety of regression models (includ-
ing the principal component analysis, multiple linear regressions, stepwise regressions, and 
linear regression), analysis scale (national level and provincial level), and data dimensions 
(the proxy factor and unit-area value) were tested. The gross domestic product was found 
as the optimal proxy factor and used to spatialize R-410A emissions at a high-resolution 
scale. Compared to the national-level analysis, model evaluation parameters were largely 
improved for the provincial-level regression analysis, including root-mean-square error 
(from 20.96 to 11.35), normalized mean bias (from 0.16 to − 0.01), normalized mean error 
(from 0.45 to 0.20), mean absolute error (from 11.27 to 4.97), correlation coefficient (from 
0.91 to 0.97), and relative error (from 39% to 76%), suggesting a better performance for 
the provincial-level analysis. This study provides a cost-effective method to establish fine-
resolution HFC inventory. Meanwhile, high-resolution emissions grid data could be further 
applied to implement site-specific management of low-carbon development.
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Abbreviations
AAT​	� Average annual temperature
HDD18 & CDD26	� Heating degree days and cooling degree days
CO2-eq	� Carbon dioxide-equivalent
DMSP-OLS	� Defense Meteorological Satellite Program Operational Linescan 

System
F-gas	� Fluorinated greenhouse gas
GDP	� Gross domestic product
GHG	� Greenhouse gas
GWP	� Global warming potential
HFC	� Hydrofluorocarbon
R-410A	� Known as HFC-410A, a blend of HFC-32 (CH2F2) and HFC-125 

(C2HF5)
NTL	� Nighttime light
ODS	� Ozone-depleting substance
RAC​	� Room air-conditioning
RP	� Resident population

List of symbols
EInventory,i	� R-410A emissions of the prefecture-level city i from emission 

inventory (kg)
Emodel,i	� R-410A emissions of the prefecture-level city i from the model 

prediction (kg)
GDPgrid,j	� GDP value in each of the 10 × 10 km2 grid of the province or a 

province-level municipality j (1010 RMB)
GDPprovince,j	� Summed GDP value of the province or a province-level municipal-

ity j (1010 RMB)
HFC − 410Agrid,j	� R-410A emissions in each of the 10 × 10 km2 grid of the province 

or a province-level municipality j (kg)
HFC − 410Aprovince,j	� Total R-410A emissions of the province or a province-level munici-

pality j (kg)
N	� Number of prefecture-level cities, N = 330
NMB	� Normalized mean bias
NME	� Normalized mean error
MAE	� Mean absolute error
R	� Correlation coefficient
RE	� Relative error
RMSE	� Root-mean-square error

1  Introduction

Climate change causes adverse effects in meteorological events resulting from global 
warming, which is closely related to human activities (De Matteis, 2017; Yilmaz & Can, 
2019). The Paris Agreement that was adopted at the Paris Climate Change Conference 
in December 2015 requires the participating countries to reach the goal of zero carbon 
emissions by the second half of the twenty-first century (UNFCCC, 2015). The goal 
showed the determination of global cooperation and established higher requirements 
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for reducing greenhouse gas (GHG) emissions worldwide to collectively tackle cli-
mate change (Gao et  al., 2017). A report by the Netherlands Environmental Assess-
ment Agency (Olivier et al., 2018) indicated that in 2017 global GHG emissions were 
increasing at a rate of 1.3%, reaching 50.9 Gt CO2 equivalent (CO2-eq). Specifically, 
fluorinated greenhouse gas (F-gas) emissions increased by an annual average of 5.6% 
during 2004–2014. F-gas emissions contributed about 3% of global GHG emissions (not 
including those caused by land-use changes). In the USA, although a decreasing trend 
was observed for GHG emissions, F-gas emissions increased by about 69.7% between 
1990 and 2017 (US EPA, 2021). In China, the GHG emissions increased from 8.0 Gt 
CO2-eq in 2005 to 12.3 Gt CO2-eq in 2014 (not including those caused by land use, 
land-use change, and forestry), in which the contribution of F-gas increased from 1.6% 
(0.13 Gt CO2-eq) in 2005 to 2.4% (0.30 Gt CO2-eq) in 2014, and 90% of the F-gas emis-
sions are from hydrofluorocarbons (HFCs) (China Ministry of Ecology & Environment, 
2018).

In compliance with the Montreal Protocol to control the consumption and production of 
ozone-depleting substances (ODSs), manufacturers have widely adopted HFCs to replace 
chlorofluorocarbons, halons, and hydrochlorofluorocarbons in refrigeration, air-condition-
ing, foam blowing, fire protection, and other applications since the 1990s due to their neg-
ligible effect on stratospheric ozone loss (World Meteorological Organization, 2018). How-
ever, most HFCs are potent GHGs with high global warming potentials (GWPs). Thus, the 
abundances of most HFCs are increasing in the global atmosphere. Specifically, HFC emis-
sions increased by 23% from 2012 to 2016 and contributed to 1.5% of total GHG emissions 
as carbon dioxide-equivalent emissions (CO2-eq) (World Meteorological Organization, 
2018). It is projected that the global HFC will account for 9–19% of total GHG emissions 
as CO2-eq by 2050 under the “business-as-usual” scenario (Velders et al., 2009). There-
fore, goals for reducing the production and consumption of HFCs in both developed and 
developing countries were set up by the Kigali Amendment to the Montreal Protocol in 
2016 (UNEP, 2016). China, for instance, contributed to 24% of global ODSs and HFC 
emissions in 2014, mainly due to widely used HFC as refrigerants (Fang et al., 2018). It is 
projected that China’s HFC emissions will increase substantially in 2050 if not regulated 
(Fang et al., 2016; Velders et al., 2015). Therefore, it is important that China should imple-
ment comprehensive policies and strategies to manage HFC emissions.

A high-resolution gridded HFC emission inventory is necessary to provide pertinent 
emission reduction guidance for the local government in establishing policies. The data-
base can also be used as a prior emission for inverse modeling to quantify GHG emissions 
at a fine resolution. However, HFC emissions data are difficult to obtain since they are 
closely related to the dynamic processes of refrigerants used in refrigerators and air-condi-
tioners. Previous studies on HFC emissions in China have been conducted at the national 
level (Fang et al., 2018; Wan et al., 2009, 2016), and only limited studies of HFC species 
have been conducted at the city level (Liu et al., 2019; Su et al., 2015). Considering the fact 
that both HFC and CO2 emissions include emission from point source and area sources, 
and the CO2 emission inventory has been spatialized from the national level, or city level, 
or at a high-resolution level with a spatial resolution of 1 × 1  km2 or 10 × 10  km2. These 
CO2 spatialization methods can be used as a reference for HFC (Cai, 2014; Cai et al. 2017; 
Wang et al., 2014). Based on the high-resolution CO2 data, various policy suggestions have 
been proposed, including establishing city-level responsibility for emission reduction when 
allocating the national goal and conducting benchmark research studies. In order to depict 
high-resolution CO2 emissions, proper proxy factors, including resident population (RP) 
data (Cai & Zhang, 2014), nighttime light (NTL) data (Oda & Maksyutov, 2011), have 
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been identified. Thus, it is necessary to find the proper proxy factors to develop high-reso-
lution HFC emissions as well.

In this study, R-410A, also known as HFC-410A (a blend of HFC-32 (CH2F2) and HFC-
125 (C2HF5) that are two of the main contributors to the total HFC emissions), from the 
room air-conditioning (RAC) sector were chosen (Fang et al., 2016; Liu et al., 2019). The 
prefecture-level R-410A emissions data from the RAC in 2015, combined with proxy fac-
tors, were analyzed to explore the distribution of R-410A emissions on a 10 × 10 km2 grid 
scale. To the best of our knowledge, this is the first study to spatialize specific HFC emis-
sions at a high-resolution scale. The results of this study may provide practical guidance on 
future policies in reducing the R-410A and other F-gas emissions in China. The developed 
method that uses provincial-level regression analysis based on proxy factor gross domestic 
product (GDP) could also be applied to other countries or regions in the spatialization of 
R-410A emissions where activity data or emission factors are difficult to obtain.

2 � Material and methods

Figure  1 presents the flowchart of the spatialization process of high-resolution R-410A 
emissions from the RAC sector in China. This study was based on the prefecture-level 
R-410A emissions data from the RAC sector from Liu et al. (2019). Proxy factors, includ-
ing GDP, NTL, heating degree days and cooling degree days (HDD18 & CDD26), RP, and 
average annual temperature (AAT), were included to develop high-resolution HFC emis-
sions. To minimize the effects of the linear additivity, proxy factors were divided by the 
area to get the values per unit area. Then, the per unit area values were used in the follow-
ing analyses as well. Correlation analysis was performed to find the most proper proxy 
factor. Models, including principal component analysis (PCA), multiple linear regressions, 
stepwise regressions, and linear regression, were developed to find the one with the best 
performance. The following parameters, including relative error (RE), root-mean-square 
error (RMSE), normalized mean bias (NMB), normalized mean error (NME), mean 
absolute error (MAE), and correlation coefficient (R), were used to evaluate the model 

Fig. 1   Flowchart of spatialization of R-410A emissions from the room air-conditioning sector
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prediction results, which indirectly support the rationality of our study method. In order to 
improve the model performance, this study further used regression analysis on a provincial 
level to spatialize R-410A emissions. Finally, R-410A emissions from the RAC sector in 
China were spatialized on a 10 × 10 km2 grid scale.

2.1 � Prefecture‑level R‑410A emissions inventory from the RAC sector

Prefecture-level R-410A emissions data from the RAC sector were obtained from Liu et al. 
(2019) and updated to 338 cities, which was based on a bottom-up method. R-410A emis-
sions can be aggregated into five stages of the life cycle, including the production (where 
air-conditionings (AC) are manufactured, and R-410A is charged), installation (when AC 
unit is installed for the first time), operation (release into the atmosphere due to leakage 
during normal operation), servicing (during the servicing of the refrigeration system of 
AC), and end-of-life emission (during the disposal process).

In the spatialization process, R-410A emissions at the production stage were regarded as 
point source emissions, which were acquired from manufacturers. The distribution of point 
sources is shown in Figure S1. R-410A emissions at the other four stages were regarded as 
area sources based on statistical administrative region border.

2.2 � Proxy factors

The selection of proper proxy factors is necessary to conduct the spatialization process. 
Referring to previous study findings and common practices in the spatialization process 
(Cai, 2014; Cai et al., 2017; Wang et al., 2014), R-410A emissions from the RAC sector 
are likely correlated with GDP, RP, AAT, HDD18 & CDD26, and NTL.

Specifically, GDP and RP are the main indicators of human activity, which is directly 
associated with anthropogenic GHG emissions, including R-410A. In addition, previous 
studies have found that the outdoor temperature is an important factor affecting air-condi-
tioning use (Liu, 2017; Liu et al., 2020). Degree-days index, such as HDD18 & CDD26, is 
one of the important meteorological parameters. A higher index value usually indicates a 
higher level of possibility of usage of air-condition for cooling or heating (U.S. EIA, 2021). 
Finally, NTL data can indirectly reflect the geographical distribution of population density, 
economic activity level, and energy consumption (Doll & Pachauri, 2010; Letu et al., 2010, 
Ma et al., 2012; Zeng et al., 2011; Zhuo et al., 2009).

GDP, AAT, RP, and HDD18 & CDD26 data were obtained from the Resource and 
Environment Data Cloud Platform compiled by the Institute of Geographic Sciences and 
Natural Resources Research, Chinese Academy of Sciences (excluding Jiayuguan, Gansu 
Province; and Sansha, Hainan Province due to missing data) (CAS Institute of Geographic 
Sciences & Natural Resources Research, 2021). These data have been used in previous 
studies (Cao et al., 2016; Chen et al., 2019; Xu & Liu, 2014; Xu, 2017a, 2017b). The GDP, 
AAT, and RP statistics were provided at a resolution of 10 × 10  km2, and the HDD18 & 
CDD26 data were provided at the prefecture level. The NTL data were obtained from 
Defense Meteorological Satellite Program Operational Linescan System (DMSP-OLS) sen-
sors. The sensors work at night and could detect low-intensity lights from urban construc-
tions and even from small-scale residential areas and traffic (excluding the cities of Ngari, 
Changdu, Linzhi, Nagqu, Shigatse, and Lhoka in Tibet Province due to missing data). The 
NTL data were provided at a resolution of 10 × 10 km2. After data collection and data pro-
cessing, a total of 330 China’s prefecture-level cities were selected in this study because the 
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proxy factor data were missing for eight cities. The obtained data were processed in Arc-
GIS software and ultimately yielded a total of 97,146 space grids on a 10 × 10 km2 scale.

2.3 � Model development

In the development of the model, we evaluated 20 models, including PCA, multiple linear 
regressions, stepwise regressions, etc. (S1 of Supplemental Information). The results of 
these methods are discussed and compared in Tables S1–S15 and Figure S2, and we found 
linear regression model performs the best.

2.3.1 � Correlation analysis

Correlation analysis was conducted between the dependent variable, R-410A emissions 
from the RAC sector, and five independent variables (GDP, RP, AAT, HDD18 & CDD26, 
and NTL).

First, based on the administrative region border, data of five independent variables were 
processed in ArcGIS software and scaled up to the prefecture level of 330 cities in China. 
Second, a scatter plot matrix was plotted in R software to check the normality of each vari-
able. Then, Spearman’s rank correlation test was applied to provide correlation information 
between R-410A emissions and each of the five independent variables. The Performance 
Analytics package in R software was used to calculate the correlation coefficients. Also, a 
stepwise regression of five independent variables was performed to check collinearity and 
select proper independent variables.

As shown in Table  1, the R between R-410A emissions and GDP was the highest 
(0.82) among all correlation tests, followed by RP (0.78) and NTL (0.61). AAT (0.44) and 
HDD18 & CDD26 (− 0.36) had poor correlation with R-410A emissions. To avoid the 
multiple collinearity problem between GDP and RP and between GDP and NTL (correla-
tion coefficients between GDP and RP and between GDP and NTL were 0.82 and 0.81, 
respectively), we selected GDP as the proxy factor to spatialize R-410A emissions. We 
also explored other proxy factors, including RP, AAT, and NTL, in the modeling develop-
ment, and the detailed results could be found in Method 1–20 of S1. The GDP data have 
been widely used in other fields to identify the drivers of regional agricultural land changes 
(Cao et al., 2016), explore key drivers of karst rocky desertification (Xu, 2017a), and detect 

Table 1   Correlation coefficients among R-410A and the five selected proxy variables

The numbers represent the Spearman correlation coefficients between each of the two variables.
GDP, gross domestic product; RP, resident population; AAT, average annual temperature; HDD18 & 
CDD26, heating degree days and cooling degree days; NTL, nighttime light
*** represents a p value < 0.001.

R-410A GDP RP HDD18 & CDD26 NTL AAT​

R-410A 1*** 0.82*** 0.78*** − 0.36*** 0.61*** 0.44***
GDP 1 0.82*** − 0.21*** 0.81*** 0.28***
RP 1 − 0.29*** 0.64*** 0.34***
HDD18 & CDD26 1 0.02 − 0.93***
NTL 1 0.00
AAT​ 1
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the formation mechanism of the spatial pattern of ecological environment quality in China 
(Chen et al., 2019). The gridded GDP data have also been optimized over many years (Xu 
& Liu, 2014), resulting in high data credibility.

2.3.2 � Regression analysis on a national level

After GDP was selected as the optimal proxy factor, a regression model was developed 
to test the relationship between R-410A emissions from the RAC sector and GDP on a 
national level (including all 330 cities), and the results are shown in Fig. 2. The uncertainty 
of the model prediction was taken at the 95% confidence level (95% CI).

The two variables show a good linear relationship of:

where Y is R-410A emissions from the RAC sector (unit, t), and X is GDP (unit, 1010 
RMB) with R2 of 0.85. The fitted linear relationship was then applied on each of the 97,146 
space grids to obtain the distribution of R-410A emissions on a 10 × 10 km2 grid scale.

(1)Y = 1.421 × X,

Fig. 2   Linear fitting of GDP and R-410A from the RAC sector in 2015 on a national level
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2.3.3 � Model evaluation

To test the fit of the spatialization model, the predicted R-410A emissions on a 10 × 10 km2 
grid scale were aggregated to the prefecture level for 330 cities in China based on the 
administrative region border. Then, the predicted prefecture-level R-410A emissions are 
compared with the emission inventory data established by Liu et al. (2019). The following 
parameters, including RE, RMSE, NMB, NME, MAE, and R, were used to evaluate the 
performance of the model prediction results:

where Emodel,i is R-410A emissions of the prefecture-level city i from the model predic-
tion, EInventory,i is R-410A emissions of the prefecture-level city i from emission inventory, 
N = 330, Emodel is the average of the R-410A emissions of the prefecture-level city from 
the model prediction, and EInventory is the average of R-410A emissions of the prefecture-
level city from emission inventory. RE represents the unitless relative deviation between 
the model prediction value and the emission inventory value for each city; the closer the 
RE is to zero, the better the prediction performance. RMSE represents the relative devia-
tion between the model prediction value and the emission inventory value for the whole 
model; the closer the RMSE is to zero, the better the prediction performance. NMB and 
NME represent the average deviation and the absolute error between the model predic-
tion value and the emission inventory value, respectively. They are both unitless, and the 
closer they are to zero, the better the prediction performance. MAE is the average of the 
absolute error between the model prediction value and the emission inventory value, the 
smaller the value, the better the prediction performance. R is the correlation between 

(2)RE =
(Emodel,i − EInventory,i)

EInventory,i

,

(3)RMSE =

�∑N

i=1
(Emodel,i − EInventory,i)

2

N

�1∕2

,
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model prediction value and the emission inventory value, the closer R is to 1, the better the 
prediction performance. It should be noted that in the spatialization of R-410A emissions 
on a 10 × 10 km2 grid scale in ArcGIS software, statistical error may occur at the border of 
a province or city.

2.3.4 � Regression analysis on a provincial level

The prediction results from national-level regression analysis in Sect. 2.3.2 and the above 
model evaluation show that the current model needs improvement (detailed analysis in 
Sect. 3.2); thus, the regression analysis on a provincial level was used to spatialize R-410A 
emissions.

For most provinces (no less than 10 city samples), a regression model was developed 
to test the relationship between R-410A emissions from the RAC sector and GDP on a 
provincial level. As shown in Fig.  3, the regression results all showed significant linear 
relationships for each of the provinces. Then, the linear function was applied to each of the 
space grid within the same province to predict the distribution of R-410A emissions on a 
10 × 10 km2 grid scale. The uncertainty of the model prediction was taken at the 95% CI.

When performing the regression model on provinces without sufficient samples (less 
than ten city samples), an alternative method was used, including four province-level 

Fig. 3   Linear fitting of GDP and R-410A emissions from RAC in 2015 within each province. Tibet is 
excluded due to missing data
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municipalities (Beijing, Shanghai, Tianjin, and Chongqing, which only included one 
data point) and seven provinces (Fujian, Guizhou, Hainan, Jilin, Ningxia, Qinghai, and 
Shaanxi). Specifically, for each of the province or province-level municipalities, the GDP 
across all 10 × 10 km2 grids that was attributed to a province or a province-level munici-
pality was summed, and the original GDP quantity at each grid was normalized by this 
summed GDP value. The R-410A emissions at a grid were scaled by multiplying the nor-
malized GDP with the annual total R-410A emissions of a province or a province-level 
municipality, as shown in Eq. (8):

where R − 410Agrid,j (kg) is the R-410A emissions in each of the 10 × 10 km2 grids of the 
province or a province-level municipality j, R − 410Aprovince,j (kg) is the total R-410A emis-
sions of the province or a province-level municipality j, GDPgrid,j (1010 RMB) is the GDP 
value in each of the 10 × 10 km2 grid of the province or a province-level municipality j, 
and GDPprovince,j (1010 RMB) is the summed GDP value of the province or a province-level 
municipality j.

The fit of the model for this provincial-level regression analysis was evaluated using the 
same parameters as mentioned in Sect. 2.3.3, including RE, RMSE, NMB, and NME.

3 � Results and discussion

3.1 � The spatial distribution of R‑410A emissions from the RAC sector

We used ArcGIS software (version 10) to add point source emissions (production stage) 
and area source emissions (installing, operation, servicing, and end-of-life stages, which 
were based on the model predictions from regression analyses in Sect. 2.3.2 or Sect. 2.3.4). 
The spatial distribution of Chinese R-410A emissions from the RAC sector is shown in 
Figs. 4 and S3. Figure 4a represents city-level R-410A emissions per km2 from the existing 
emission inventory (Liu et al., 2019). Figure 4b represents R-410A emissions per km2 on 
a 10 × 10 km2 grid scale by the provincial-level regression analysis, and Fig. S3 represents 
R-410A emissions per km2 on a 10 × 10  km2 grid scale by the national-level regression 
analysis.

Compared with the emission inventory data of total R-410A emissions across China, 
the prediction result using the national-level regression analysis is about 9900 t (95% CI 
9455–10,335), which is about 20% higher than the emission inventory value (8200 t) (Liu 
et  al., 2019), while the total R-410A emissions predicted by the provincial-level regres-
sion analysis are about 7600 t (95% CI 7391–7868), which is closer to the emission inven-
tory value. Overall, China’s R-410A emissions in 2015 show a spatial pattern of high-
in-east and low-in-west, with the higher emissions from Beijing-Tianjin-Hebei, the Pearl 
River Delta, and the Yangtze River Delta regions. The above three regions are character-
ized by high urbanization and high levels of economic development. Cities with high total 

(8)R − 410Agrid,j =
GDPgrid,j × R − 410Aprovince,j

GDPprovince,j

,

Fig. 4   a R-410A emissions per km2 from RAC in China in 2015 (modified from Fig. 5 from L. Liu et al., 
2019). b Spatial distribution of Chinese R-410A emissions from RAC in 2015 by the provincial-level 
regression analysis (no data available for Hong Kong, Macao and Taiwan in both figures)

▸
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emissions are mainly located in the eastern coastal areas (including Jiangsu, Shandong, 
Zhejiang, and Guangdong provinces), while cities with lower total emissions are mainly 
located in the southwest (Yunnan province) and the northeast (including Inner Mongolia 
and Heilongjiang provinces) areas. Compared with the city-level geographical distribution 
of R-410A emissions in China in 2015 (shown in Fig.  4a) (Liu et  al., 2019), our distri-
bution results show a similar overall spatial pattern. In addition, our study results could 
provide more detailed information about R-410A emissions in districts and counties or the 
exact 10 × 10 km2 grid.

On the city level, the model prediction by national-level regression analysis (shown 
in Figure S3) shows higher values in the northeast and western areas, including Yunnan, 
Xinjiang, Tibet, Qinghai, Jilin, Inner Mongolia, Guizhou, Gansu, Ningxia, Liaoning, and 
Heilongjiang provinces and lower values in Hainan province, when compared with results 
from Liu’s emission inventory (Liu et al., 2019). However, the cities of Shanghai, Beijing, 
Guangzhou, Shenzhen, Chongqing, and Suzhou were overestimated or underestimated by 
the national-level regression analysis, which is likely due to large deviations from the fitted 
regression line shown in Fig. 2. Regarding the provincial-level regression analysis (shown 
in Fig. 4b), the model prediction results are higher than emission inventory values in the 
cities of Xilingol, Alxa League, Chuxiong, and Xuancheng, while lower in cities of Hotan, 
Dandong, Sanya, and Zhaotong, which could be attributable to the deviations from the fit-
ted regression between GDP and R-410A emissions within the same province. To explore 
the causes of the differences in spatial distribution between Figs. 4b and S3, we compared 
the above two analyses quantitatively (shown in Sect. 3.2).

3.2 � Model evaluation with emission inventory

To evaluate the fit of the model, the RE was calculated (Eq. (2) in Sect. 2.3.3) to compare 
the prefecture-level R-410A emissions between the model result and emission inventory, 
and the frequency distribution of RE is presented in Fig. 5.

In general, RE distribution by the national-level regression analysis does not follow a 
Gaussian distribution. About 39% of the cities (128 of 330) are within 40% RE, and about 

Fig. 5   Frequency distribution of relative error in 330 cities by national-level regression analysis and provin-
cial-level regression analysis in 2015



5275Spatialization of Chinese R‑410A emissions from the room…

1 3

47% of the cities (155 of 330) are within 60% RE. Previous studies have found that the out-
door temperature is an important factor affecting air-condition use, and there was a strong 
positive correlation between air-condition use frequency and summer temperature (Liu, 
2017; Liu et al., 2020). Most of the provinces in eastern China have high summer tempera-
tures (above 24 °C) and the variation of summer temperatures between these provinces is 
not obvious. For these provinces, GDP was found as the most correlated proxy factor with 
R-410A emissions. However, there are still a few provinces with much lower summer tem-
perature (below 24 °C) in China, especially in western or northeast China. In the national-
level regression analysis, a linear relationship was developed between GDP and R-410A 
emissions, which did not take the above influential factor into consideration. Therefore, 
the R-410A emissions in places with cooler summer temperature are overestimated. Cities 
with large REs are mainly located in the northeast (Heilongjiang, Jilin, and Liaoning prov-
inces), the west (Xinjiang, Gansu, and Qinghai provinces), Inner Mongolia, and Yunnan 
Province. Compared to most of the cities in China, average summer temperatures are rela-
tively low for cities with large REs (as shown in Figure S4). Therefore, it could be expected 
that low summer temperatures are associated with a low frequency of air-conditioner use in 
these areas.

To account for the influence caused by air-conditioner using behaviors, a regression 
analysis (Sect. 2.3.4) was developed at the provincial level. Within the same province, the 
distribution of summer temperature is more uniform than that at the national level, and 
further, the air-conditioner using behaviors are more similar. Thus, the impact of summer 
temperature could be minimized. Taking the summer temperature into consideration will 
optimize the spatialization results of R-410A emissions. Overall, the RE distribution by the 
provincial-level regression analysis shows a good fit for the normal distribution, with major 
values concentrated around zero. About 76% of the cities (251 of 330) are within 40% 
RE, and about 86% of the cities (283 of 330) are within 60% RE. We further extended our 
analysis in year 2010, and the model evaluation results also show that the model perfor-
mance of provincial-level regression analysis is better than that of national-level regression 
analysis (as shown in Figures S6 and S7).

In this provincial-level regression analysis, the coefficients for linear regression analysis 
are smaller for provinces with low summer temperatures (including Yunnan, Heilongjiang, 
Inner Mongolia, Liaoning, Xinjiang, and Gansu) compared with most provinces with high 
summer temperature, which supports the development of our spatialization model from the 
national level to the provincial level. Besides RE, a comparison of other model evaluation 
parameters (RMSE, NMB, and NME) between the two analyses is shown in Table 2. The 

Table 2   Comparison of model 
evaluation parameters

RE, abbreviation for relative error; RMSE, root-mean-square error; 
NMB, normalized mean bias; NME, normalized mean error; MAE, 
mean absolute error; R, correlation coefficient

Model evaluation param-
eters (N = 330)

National-level regres-
sion analysis

Provincial-level 
regression analysis

RMSE (t) 20.96 11.35
NMB 0.16 − 0.01
NME 0.45 0.20
MAE 11.27 4.97
R 0.91 0.97
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RMSE, NMB, and NME values for the provincial-level regression analysis are closer to 
zero. Based on the above model evaluation results, the provincial-level regression analysis 
was further improved based on the national-level regression analysis. A similar method 
was used in previous studies to spatialize emissions of persistent organic pollutant at fine 
resolution. For example, emissions of α-hexachlorocyclohex were distributed on a 1° × 1° 
longitude and latitude grid scale globally. The gridded cropland data was set as a proxy 
factor to make the distributions (Li, 1999, 2001; Li et al., 2000), and the results were then 
aggregated to the country level and compared with the previous emission inventory.

It should be noted that HFC emission could also be derived by a top-down method, 
which combined atmospheric HFC measurement and inverse modeling. However, the 
emission by the top-down method was total emission from all sources. Thus, it will not 
be able to quantify emission from the RAC sector as we did in this study. Although it 
is difficult to estimate the uncertainty of mapping, we search for evidence that may sup-
port our method by some indirect indicators. We have also included the field survey results 
(showed in Figure S5) conducted at the recycling stations. We further analyzed the rela-
tionship between the number of recycling stations and corresponding GDP at the same 
grid. Major R-410A emissions come from the process of end-of-life emissions, which 
mainly occurred at recycling stations. However, in China, there was no official statistics on 
R-410A emissions from recycling stations, thus the number of recycling stations was used 
instead for statistical analysis, assuming the R-410A emissions were directly proportional 
to the number of recycling stations. In this study, the key research areas (Beijing, Shanghai, 
Henan, Hubei, Hunan, Tianjin, Shaanxi, Zhejiang, Jiangxi, and Guangdong) were selected. 
We used “air-conditioning recycling” and “recycling” as keywords to search the point-of-
interest (POI database) of recycling stations on maps and recorded their location informa-
tion (latitude and longitude), then analyzed the results on the 10 × 10 km2 grid. A total of 
13,551 recycling points were used in our analysis. As shown in Figure S5, there is a strong 
correlation between gridded GDP and the number of recycling stations. For example, the 
correlation coefficients in Beijing, Shanghai, Henan, Hubei, Hunan, Tianjin, Shaanxi, Zhe-
jiang, Jiangxi, and Guangdong are 0.9, 0.8, 0.75, 0.74, 0.72, 0.72, 0.71, 0.7, 0.69, and 0.63, 
respectively, which indirectly proves the rationality of using GDP as a proxy factor to spa-
tialize R-410A emissions. It is worth mentioning that there may exist some uncertainty and 
limitations since we only used the number of recycling stations for statistical analysis. Fac-
tors such as the size of the recycling station, the way the recycling stations process refriger-
ant, and the type of room air-conditioning recycled could also affect R-410A emissions.

3.3 � Implications

Because of the increasing impact of R-410A on global warming, considering R-410A is a 
potent GHG with a GWP value of 1923, and the annual R-410A emissions from RAC in 
China is about 15.4 million t CO2-eq in 2015 (IPCC, 2013; Liu et al., 2019), developing an 
accurate and high-resolution emission inventory is important for both the research com-
munity and policy makers in reducing GHG. Currently, studies on R-410A emissions from 
the RAC sector at a high spatial resolution are limited. Previous studies on F-gas emissions 
used traditional surveys to obtain the activity data and combined them with emission fac-
tors to estimate the emissions. However, in some regions and industries, activity levels are 
difficult or costly to obtain. This study analyzed various regression models and parameters 
and found that GDP was the most appropriate proxy factor to spatialize R-410A emissions 
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in the RAC sector in China. The study results improve the resolution of the spatial alloca-
tion of R-410A emissions, and further improve the understanding of the identification and 
implementation of control strategies.

First, the research on gridded R-410A emissions database provides reference method 
and solid data foundation for China’s GHG emission research and site-specific manage-
ment of low-carbon development. However, in some regions and industries, activity levels 
are difficult or costly to obtain, making it hard to establish the emission inventory of F-gas 
at a high-resolution scale (10 × 10 km2). Improving the spatial resolution of the F-gas emis-
sion using traditional statistical methods needs a large number of investigations and bur-
dens extremely high survey costs. This method developed in this paper could effectively 
support the establishment of spatial emission grids with acceptable prediction errors. It is 
innovative to use such proxy factor rather than population to spatialize the emissions as has 
been done in previous studies, in which HFC emissions are commonly disaggregated into 
a smaller grid by population density on a national scale (Keller et al., 2012; Stohl et al., 
2010; Vollmer et al., 2009; Yao et al., 2019). In addition, it is essential to verify the emis-
sion estimations based on the “top-down” method combining atmospheric in-situ measure-
ments and Bayesian inverse modeling (Yao et  al., 2019), which has been systematically 
illustrated in 2019 Refinement to the 2006 IPCC Guidelines for National Greenhouse Gas 
Inventories (IPCC, 2019).

In addition, most of the HFC emissions from air-conditioning refrigerants occur during 
the operation and disposal process. The refined spatial pattern demonstrates large varia-
tions for disposal sites. For example, a large disposal site is likely to be the highest emis-
sions in the city. In general, the air-conditionings are installed at different times and thus 
present different emission characteristics. Therefore, on the provincial and city level, a 
clear understanding of HFC emissions hotspots is beneficial to make targeted management 
plans, such as regional management, hotspot responsible-person mechanism, which have 
been proved successful in air pollution prevention and control in Northern China (The Hot 
Spot Grid Work Promotion Office of Cangzhou City 2019; Zhao, 2018). Specific emission 
reduction mitigation measures, such as differentiated economic incentives and penalties to 
avoid unexpected results because of uniform measures, should also be considered. Hotspot 
management could greatly improve the pertinence and accuracy of environmental enforce-
ment, and thus, site-specific management based on the utilization of hotspots is suitable for 
the current management system. Hotspots enable accurate identification of high-emission 
areas or locations, which reduces the technical monitoring cost and management cost. In 
addition, it helps to evaluate the emission performance in cities or towns. The management 
of emission areas could be classified into different grades (for example, major and non-
major) according to their emissions, and a responsibility system based on hotpots could be 
established.

Furthermore, our results could be applied to other countries or regions in the spatializa-
tion of R-410A emissions and extended by using updated data to depict the distribution. 
For countries with similar air-conditioner using behaviors, a regression analysis could be 
developed to depict R-410A emissions on a national or regional level. However, it should 
be noted that large uncertainties might be introduced when the method is applied to coun-
tries with large summer temperature differences or distinct air-condition using behaviors, 
such as the USA or Chile. If so, a differentiated spatialization method should be applied 
(similar to Sect.  2.3.2, the provincial-level regression analysis). In generalization of the 
model, when the air-condition use behavior becomes an important indicator, the choice 
on area size in this study could spatialize R-410A emissions at a high-resolution scale 
(10 × 10 km2) rather than the traditionally prefecture-level city that is regulated under the 
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administrative region, where the concept and scale of cities and provinces in China may 
not be the exact template for other countries or regions. Thus, the new method has great 
advantages over previous methods in depicting the spatial distribution characteristics of 
R-410A emissions.

This study showed that the appropriate proxy factor could be used to develop the HFC 
emissions on a high-resolution scale. The selection of optimal proxy factor is crucial in the 
model development. Different HFCs may choose different proxy factors according to their 
characteristics and usages. For example, HFC-134a is mainly used for automobile refriger-
ants (Fang et  al., 2016), HFC-23 is a by-product of HCFC-22 production from fluorine 
chemical industry (Stanley et al., 2020). However, in the spatialization process, it may be 
easy or difficult to find the proper proxy factor for different HFCs, which may be a limita-
tion in the high-resolution HFC emission inventory development.
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