Annadate et al. Environmental Sciences Europe
Environmental Sciences Europe (2025) 37:40

https://doi.org/10.1186/512302-025-01081-1

L . ®
Monitoring the impact of EU F-gas B

regulation on HFC-134a emissions
through a comparison of top-down
and bottom-up estimates

Saurabh Annadate'??", Enrico Mancinelli!, Barbara Gonella*, Federica Moricci®, Simon O'Doherty”,
Kieran Stanley”, Dickon Young®, Martin K. Vollmer®, Rita Cesari’, Serena Falasca®, Umberto Giostra',
Michela Maione'? and Jgor Arduini™?"

Abstract

HFC-134a is the most prevalent hydrofluorocarbon used as a replacement for ozone-depleting CFCs and HCFCs. Due
to its high global warming potential, it is regulated under various European and global frameworks, underscoring
the importance of tracking its emissions. Emissions derived by the commonly used, bottom-up, methodology are
affected by a certain degree of uncertainty. The bottom-up estimates can be aided with an independent top-down
estimate based on atmospheric observations combined with an atmospheric transport model. This study presents
HFC-134a emissions for Europe, with a specific focus on Italy, from 2008 to 2023. The emissions were estimated

using a Bayesian inversion methodology, based on atmospheric observations collected at four European stations.
Our analysis reveals a slightly increasing trend in HFC-134a emissions for Italy from 2008 to 2015 of 0.17 Gg yr~', fol-
lowed by a steady decrease thereafter, highlighting the effect of European regulation on fluorinated gases that came
into force in 2014. We observed a reduction in HFC-134a emissions in the Po Basin inferred from the inversion method
for 2020, likely due to mobility restrictions imposed during the COVID-19 pandemic. The observed mild seasonality

in emissions may be partly attributed to higher air-conditioning activity during summer. Comparison with the Ital-
ian National Emission Inventory indicates an improvement in iterative bottom-up estimates, with the 2024 inventory
emission trend post-2015 aligning closely with our inversion results. This study emphasises the need for collaboration
between the two independent approaches to enhance the accuracy of emission estimates. Such cooperation is cru-
cial to narrowing the gap in quantifying emissions of potent greenhouse gases and effectively assessing the progress
of international policies and regulations.
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Introduction

Hydrofluorocarbons (HFCs) are a class of greenhouse
gases (GHGs) primarily used as substitutes for ozone-
depleting substances (ODSs) like chlorofluorocarbons
(CFCs) and hydrochlorofluorocarbons (HCFCs). While
HFCs do not harm the ozone layer, they contribute to
global warming due to their high global warming poten-
tial (GWP) [14]. In response to the urgency of address-
ing climate change and reducing the impact of GHGs,
the United Nations Framework Convention on Climate
Change (UNFCCC) set strict principles and commit-
ments related to GHG emission reduction targets. These
targets, essential for achieving the goal of limiting global
temperature rise, are expressed as a percentage reduc-
tion from a baseline year. In addition, under the Kigali
amendment to the Montreal Protocol on Substances that
Deplete the Ozone Layer [35], more than 140 countries
commit to cutting HFC production and consumption by
more than 80% over the next 30 years, with developed
countries (including Italy) targeting an 85% reduction by
2036. Transparency is a fundamental principle under the
UNECCC, ensuring openness and accountability in the
actions taken by countries to address climate change. This
principle requires participating nations to regularly report
on their GHG emissions, mitigation measures, and pro-
gress toward their stated reduction targets. This is done
by compiling National Emission Inventories (NEIs), which
countries submit annually to the UNFCCC. NEI meth-
odology is based on activity level data and emission fac-
tors (EFs), following the IPCC (Intergovernmental Panel
on Climate Change) Guidelines [15]. This methodology is
affected by a certain degree of uncertainty that, according
to the IPCC Guidelines, can be reduced thanks to a com-
parison with top-down estimates based on atmospheric
observations combined with atmospheric transport
model (inverse modelling) [18], especially if a sufficiently
dense observation network is available. These models’
accuracy and spatial resolution have improved over time,
allowing for estimates of fluxes down to the country scale.
For this reason, an increasing number of countries are
including top-down estimates in their NEIs, which help
identify possible uncertainties in EFs and ensure more
accurate and transparent emission estimates [31].

This study focuses on 1,1,1,2-tetrafluoroethane
(CF;CH,F), also known as HFC-134a. It is the most
abundant HFC in the global atmosphere, and its ther-
modynamic properties, similar to those of dichlorodif-
luoromethane (CFC-12), make it an efficient option in
refrigeration and mobile air conditioning (MAC) sys-
tems. With a global abundance of 113 parts per trillion
(dry air mole fraction in pmol/mol or ppt) in 2020 and
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a 100-year Global Warming Potential (GWP) of 1526,
its radiative forcing in 2020 was 19.5 + 0.3 mW m2,
which makes HFC-134a the major contributor to the
total HFC radiative forcing (44%) [13, 37]. Accord-
ing to [10], based on a simple box model global emis-
sions of HFC-134a increased from 113 to 236 Ggyr !
between 2004 and 2018. As estimated from inverse
analysis based on atmospheric measurements from
the Advanced Global Atmospheric Gases Experiment
(AGAGE) and National Oceanic and Atmospheric
Administration (NOAA) global networks, the global
HFC-134a emissions were 245+ 27 Ggyr~! in 2020
[37]. The emission trend analysis showed that, after
more than 20 years of near linear rise, the HFC-134a
emission growth rate slowed between 2016 and 2020
[37], showing the efficiency of mitigation policies
implemented in the last decade.

In the past years, regional inverse modelling studies
reporting HFC-134a emissions from developed countries
(Annex I parties of UNFCCC) have shown some differ-
ences between bottom-up and top-down estimates [4, 9,
12, 23, 24, 30, 32]. [31] suggested a revision of EFs from
both MAC and non-refrigeration and air-conditioning
systems in the UK based on a comparison between the
estimates of HFC-134a emissions from the national inven-
tory and the emissions evaluated through inverse model-
ling. These authors pointed out that the UK inventory was
far overestimating annual HFC-134a emissions compared
to other EU countries’ estimations because of overesti-
mating the frequency of refilling refrigeration systems.

In this study, using a top-down approach, we esti-
mated the emissions of HFC-134a from the European
domain, focusing on Italy, between 2008 and 2023. In
Italy, HFC-134a is the highest contributor to fluorinated
gas emissions for mobile air-conditioning and refrigera-
tion [25]. In the considered time range, stringent regu-
lations and directives to control the use and emission of
HFCs have been implemented by the European Union
(EU) coherently with the emission reduction targets set
by UNFCCC (see Supplement). Our analysis relies on
continuous measurements of HFC-134a with hourly
resolution conducted at four European monitoring sites
that are part of the AGAGE network [28]. Emissions are
estimated using a Bayesian inversion method, based on
FLEXINVERT+ [34], described in detail in [3], which
allows for the localisation and quantification of emis-
sions from the European domain down to the national
level. Our results are compared with those of Italian
National Emission Inventories (NEIs) over the same
period, and differences between the top-down and bot-
tom-up emission estimates are analysed.
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Methods

Atmospheric measurements

Inversion methods for estimating GHG emissions rely
heavily on high-quality ambient measurements. Cur-
rently, there are only 16 continuous measurement
stations worldwide in the AGAGE network monitor-
ing HFC-134a, of which 6 are located in Europe, with
2 of those stations being relatively new. In this study,
we used HFC-134a measurements from four measure-
ment stations namely Monte Cimone (CMN; northern
Apennines, Italy), Jungfraujoch (JFJ; Swiss Alps, Swit-
zerland), Tacolneston (TAC; east coast, United King-
dom), and Mace Head (MHD; west coast, Republic of
Ireland) within the AGAGE network [28]. More details
on the measurement sites and the analytical techniques
used can be found in the Supplement. To get good
emissions estimates, it is necessary to include measure-
ments from the so-called background measuring sites
and sites affected by recent pollution events. The geo-
graphical configuration of the stations used allows for
describing both substantial regional-scale pollution in
the air that has travelled from the populated and indus-
trial regions of Europe and clean westerly air that has
travelled across the North Atlantic Ocean. Figure 1
shows the locations of the measurement sites used in
the inversion setup. For the inversions, these observa-
tions were averaged to 3-hourly values. We removed
very high observation values to eliminate the influence
of very local emissions and boundary layer dynamics,
particularly for the mountain stations where highly pol-
luted air is sampled during summer afternoons (see
Supplement for details).
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Fig. 1 Total emission sensitivity calculated using the FLEXPART
model for the year 2022 (red triangles indicate the receptor locations
from where the particles were released)
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Bayesian inversion system

Atmospheric inversion uses high-frequency atmospheric
measurements of the trace gases and a particle disper-
sion model to optimise the emission fluxes. The crucial
element in this process is the relationship between the
emissions and observations made at the receptor. It is
also known as the source-receptor relationship (SRR).
In this study, we have used the FLEXPART v10.4 [27]
atmospheric transport model. 10,000 virtual particles
are released from the receptor sites for each measure-
ment and tracked for 10 days backwards in time. Figure 1
shows the total footprint obtained by summing the SRRs
at the four receptor sites calculated at 3-h intervals for
2022. The map shows good sensitivity coverage over the
northwestern European domain. Within the European
domain, these four stations provide sufficient coverage
for F-gas inverse modelling [4, 9, 20]. However, there are
ongoing plans to establish additional observation sta-
tions in Eastern and Southern Europe to enhance sensi-
tivity for inverse modelling methods. The main goal of
the inversion process is to obtain an optimised distribu-
tion of gridded emissions. This optimised distribution
seeks to reconcile observed mixing ratios by minimis-
ing the disparity between observed and simulated values
constrained by the uncertainty ranges of the prior state
variables. Within the Bayesian framework, under the
assumption of Gaussian uncertainty distribution, achiev-
ing this optimised state involves minimising the follow-
ing cost function J(x):

J00 = 50— xi) BT = ) + 5 (Hx — ) R Hx ),
1)

where B represents the emission error covariance matrix,
R denotes the observation error covariance matrix, and
xp stands for the vector of prior emissions. A compre-
hensive explanation of the error covariance matrices and
their structure can be found in [34]. In our base inver-
sions, the prior error covariance matrix B is formulated
by assuming that each grid cell contains 100% of the prior
emission flux value. The errors in the prior emission flux
are assumed to be spatially and temporally correlated,
with a spatial correlation length of 250 km over land and
1000 km over the sea. The temporal correlation length is
assumed to be 90 days. More details on the inversion sys-
tem are in the supplementary material.

A priori emission information

In this study, we utilised the EDGAR v8.0 (Emissions
Database for Global Atmospheric Research) dataset as
the a priori information for HFC-134a [5]. This dataset
offers yearly assessments of fluorinated gas emissions
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from 1970 to 2022. The emissions of F-gases in this data-
set have been determined through diverse channels,
primarily relying on country-based declarations when-
ever possible. In cases where such data are unavailable,
activity data statistics have been derived from UNEP
data, scientific literature, and expert judgement [19]. The
available gridded emissions, at a resolution of 0.1° x 0.1°,
were regridded to a resolution of 0.5° x 0.5° to match
the model resolution used in the inversion process. As
the EDGAR v8.0 dataset provides emission fluxes up to
2022, we employed the same prior emission flux of 2022
for the inversion conducted for 2023. In one of the sen-
sitivity tests, we replaced emission fluxes over Italy with
the emissions reported to the UNFCCC in 2024 (disag-
gregated based on population density). Utilising the same
inversion setup as in a previous study [3], demonstrated a
significant consistency of the posterior results regardless
of the use of different prior emission fields.
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The baseline definition

The transport model can only account for mixing ratio
changes caused by emissions within the chosen back-
ward trajectory period. Therefore, we need to add the
influence of the emission contributions before this time,
which is usually referred to as the background mixing
ratio or concentration in atmospheric inverse model-
ling. In our base inversion, we use the Robust Extrac-
tion of Baseline Signal (REBS) method introduced by
[29] which is a statistical method using a robust local
regression model to identify background contribution
to the observed mixing ratios. In recent years, it has
been used in various studies to determine a baseline for
atmospheric inversions of several GHG species [1, 3, 4,
11, 20, 30, 32]. Figure 2 shows the baseline produced
using the REBS method for three measurement stations
for the inversion period of 2008 to 2023. We also use
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Fig. 2 The modelled prior (in red) and posterior mixing ratios (in green) are compared against the observations (in blue) used in the inversion
for the measurement sites of Monte Cimone (CMN), Jungfraujoch (JFJ), Mace Head (MHD), and Tacolneston (TAC) over the study period of 2008—
2023. The background mixing ratios and the optimised background mixing ratios are in black and yellow, respectively
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the “2-PDF” method [8] and Stohl’s method [33] for
baseline extraction for the sensitivity experiments.

Sensitivity tests and inversions

In addition to the tests performed by [3], we conducted
a series of sensitivity tests to finalise the inversion setup.
We tested different temporal correlation scale lengths
(30, 60, and 90 days) for the a priori uncertainties, vari-
ous a priori uncertainties (70%, and 100%), different a
priori fields (EDGAR v8.0 and UNFCCC), and different
baseline extraction methods (REBS, 2-PDF method, and
Stohl’s method). The inversion setup proved stable across
these tests, with the highest sensitivity observed in the
use of different baseline methods. Consistent with [36],
our tests showed that estimates based on Stohl’s base-
line were higher than those based on the REBS method.
Estimates based on the 2-PDF and REBS baselines were
very similar. To further evaluate the system’s capability to
predict seasonality and reduce inter-annual variability in
emission estimates, we performed synthetic data experi-
ments described in the supplementary material (Fig-
ures S3 and S4). Using the Bayesian inversion system and
its components described above, we conducted yearly
and monthly inversions covering the period from 2008 to
2023. Table S2 reports the number of observations used
for inversions performed for each year.
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Results and discussion

Inversion model performance

The comparisons between the prior and posterior mod-
elled mixing ratios for the CMN, JFJ, MHD, and TAC
measurement sites against the observations are depicted
in Fig. 2. As seen in this figure, the variability in the prior
mixing ratios compared to the observations is well cap-
tured by the FLEXPART transport model. Across all
years, the Pearson correlation for the prior and the pos-
terior modelled mixing ratios have improved signifi-
cantly (Fig. 3). Table S2 reports the reduced x2 index to
assess the assumptions made about the uncertainties and
error correlation scales used in B and R matrices for each
inversion. The x2 index is defined as the value of the cost
function at the optimum [34]. The x 2 values for the inver-
sions ranged from 0.86 to 1.25, where ideally it would be
1, indicating that the posterior solution is found within
the prescribed uncertainties in B and R [34].

Figure 3 presents a Taylor diagram illustrating improve-
ments in Pearson correlation and root mean squared
(RMS) error for modelled mixing ratios across all ground
measurement sites over all years. The length of the arrow
in the Taylor diagram indicates the degree of improve-
ments achieved by the inversion system in aligning the
modelled mixing ratios with the observations. Significant
improvements are observed in the CMN, JFJ, and TAC
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Fig. 3 Taylor diagrams for comparing the prior and posterior simulated mixing ratios with observed mixing ratios for all the measurement
stations and the years 2008-2023. Each arrow represents a station where the tail is prior and the head represents the posterior simulated mixing
ratio. The radius along the x-axis and y-axis represents the normalised standard deviation against the mean mixing ratio. The azimuthal angle
represents the Pearson correlation coefficient. The normalised (against observations) root mean square error (RMS) in the simulated mixing ratios
is proportional to the distance from the point labelled “observed” (purple dot) on the x-axis which serves as a reference
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modelled mixing ratios across all years. The Pearson cor-
relation for the prior modelled mixing ratios ranged from
0.74 to 0.89 for CMN, 0.68 to 0.83 for JFJ, 0.9 to 0.95 for
MHD, and 0.74 to 0.9 for TAC. Following inversion, the
Pearson correlation for posterior modelled mixing ratios
improved to 0.81-0.93 for CMN, 0.71-0.88 for JFJ, and
0.86—0.96 for TAC. MHD characterised as a background
station, is best modelled by FLEXPART in contrast to the
mountain sites. It showed the highest Pearson correlation
values in the range of 0.91 to 0.95 and modest improve-
ments after inversion.

Optimised emission fluxes
Maps in Fig. 4, showing the prior and posterior emission
fluxes for the 2022 inversion, highlight major emission
hotspots over the modelling domain. The zoomed-over
Italian domain in Fig. 4c shows the major Italian cities
and the Po Valley, one of Europe’s highest anthropised
and industrialised areas, as the hot spots of HFC-134a
emissions. Figure S5 shows disparities between the poste-
rior and prior fluxes in the study domain and the relative
reductions in error in the posterior estimates for 2022.
The spatial resolution and the emission sensitivity (Fig. 1)
of the measurement network used in the inversions are
better suited to analyse large emission sources rather than
localised point sources. Therefore, we focused on a detailed
analysis of the Po Valley region. Figure 5 specifically analy-
ses the peculiarities of the year 2020. The average posterior
emission flux for the period 2008-2019 (Fig. 5a) is com-
pared with the posterior emission flux for 2020 (Fig. 5b).
Figure 5¢ shows the emission anomaly for 2020, indicat-
ing a significant reduction in HFC-134a emissions over
the Po Valley region. Generally, the Po Valley a posteriori
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emissions are adjusted to be higher than those reported in
EDGAR v8.0 (data not shown). In 2020, Italy was severely
affected by the COVID-19 pandemic, and stringent restric-
tions on citizens’ mobility (lockdowns) were implemented,
resulting in reduced emissions of a wide range of anthro-
pogenic compounds. The Italian Environment Protec-
tion Agency (ISPRA, Istituto Superiore per la Protezione
e Ricerca Ambientale) attributed the highest decrease
in GHG emissions from the road transport sector to the
reduction in passenger car traffic [17], with a reduction of
22% and 40% in total number of passengers and kilome-
tres travelled, respectively, compared to the 2019 statistics
[16]. In general, in 2020, over the Italian territory, the traf-
fic volume was 27% lower compared to the million vehi-
cle-kilometres travelled in 2019 [7]. Based on the average
annual daily traffic dataset [2] for the road network man-
aged by ANAS (Azienda Nazionale Autonoma delle Strade
Statali), we estimated that in the Italian regions comprising
the Po Valley (Piedmont, Lombardy, Veneto, and Emilia-
Romagna) in 2020 the average annual daily traffic of light
vehicles was 24% lower than 2019. [21] highlighted that
use-phase emissions consist of three phases with differ-
ent rates: regular fugitive emissions with a constant rate,
irregular fugitive emissions, and emissions during MAC
usage, which are higher than regular emissions. Operat-
ing MAC systems experience higher leakage rates due to
increased pressure, thermal, and physical stress induced
by the engine [39]. Additionally, the refrigerant mass
flow rate varies with the speed of the compressor, which
changes with driving conditions (e.g., idling, city driving,
and high-speed mode). This suggests that the decrease in
emissions in 2020 could be ascribed to a reduction in vehi-
cle usage. This result demonstrates the usefulness of the

(a)

Fig. 4 The a priori (a), and a posteriori (b) fluxes in the study domain, and a zoomed-in view of the a posteriori flux over Italy (c) for the year 2022.
The Italian cities with emission hotspots are annotated and the Po Valley region is highlighted with a red box
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observation-based method in detecting emission changes
that statistical methods cannot elucidate.

Emission quantification

We aggregated the posterior emission fluxes to obtain
yearly emissions. The final emission estimate and uncer-
tainty incorporate results from five inversions. Alongside
the base inversion, which employs the REBS baseline,
EDGAR v8.0 prior, and 100% prior error uncertainty, we
included two alternative baseline representations (2-PDF
method and Stohl’s method), one different prior emission
field (UNFCCC), and one variation in prior error uncer-
tainties (70%). The final estimate is the equally weighted
mean of all the inversion estimates and the uncertainty is
derived using Eq. (2):

2, 2 2
U U ... 0’
a:\/17L 245' +5+052, )

where o; (for i = 1,2, 3,4, 5) denotes the posterior uncer-
tainty associated with each inversion and o, denotes the
standard deviation of the posterior uncertainty derived
from all 5 inversions. Figure 6a illustrates the time series
of inversion emission estimates for Italy, plotted along
with the prior (EDGAR v8.0) emissions. Our results align
with EDGAR v8.0 estimates up to 2015. Afterwards,
our inversion-derived emissions show a decrease until
2020, followed by a rebound in 2021, whereas EDGAR
estimates continue an increasing trend. The average
emission of HFC-134a for the period 2008-2015 is 2.34
Ggyr~!, with a yearly increasing trend of 0.17 Ggyr™".
Subsequently, with a trend of —0.11 Ggyr~!, the aver-
age emissions decreased by 26% to 1.73 Ggyr~! for the
period 2016-2023. We estimate the highest emissions

(b) ()

Fig. 5 aposteriori emission flux over Italy (a) averaged between 2008 and 2019, (b) for the year 2020, which was affected by the COVID-19
pandemic, and (c) emission flux anomaly [b-a] between 2020 and 2008-2019

of HFC-134a in 2015 at 3.11 £0.21 Gg. According to
the European Environment Agency report (2023) [6],
concurrent with the adoption of F-Gas Regulation EU
517/2014, the total EU supply of HFC-134a increased by
55% in 2014 and by 18% in 2015, compared to 2013 (Fig-
ure S1). The sharp increase in the supply of HFC-134a in
2014 can be attributed to the EU market’s response to the
anticipated scarcity of HFC gases following the upcom-
ing enforcement of the F-gas Regulation. This regulation
introduced a quota system aimed at reducing the supply
of HFCs across the EU beginning in 2015. In anticipa-
tion, the private sector engaged in extensive stockpiling
efforts to secure HFCs before the regulation took effect.
The lowest emissions were estimated for the last year of
the study period, 2023, at 1.10 & 0.22 Gg. These results
suggest that the effectiveness of the F-Gas Regulation
517/2014, with the increased focus on refrigerant gas
management, might have contributed to emission reduc-
tions. Technological improvements leading to lower leak-
age rates and better recovery practices might also have
played a significant role.

Figure 6b presents a comparison between EDGAR
v8.0 and the inversion estimates across the entire Euro-
pean domain. While there is a good agreement in the
observed trends, the emission estimates from the inver-
sion are consistently lower, with an average difference of
5.5 Ggyr ! compared to the EDGAR inventory. Table S3
reports our yearly inversion estimates for HFC-134a for
the EU and Italy.

Comparison between bottom-up and top-down Italian
emission estimates

Compiling national inventories is a complex pro-
cess requiring extensive information. Over the years,
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inventories have undergone a continuous revision pro-
cess incorporating new data, engaging additional stake-
holders, and involving trade associations. This iterative
process ensures that the inventories are progressively
refined and updated to reflect the most accurate and
comprehensive emission estimates. Such changes are
highlighted in Fig. 7, where HFC-134a emission esti-
mates from Italian NEIs for the main emission sector, i.e.
refrigeration and air conditioning, for the study period
are reported (plots for other sectors can be found in the
Supplement (Figures S6 and S7)). 20122024 Italian NEIs
can be clubbed into four groups with similar values, with

the highest values given in the 2023 NEI, followed by the
2024 one, then those released in 2012, 2013, 2018—-2022,
and finally, 2014-2017.

In Fig. 8, we compared our inversion estimates with the
values representative for each NEI group, EDGAR v8.0,
and the top-down emission estimates from the study by
[9]. The inversion results are in good agreement with
both the NEI 2017 and 2022 and EDGAR v8.0 estimates
until 2015. Emissions in [9] are slightly higher than our
results. Estimates derived from inversion suggest that
emissions began to decrease, albeit with some inter-
annual fluctuations, after 2015, which better aligns with
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Fig. 7 Comparison between the 2012-2024 Italian national emission
inventories (NEIs) of HFC-134a emissions related to refrigeration

and air conditioning. Own elaboration based on data from https://
unfccc.int/ghg-inventories-annex-i-parties/2024

the trend and values obtained through the bottom-up
approach in 2024.

To understand the differences between bottom-up and
top-down estimates, we compared activity data, emis-
sion factors, and annual emissions reported in the last
three NEIs (2022, 2023, and 2024) (Fig. 9) for specific
parameters related to the highest contributing sector,
i.e. mobile air conditioning (MAC). In NEI 2022, infor-
mation on the product remaining at decommission-
ing, and thus disposal emissions, was missing. NEI 2023
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provided estimates of the product remaining at disposal
but reported no recovery, leading to high disposal emis-
sions. In contrast, NEI 2024 provide emissions from dis-
posal and recovery based on the amount of HFC-134a in
products before decommissioning. The NEI 2024 revised
the estimations of the consumption of HFC-134a in the
MAC sector by refining the distribution of (i) consump-
tion of HFC-134a among the various sub-sectors of use,
and (ii) total consumption at first charge and at service.
Consequently, NEI 2024 reports up to 81% lower aver-
age annual stock and 54% lower remaining product at
decommissioning compared to NEI 2023, leading to a
reduction of up to 69% in total MAC emissions for 2021.
Additionally, NEI 2024 reports an average of 51% lower
total MAC emissions for the period between 2008 and
2021. It is evident that differences among the latest NEIs,
significantly impact emission estimates from the refrig-
eration and air conditioning sector and thus total HFC-
134a emissions.

For the commercial refrigeration sector, the Ital-
ian national inventory report 2024 [25] also takes into
account the technological advancements in equipment
manufacturing and related leakage rates, as informed by
the industrial associations. Specifically, the product life
leakage rate decreased from 12.0% (2008-2014) to 10.0%
(2015-2022) [25], lowering emissions from commercial
refrigeration, which is the second-largest contributing
sub-sector (Figure S8).

Seasonal trends

For F-gases, the bottom-up emission inventories gener-
ally use constant emission factors throughout the year.
Based on a literature review about the leakage of HFC
refrigerants in refrigeration, air-conditioning, and heat

6
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41
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Fig. 8 Comparison of emission estimates from Italy’s National Emission Inventory (NEI) for 2017, 2022, 2023, and 2024, EDGAR v8.0,

and the top-down estimates from this study
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Comparison between NEI 2022, 2023, and 2024 (MAC)
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Fig. 9 Comparisons between the NEI estimates of 2022, 2023, and 2024 for mobile air conditioning, showing activity data (row 1), emission factors
(row 2), and annual emissions (row 3) for manufacturing (column 1), stocks (column 2), and disposal (column 3). Own elaboration based on data

from https://unfcccint/ghg-inventories-annex-i-parties/2024

pump systems, [22] concluded that the micro-sized leak-
ages are the most common types of refrigerant leakages
mainly due to mechanical wear and vibrations, which are
more likely to occur during periods of higher usage of
air-conditioning systems, namely in the summer months.
The detrended monthly means of the observed mixing
ratios are also statistically different (higher in summer
months) based on a one-way unbalanced ANOVA anal-
ysis of variance (Figure S9). To investigate the seasonal-
ity in the Italian HFC-134a emissions and to support the
bottom-up inventory compilation in considering such
variations we performed monthly inversions. Figure 10
depicts detrended monthly inversion emission estimates
for 2008-2023. Seasonal variation in HFC-134a emis-
sions peaks during summer, coinciding with increased
air conditioning use, with emissions and measurement
signals particularly elevated in June and July. Our results
show that, over the study period, in Italy, monthly mean
emission estimates in summer (JJA) are 19.8% higher
than in winter (DJF).

Hu et al. [12] have also reported a similar increase of
20-50% in HFC-134a emissions during summer com-
pared to winter in the United States. [38] suggested that

0.3

0.24

0.14

Gg/year

0.01

—-0.1

-0.2

W@ W e w0 e o o e

Fig. 10 Monthly mean a posteriori emissions of HFC-134a for Italy
from 2008 to 2023, detrended to remove long-term trend

higher ambient temperature and rate of use of mobile air-
conditioning systems were drivers for up to three times
higher HFC-134a emissions in summer compared to win-
ter time. Previous studies have also reported seasonality
of HFC-134a atmospheric abundance [26] and emissions
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[12, 38]. In Switzerland, [26] recorded a seasonal vari-
ation in xHFC-134a ground-based Fourier transform
infrared observations with a peak in August-September
and a 4.5% peak-to-peak amplitude.

Conclusion

This study presents a long-term estimation of HFC-
134a emissions across Europe, with a particular focus
on Italy from 2008 to 2023. The inversion estimates for
Italy, showed the highest emissions in 2015 at 3.11 4 0.21
Gg, which decreased to the lowest of 1.10 & 0.22 Gg by
2023, indicating a downward trend. Over the period
2008-2023, Italian monthly mean emissions were 19.8%
higher in summer compared to winter, pointing to a dis-
tinct seasonal pattern. The Po Valley, Italy’s most polluted
region, is a significant contributor to the country’s total
HFC-134a emissions. In 2020, the impact of mobility
restrictions and lockdowns due to COVID-19 resulted in
a reduction of MAC emissions, which is also reflected in
our inversion-based estimates. The comparison of vari-
ous Italian NEIs underscores the importance of annual
updates and refinements in activity data and compila-
tion processes. Our estimates, when compared with NEI
2024, significantly narrow the gap between top-down and
bottom-up inventories for Italy.

In conclusion, this analysis shows that there is a
decreasing trend in HFC-134a emissions for both Italy
and the EU, underscoring the effectiveness of the EU
F-gas regulations. We also provide a comprehensive com-
parison with bottom-up Italian NEIs to help reduce the
gap between the two methods. This study highlights the
need for further investigation to improve the accuracy of
activity data and emission factors in bottom-up inven-
tories. Additionally, our findings highlight the effective-
ness of the inversion methodology in capturing emission
changes related to seasonality and disruptive events like
COVID-19.
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