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ARTICLE INFO ABSTRACT

Article history: Understanding and mitigating PM, 5 and ozone (O3) pollution remains challenging due to the nonlinear
Received 8 January 2025 atmospheric chemistry and spatially heterogeneous nature of pollutant emissions. Traditional forward
Received in revised form modeling approaches suffer from high computational cost and limited diagnostic resolution to precisely

7 August 2025

Accepted 8 August 2025 attribute emissions sources at fine spatial, temporal, and chemical scales. Adjoint modeling has emerged

as an efficient alternative, enabling high-resolution, multi-pollutant source attribution in a single in-
tegrated framework; however, its application to simultaneous PM; 5-O3 pollution episodes is limited,
particularly in densely populated regions experiencing complex co-pollutant interactions. Here we
apply a newly developed multiphase adjoint of the Community Multiscale Air Quality (CMAQ) model to
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PM,5 quantify the emission sensitivities of PM; 5 and O3 concentrations during pollution episodes in major
Ozone urban agglomerations. Our results indicate that local emissions predominantly drive PM; 5 concentra-
CMAQ tions, contributing up to 79 ug m~>. In contrast, O3 episodes are largely initiated by regional transport

(3.8-7.3 ppbv), surpassing local emission contributions during episode onset. The sensitivity analyses
reveal distinct spatial emission signatures and pollutant-specific influences from critical precursors,
including volatile organic compounds (VOCs; up to 15.9 ppbv O3, 11.4 ug m~> PM, ), nitrogen oxides
(NOy; 16.6 ppbv 03, 13.8 ug m3 PM;5), and ammonia (NH3; up to 8.7 pg m3 PM,5). This study
demonstrates the diagnostic strength and predictive capabilities of adjoint modeling in unraveling
complex source-receptor relationships. By offering detailed, pollutant-specific emission sensitivity in-
formation, our approach provides a robust foundation for precision-driven emission control strategies
and improved cross-regional policy coordination, substantially advancing air quality management
frameworks.
© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Society for Environmental Sciences,
Harbin Institute of Technology, Chinese Research Academy of Environmental Sciences. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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broadly categorized into forward and backward frameworks.
Traditional forward sensitivity analysis, such as the decoupled
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direct method, adopts a source-oriented perspective to assess in-
cremental concentration changes at receptors induced by pre-
defined emission perturbations. However, this method requires
multiple simulations or higher-order computations to address
nonlinearity, limiting its applicability to prespecified sources [4,5].
Conversely, backward sensitivity analysis, also known as the
adjoint method, employs a receptor-oriented paradigm to globally
trace sensitivities of predefined cost functions (e.g., concentra-
tions) to all potential sources through a single simulation. Its su-
perior computational efficiency, spatiotemporal attribution
capability, and adaptability to complex scenarios (e.g., regional
transport, secondary aerosol formation) make it particularly suited
for dynamic source tracing in nonlinear systems [6,7].

Owing to its efficiency and flexibility, the adjoint model has
become instrumental in analyzing the causation of pollution
events and their impacts on population health [8-10]. For instance,
Nawaz et al. used the adjoint of the Goddard Earth Observing
System with Chemistry (GEOS-Chem) to reveal that emissions
from on-road vehicles contributed to 23 % of premature deaths in
Washington, D.C., the United States, through particulate matter
(PM) with an aerodynamic diameter of 2.5 pm or less (PMy5) [11].
Pappin et al. utilized the adjoint of the Community Multiscale Air
Quality Modeling System (CMAQ) to evaluate the health benefits
associated with reductions in nitrogen oxide (NOy) emissions in
Canada [12]. Similarly, using the same model, Park et al. found that
daytime ozone (Os3) levels in Daegu, South Korea, were more
sensitive to transboundary precursors than to local sources [13].

Several studies have applied adjoint models to investigate air
pollution dynamics in China. Hu et al. evaluated the Weather
Research and Forecasting (WRF) model with chemistry and its
adjoint model for optimizing SO, emissions in China [14]. The
adjoint model achieved a 45.7 % reduction in forecast errors
compared with prior emissions, demonstrating its effectiveness in
enhancing emission optimization and forecast accuracy. Hu et al.
used the GEOS-Chem adjoint to examine PM, 5 and Os sensitivities
in the Yangtze River Delta (YRD) [15]. Wang et al. reported high
sensitivity of O3 in the Beijing-Tianjin—-Hebei region to emissions
from local and neighboring provinces, including Shandong, Henan,
and Jiangsu [16]. Zhai et al. underscored Hebei's significant influ-
ence on PMy 5 peaks during a severe haze event in Beijing using the
Global-Regional Assimilation and Prediction System coupled with
the China Meteorological Administration Unified Atmospheric
Chemistry Environment adjoint model [17]. In another study using
CMAQ-Adjoint, Wang et al. revealed substantial Os transport
across southern and northern China, and the YRD [18]. While these
studies provide valuable insights into regional pollution sources,
they typically concentrate on singular locations, specific pollut-
ants, or isolated processes.

Since the launch of the Air Pollution Prevention and Control
Action Plan in 2013, China has implemented systematic efforts to
reduce air pollution. Key regions such as Jing-Jin-Ji (J]]), the YRD,
and the Pearl River Delta (PRD) were targeted for stricter man-
agement due to their dense populations, robust economic activ-
ities, and severe pollution levels [19]. Between 2013 and 2017, the
PM, 5 levels in major cities decreased by 33 %, while sulfur dioxide
(SO2) concentrations decreased by 54 % [20]. The 2018 Three-Year
Action Plan to Win the Blue Sky Defense War focused on further
reducing emissions, particularly of volatile organic compounds
(VOCs) and NOy [21], which led to further declines in PMys.
However, O3 pollution has subsequently emerged as a growing
challenge [22,23]. In response, the 2023 Opinions on Compre-
hensively Promoting the Construction of a “Beautiful China”
emphasized the need for coordinated control of multiple pollut-
ants and regions [24], signaling a shift toward integrated man-
agement [25,26]. Given the frequent co-occurrence of PM; 5 and O3
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pollution events and the significant impacts of transboundary
transport, mitigating China's complex air pollution landscape re-
quires a tailored approach that is region-specific and temporally
adjusted [25,27,28].

In this context, the adjoint model, renowned for its capacity for
comprehensive sensitivity analysis, provides critical insights that
surpass those achieved through forward model simulations.
Despite its potential, the usefulness of adjoint models for
comprehensive air pollution assessments involving multiple pol-
lutants and regions remains underexplored. This study employed
the latest version of the CMAQ adjoint model, CMAQ-Adjoint v5.0,
to assess the dynamic impacts of emissions on PM; 5 and O3 epi-
sodes in four priority control regions in China. The objective was to
elucidate the contributions of emissions, both within and outside
these regions, before and during pollution events, and across
various emission species, to inform the development of targeted
regional pollution control policies.

2. Materials and methods
2.1. Description of CMAQ-adjoint

The adjoint analysis methodology and the advancements in the
CMAQ-Adjoint model are well-documented in previous studies
[29,30]. Adjoint analysis entails the computation of gradients of a
predetermined cost function (J) relative to all inputs and param-
eters of the model. Within the context of three-dimensional at-
mospheric CTMs, J is delineated as follows:

]:/t/xf(c,t,x) dt dx, (1)

where c is the concentration field, and x and t are spatial and
temporal coordinates, respectively. The adjoint of CTMs is based
on the following governing equation:

Ok _
ot

1 )
V- (ud;) +-V - (pKV2;) + 13 +—f, (2)
p aC;

where /; is the adjoint variable of species i (1; = d]/dc;); rij represents
the contributions from chemical reaction, thermodynamic trans-
formation, emission, and loss processes for species i; df/dc; denotes
the adjoint forcing; u represents the wind field; p is the air density;
and K is the diffusivity tensor [30].

The adjoint model used in this study is a newly developed
multiphase adjoint of CMAQ version 5.0 [29]. The model in-
corporates a discrete adjoint approach for gas-phase chemistry,
aerosol formation, cloud chemistry and dynamics, and diffusion
processes, while a continuous adjoint technique is utilized for
advection. The efficacy and accuracy of the model had undergone
extensive evaluations in previous study [29], demonstrating
commendable concordance with outcomes derived from forward
sensitivity analyses.

2.2. Model configuration

The CMAQ-Adjoint simulation encompasses both forward and
backward runs. In the forward phase, the conventional CMAQ
model is modified to record the values of active variables pertinent
to nonlinear scientific processes, storing these in checkpoint files
at each synchronization time step. Subsequently, the backward
phase integrates the adjoint equation and reads the checkpoint
files to retroactively propagate the adjoint sensitivities backward
in time.

The configuration of the WRF-CMAQ-Adjoint model is detailed
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in Supplementary Table S1. The latest version of the CMAQ-Adjoint
model incorporates the CB05 gas-phase chemical mechanism
[31,32] and AERO5 aerosol module [33,34]. The modeling domain
encompasses the entire East Asia region (Supplementary Fig. S1),
configured with a horizontal grid resolution of 36 km and 13
vertical layers extending up to approximately 16 km above ground
level. Similar model configurations have been consistently applied
in previous studies [35-37]. The meteorological inputs were
generated by the WRF model, version 3.4.1 [38], which leverages
global weather forecast data from the National Center for Envi-
ronmental Prediction. Emission data were sourced from the AiMa
emission inventory, which provides comprehensive estimates of
anthropogenic emissions, including carbon monoxide (CO), NOy,
VOCs, SO,, PM> 5, PM with aerodynamic diameters of 10 pm or less
(PMyp), and ammonia (NH3), across various sectors, such as agri-
culture, fugitive dust, residential and commercial activities, sol-
vent usage, transportation, biomass burning, industry, and power
generation. Emission estimates and associated uncertainties
across pollutants are tabulated in Supplementary Table S2, with
prior validation studies confirming the inventory's robust perfor-
mance in simulating atmospheric pollutants over China [35,39,40].
Biogenic emissions were calculated using the Biogenic Emission
Inventory System integrated within the CMAQ model [41,42].

2.3. Experimental design

The CMAQ-Adjoint model was employed to elucidate the
spatial and temporal dynamics of source contributions to PM; 5
and Os levels within four densely inhabited regions in China,
namely, JJJ, the YRD, the PRD, and the Sichuan Basin (SCB)
(Supplementary Fig. S1). This investigation includes an extensive
CMAQ forward simulation that encompassed the entirety of 2017,
supplemented by 12 targeted short-term CMAQ-Adjoint simula-
tions. The year-long forward simulation serves a dual purpose: It
generates pollutant concentration fields for subsequent model
validation and establishes initial conditions for the commence-
ment of the short-term adjoint simulations. The evaluation of the
model simulation results is provided in Supplementary Text S1,
including assessments of meteorological factors (Supplementary
Table S3 and Fig. S5-S8), pollutant concentrations
(Supplementary Table S4 and Fig. S9-S15), and PM/VOC compo-
nents (Supplementary Table S5-S6 and Fig. S16-S17).

The short-term CMAQ-Adjoint simulations are specifically
designed for each target region, focusing on PM> 5 pollution epi-
sodes in winter and summer, and O3 pollution episodes in summer,
with the detailed simulation periods listed in Table 1. The key
meteorological systems that potentially influence these pollution
episodes are characterized in Supplementary Text S2 and
Fig. S2-S4. The cost function | for each specified region was
delineated as the population-weighted average concentration of
PMy.5 (Cpop,pm, ) OF the population-weighted maximum daily 8-h
average (MDAS8) concentration of O3 (Cyepo,) throughout the
designated forcing period within the region (equation (3)), using
population data from Shen et al. [43]:
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1
J:ﬁZPuQJ7 (3)
ij

where P denotes the total population within the target region, p;;
represents the population of a specific grid cell, and C; corre-
sponds to the average PMj 5 or MDA8 O3 concentration in grid cell
(i, j) during the forcing period.

Recognizing that ] integrates air pollutants present within the
targeted region and during the forcing period, it is crucial to note
that the origins of these pollutants may extend beyond regional
boundaries or precede the forcing period. Thus, these short-term
simulations are characterized by an eight-day active pollution
forcing period and a preceding ten-day spin-up phase to ensure a
full coverage of the pollution dynamics. The specific durations of
the spin-up and forcing periods for each region and pollutant type
are detailed in Supplementary Fig. S9-S10. The backward tracking
of the adjoint variables revealed the semi-normalized sensitivity
of J to emissions from both within and outside the target region,
and to emissions occurring before and during the pollution
episodes.

The adjoint approach captures the intrinsic local sensitivities
[29,30], which vary with emissions if the system is nonlinear. To
test the variations in adjoint sensitivities with emission reduction,
we conducted additional model experiments with a 30 % reduction
in emissions for the winter PM, 5 and summer Os pollution epi-
sodes in the JJ] and the PRD. The results are discussed in subse-
quent sections and detailed in Supplementary Fig. S18-S23.

3. Sensitivity analysis and key results
3.1. Adjoint analysis of ambient PMj 5

3.1.1. Spatial distributions of PM> 5 adjoint sensitivity

In the analyzed PM, 5 pollution episodes, average concentra-
tions ranged from 33 to 139 pg m~3, with the highest pollution
found in the JJJ region and the lowest in the PRD region. PM;5
levels were consistently higher in winter than in summer across all
regions.

The local contributions during winter were 78.8, 33.4, 22.0, and
60.9 pg m—3 for JJJ, the YRD, the PRD, and the SCB, respectively,
compared with 24.3, 14.8, 9.3, and 24.8 pg m~> during summer.
Driven by increased industrial activity and heating in northern
regions, the local emissions in winter were at least twice those in
summer [44,45]. Local emissions dominated PM; 5 contributions
across the JJJ, the YRD, and the SCB. In ]JJ], local sources accounted
for 82 % (winter) and 76 % (summer) of PM; 5, which aligns with
the previously reported 75 % local and 24 % external contributions
[46]. Li et al. and Lu et al. suggested lower local contributions for
the PRD (20 %-40 %) and the YRD (20 %-70 %) [47,48], which are
likely attributable to methodological discrepancies or variability in
emission inventories and meteorology. For the SCB, simulations by
Qiao et al. align with our analysis, which suggests that 51-83 % of
local PM;5 contributions may relate to basin topography

Table 1
Simulation periods of the adjoint for pollution episodes in the target region.
Target region PM, 5 O3
Winter Summer Summer
m January 22-January 29 June 27-July 4 June 25-July 2
YRD February 21-February 28 June 24-July 1 May 25-June 1
PRD January 21-January 28 July 26-August 2 September 14-September 21

SCB January 21-January 28

June 28-July 5 July 30-August 6
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inhibiting transport and dispersion [49,50].

Regional transport contributions to PM; 5 pollution exhibited
distinct seasonal patterns. Winter contributions from regional
emissions were 17.1,11.8, 16.6, and 17.2 pg m~3 for the J]J, the YRD,
the PRD, and the SCB, respectively, compared with the summer
contributions of 7.8, 1.7, 1.0, and 1.3 pg m 3, respectively. Regional
transport contributed 24 % to summer PM; 5 in JJ], slightly higher
than the 18 % in winter. By contrast, regional transport accounted
for larger proportions in winter for the YRD (26 %), PRD (43 %), and
SCB (22 %), exceeding the summer contributions of 11 %, 10 %, and
5 %. Similar seasonal patterns of the influence of regional transport
have been reported in previous studies. Hou et al., Qu et al., and Li
et al. identified lower summer contributions in the YRD, PRD, and
SCB [47,51,52]. Chang et al. noted higher contributions from
regional transport in the JJJ in July than in January, consistent with
our findings, though with higher reported values [53]. The ]]] re-
gion was primarily influenced by emissions from Shandong and
Henan provinces; the YRD, by Shandong; the PRD, by other regions
of Guangdong province, Jiangxi, and Fujian; and the SCB, mainly by
Hunan and Hubei (see Fig. 1).

3.1.2. Temporal trends of PM, s adjoint sensitivity
Adjoint sensitivity analysis using the model time step enabled
us to obtain the temporal trend of emission contributions to
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Cpop,pM, ;- The regional transport and local emissions were further
divided into before and within episodes, with Fig. 2 showing the
daily trends of the emission contributions to Cyop pm,, in the two
episodes. Emissions occurring before the pollution events
contributed 3 %-16 % of Cpoppm,,,» While emissions during the
events accounted for 84 %-97 %. Most of the contribution from pre-
event emissions came from emissions released one to two days
before the event. Emissions from more than six days before the
events were negligible (<0.1 %; Table 2).

A further breakdown into local and regional sources indicated
that for pollution episodes in the JJJ] and the YRD, local emissions
had a significantly higher impact on Cyoppm,, than regional
transport, both before and during the pollution events. The
aggregate impact of local emissions on Cpop pv,, before the epi-
sodes ranged from 0.5 to 5.7 pg m >, escalating from 7.9 to
74.7 pg m~3 during the episodes. The peak daily contribution of
local emissions before the episodes ranged from 0.6 to 4.0 ug m 3,
increasing to 2.4 pg m~—> during the episodes, and reaching up to
15.3 pg m~>. These results indicate the preeminent influence of
local emissions on PM; 5 pollution events in the JJJ and the YRD.

The summer pollution episode in PRD exhibited contribution
patterns akin to those observed in the JJ] and the YRD, where local
emissions were identified as the principal contributors. However,
during winter pollution episodes in PRD, the contribution of

Winter
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'

Jing—Jin—Ji Yangtze River Delta

Pearl River Delta Sichuan Basin
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Contribution of emission to C_, ., (ug m™ per grid cell)

Fig. 1. Spatial distributions of the emission contributions to the population-weighted average concentration of PM, 5 (Cpop,pm, ;) at the four regions in two pollution episodes.

4



R. Zhang, Z. Chen, X. Wu et al.

16.0 2|%
@
|
120 e’

8.0

20.0

4.0

00—
-10-9 -8 -7 -6 -5 -4 -3 -2 -1 1

Pearl River Delta

2 3 4 5 6 7 8
6.0

Contribution of emission to CmPMz_&(pg m3)

509 149
/J 14%
401 (NC ‘I.‘n
/
3.0 /
b)
20{ %
1.0
0.0 -,
-10-9 -8 -7 6 -5 -4 -3 -2 -1 1 2 3 4 5 6 7 8

Day

M Local in winter episodes [ Transport in winter episodes

M Local in summer episodes

Environmental Science and Ecotechnology 27 (2025) 100612

] Yangtze River Delta

2%

10.0

8.0

0.0 T T T T T T —
-10-9 8 -7 6 5 -4-3-2-11 2 3 4 5 6 7 8
12.0

8%

8.0+

4.0

0.0

T r t ] |

-10-9 -8 -7 -6 -5 -4 -3 -2 -1 1
Day

Transport in summer episodes

2 3 4 5 6 7 8

Emissions occurring before episodes is shaded

Fig. 2. Temporal trends of the emission contributions to the population-weighted average concentration of PMy5 (Cyop,pm, ;) at the four regions in two pollution episodes. The
negative days represent spin-up days, and the pie chart shows the contribution of different emissions during the entire episode. “Local” represents local emissions, and “transport”
represents transboundary transport. Gray shading denotes the active pollution forcing period.

Table 2
Emission contributions to Cyop pm,s in two forcing periods.
Emissions occurring il YRD PRD SCB
Winter Summer Winter Summer Winter Summer Winter Summer
Within episode 90.2 27.6 434 16.0 324 8.8 66.0 22.8
(78.0 %) (66.5 %) (72.2 %) (86.7 %) (55.2 %) (76.6 %) (70.7 %) (83.2%)
Before episode 5.6 4.4 1.8 0.6 6.1 1.5 121 33
(4.2 %) (9.3 %) (1.7 %) (2.8 %) (1.8 %) (13.6 %) (7.3 %) (11.9 %)
Within one to two days ahead 5.4 43 1.5 0.5 52 1.5 10.0 32
(4.2 %) (9.2 %) (1.7 %) (2.8%) (1.8 %) (13.6 %) (6.9 %) (11.7 %)
Six or more days ahead 0.0 0.0 0.0 0.0 0.3 0.0 0.6 0.0
(0.0 %) (0.0 %) (0.0 %) (0.0 %) (0.0 %) (0.0 %) (0.0 %) (0.0 %)

Note: Unit: pg m—>. The contribution rates of local emissions in the corresponding period are shown in brackets.

regional transport increased compared with those during summer,
accounting for 14 % before the episode and 29 % during the
episode, closely following the local emission contribution of 55 %
within the episode. The maximum daily influence of local emis-
sions on Cpop pm, ; Was at 0.7 pg m~> before the episode, surging to
4.5 pg m> during the episode. Meanwhile, regional transport
contribution was at 2.7 pg m~—> before the episode and 2.4 pg m—>
during the episode, underscoring the critical role of regional
transport in precipitating winter PM, 5 pollution events likely
driven by meteorological transport. These regional transport
contributions maintained a significant impact throughout the
pollution episode.

The winter pollution episode presented a different scenario in
the SCB, with local and regional emissions contributing 7 % and 8 %

before the episode, respectively. During the episode, local emis-
sions accounted for 71 % of the pollution, significantly outpacing
regional transport, which contributed 14 %. The peak daily con-
tributions from local and regional sources were 6.8 and 3.0 pg m >,
respectively. These findings highlight that both regional emissions
and meteorological transport triggered the winter PM; 5 pollution
events in the SCB, with the accumulation of pollutants intensifying
owing to local emissions.

3.1.3. Compound profiles of PM> 5 adjoint sensitivity
CMAQ-Adjoint remains an indispensable instrument for
delineating compound-specific emission contributions, providing
detailed sensitivities of the cost function to the emissions of each
species, an analysis not readily achievable with conventional
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forward models, such as CMAQ or the CMAQ direct decoupled
method. Descriptions and classifications of the model species are
provided in Supplementary Table S7.

Primary PM was identified as the principal contributor to
Cpop,pM,; across all target regions in both winter and summer
episodes (see Fig. 3). Contributions ranged from 274 to
79.5 pg m~> in winter and from 8.0 to 20.5 pg m > in summer, with
proportional contributions ranging from 49 % to 73 %. Previous
studies have reached comparable conclusions: Li et al. identified
primary PM 5 emissions as the dominant source in five core cities
of the PRD region in 2017 [54], while Xu et al. reported 60 % con-
tributions from direct PM emissions in the JJJ region during the
period 2013-2016 [55]. Yang et al. further quantified an average
53 % contribution of primary PM; 5 in the PRD region, with con-
tributions reaching 60 % during pollution episodes [56]. Never-
theless, despite its frequent application, the CMAQ-adjoint
framework integrating the CBO5 chemical mechanism and AERO5
aerosol scheme exhibited limited secondary organic aerosol (SOA)
yields from VOCs [57,58]. This constraint may lead to an under-
estimation of SOA contributions to PMy 5 in sensitivity analyses.
The key contributing species within the primary PM include PM; 5
(PMFINE), organic carbon (POC), elemental carbon (PEC), and
sulfate ion (PSO4). The contributions of specific model species to
Cpop,pM, 5 are detailed in Supplementary Table S8 and Fig. S24.

In most pollution episodes, NOy emissions facilitated the for-
mation of secondary PM; 5, contributing moderately, with values
ranging from 2.0 to 13.8 pg m>. In JJJ, during winter, local NO
emissions appeared to inhibit PM; 5 generation. This phenomenon
could be linked to the increase in local NOy emissions during the
winter, which led to elevated NOy concentrations, a reduction in

80.0
N

°
o
1

VOCs SO co NH,  Others

Contribution of model species to CpoplpMz_s(ug m)
8
g
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atmospheric O3 oxidation capacity, and a consequent diminish-
ment of secondary PM; 5 formation capabilities [59].

VOCs were instrumental in the generation of secondary PM; 5
in both JJJ and the YRD (Supplementary Fig. S24), with predomi-
nant VOC species, including xylene and other polyalkyl aromatics
(XYL), internal olefin carbon bond (IOLE), terminal olefin carbon
bond (OLE), and toluene and other monoalkyl aromatics (TOL). The
impact of VOCs was notably less in summer than in winter, likely
due to the heightened photochemical activity in the warmer sea-
son, which integrates more VOCs into the photochemical reaction
cycle, thereby reducing SOA production [60]. By contrast, VOCs
contributions to SOA formation in the PRD and the SCB were
comparatively minor.

The SO, contributions to Cpep pm, ; across the four target regions
were relatively minor, ranging from 0.6 to 1.8 pg m—>, which un-
derscores the efficacy of SO, emission control strategies. Zheng
et al. demonstrated that SO, exhibited the most pronounced
reduction, by approximately 62 %, in anthropogenic emissions
among major pollutants from 2010 to 2017, a decline consistent
with the diminished role of SO, in PM, 5 formation as quantified by
both model simulations and observations [61-63]. Nevertheless,
sustained implementation of stringent SO, emission controls re-
mains imperative to ensure long-term PM,s5 pollution
improvements.

NH3 enhanced secondary PM; 5 formation in four regions. In JJJ,
NH3 contributions were marginally higher during summer events
than during winter events, whereas in the other three regions, the
winter contributions of NH3 were more pronounced. In the YRD,
after primary PM, NH3 emerged as the second largest contributor
to PM, 5, with a contribution of 8.7 pg m~>. The PRD region also

30.0

s Yangtze River Delta
-

24,0+

12.0]

6.0

Primary PM  NO, , , PrimaryPM NO,  VOCs SO, co NH,  Others
Pearl River Delta | %%
2401 ==
18.0
12.0
NN
6.0 l _
0.0l W e = _____ - L
Primary PM  NO, VOCs SO, co NH, Others Primary PM  NO, VOCs SO, co NH, Others

I Local in winter episodes

[ Transport in winter episodes

Il Local in summer episodes

Emissions occurring before episodes is shaded

Transport in summer episodes

Fig. 3. Contributions of different species to the population-weighted average concentration of PMy 5 (Cyop pwm,, ) at the four regions in two pollution episodes. “Local” represents
local emissions, and “transport” represents transboundary transport.
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witnessed significant NH3 contributions during winter events
(4.6 pg m~3), with primary PM and NOy contributions at 27.4 and
5.0 pg m >, respectively, consistent with results from the study of
Han et al. [64]. The results demonstrated that NH3 emission
reduction constitutes a pivotal strategy for further PM; 5 mitiga-
tion, particularly during winter in the YRD and PRD. This obser-
vation aligns with previous studies that confirmed the substantial
PM, 5 reduction potential of NH3 emission controls [65,66].

The 30 % emission reduction scenario indicates that the spatial
distributions, temporal trends, and compound profiles of emission
contributions to Cpop pm,, 'femained largely unchanged compared
with the reference case (Supplementary Fig. S18-S20). These
findings indicate that the response of PM; 5 pollution episodes to
emission reductions exhibited only moderate nonlinearity.

3.2. Adjoint analysis of ambient O3

3.2.1. Spatial distributions of O3 adjoint sensitivity

Cpop,0, in the four target regions was more influenced by
regional emissions than Cpop pum, ;- The aggregate contributions of
emissions to Cpop o, in JJJ, the YRD, the PRD, and the SCB were 31.1,
16.3, 17.8, and 24.4 pg m3, respectively, and the proportions of
local emissions were 40 %, 34 %, 18 %, and 50 %, respectively. These
results indicate that transboundary transport played a more sig-
nificant role in summer O3 pollution episodes. Li et al. reported
that local emissions contributed 16-42 % to summer ozone in the
YRD [67], while Yang et al. found local emission contributions of
43-46 % in PRD [68]. Gao et al. estimated local contributions of
31%,32 %, and 41 % in the North China Plain, the YRD, and the PRD,
respectively [69]. By contrast, we found a lower local contribution
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in PRD, approximately 17 %. Shen et al. simulated local emission
contributions for 2013-2020, showing 56 %, 69 %, and 67 % in the
YRD, PRD, and SCB during summer [70]. Li et al. found that PRD
local contributions varied seasonally, from 68 to 80 % in July to
35-55 % in October [71]. These differences highlight the varying
impacts of local emissions and regional transport on Os, influenced
by model differences, spatial domains, and study periods, among
others [51,72].

Emissions contributing notably to Cpopo, in the JJJ mainly
originated from the Shandong, Henan, and Jiangsu provinces. In
the YRD, key contributions were from Anhui and Shandong, while
in the PRD, major contributions were from other areas of Guang-
dong and Jiangxi. In the SCB, emissions from Shaanxi and Henan
play an important role. Furthermore, local emissions in the YRD
and PRD showed significant negative effects on Cyop 0,, With the
maximum negative influence found in the YRD, reaching approx-
imately 0.01 ppbv per grid cell. The adverse impact was even more
pronounced in PRD, with a peak reduction exceeding 0.1 ppbv- per
grid cell in Cpop o, (Fig. 4).

3.2.2. Temporal trends of O3 adjoint sensitivity

Pre-event emissions had a significant impact on Cpep o, in the
target regions, with contributions in the JJJ, the YRD, the PRD, and
the SCB amounting to 6.2, 4.3, 6.4, and 8.9 ppbv, respectively
(Table 3), accounting for 20 %-37 % of the total emission contri-
bution (Fig. 5). Further breakdown of the pre-event emissions
indicated that contributions from the six days before the event
ranged from 0.2 to 3.0 ppbv, with a contribution rate of 2 %-12 %.
By contrast, emissions from the two days before the event
contributed 2.8-3.3 ppbv, with a contribution of 9-20 %.
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Fig. 4. Spatial distributions of the emission contributions to the population-weighted maximum daily 8-h average (MDAS8) concentration of Oz (Cpop.0,) at the four regions.

Table 3

Emission contributions to Cyep o, in the forcing periods.
Emissions occurring I YRD PRD SCB
Within episode 25.0 (36.9 %) 12.0 (309 %) 11.4 (164 %) 15.5 (434 %)
Before episode 6.2 (3.0%) 43 (3.1 %) 6.4(1.1%) 8.9 (6.8 %)
Within one to two days ahead 2921 %) 3.3(2.8%) 2.8(03 %) 3.2 (4.4 %)
Six or more days ahead 1.1 (0.3 %) 0.2 (0.1 %) 1.7 (0.4 %) 3.0 (0.8 %)

Note: Unit: ppbv. The contribution rates of local emissions in the corresponding period are shown in brackets.
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To further verify the impacts of pre-event emissions, forward
sensitivity tests were conducted in the JJ] and PRD regions, with a
10 % and 30 % reduction in emissions from all sources for the 1-10
days and 6-10 days before the pollution events, respectively. The
forward model results aligned with the backward conclusions,
confirming the significant role of pre-event emissions
(Supplementary Table S9). Moreover, local emissions contributed
between 0.2 and 1.7 ppbv, while regional transport contributions
accounted for 3.8-7.3 ppbv, highlighting the crucial role of regional
transport in triggering O3 pollution.

Emissions during pollution episodes contributed between 12.0
and 25.0 ppbv to Cypo, across the four target regions, repre-
senting approximately 63 %-80 % of the total emissions. In the JJJ
and the YRD, local emissions contributed 11.5 and 5.0 ppbv,
respectively, while regional transport contributed 13.5 and
6.9 ppbv, respectively. These results indicate that regional trans-
port, in combination with local emissions, played a crucial role in
sustaining elevated Os concentrations throughout the pollution
episodes. In PRD, local emissions contributed 2.9 ppbv, while
regional transport contributed 8.5 ppbv, nearly three times the
contribution from local sources. Regional transport not only
initiated the Os pollution event but also played a critical role in
maintaining high O3 levels, particularly in the three days leading
up to peak pollution. In the SCB, local emissions accounted for
10.6 ppbv, whereas regional transport contributed only 4.9 ppbv.
This underscores the dominant role of local emissions in sustain-
ing O3 pollution in the SCB, in contrast to the more pronounced
influence of regional transport in other regions.

3.2.3. Compound profiles of O3 adjoint sensitivity

The primary species that impacted Cpp o, Were NOy, VOCs, and
CO (Fig. 6). In the J]JJ and the SCB, regional and local emissions of
these species facilitated O3 formation. VOCs made the most sub-
stantial contribution to O3 levels (15.9 ppbv), followed by NOy
(12.8 ppbv) and CO (2.8 ppbv) in JJJ. In the SCB, NO, was the leading
contributor (16.6 ppbv), with VOCs contributing approximately
7.0 ppbv. The dominant VOC species in both regions were largely
consistent, including paraffin carbon bond, OLE, ethene, and in-
ternal IOLE. Wang et al., supported by observational data, reached
consistent conclusions and further identified olefins as the pre-
dominant contributors to O3 formation in the SCB [73]. In addition,
XYL contributed similarly to OLE in JJ] (Supplementary Table S10
and Fig. S25). These species exhibit high photochemical reactivity
and significant O3 production potential.

In the YRD and PRD, VOCs and CO predominantly facilitated O3
formation, whereas NO, emissions were associated with a reduc-
tion in O3 levels. VOCs contributions to Cpyep o, in the YRD and PRD
amounted to 16.8 and 30.1 ppbv, respectively, with local emissions
constituting 73 % and 132 % of these contributions. The spectrum
of influential VOC species remained largely consistent across the
regions, with the exception that isoprene from biogenic sources
had a marginally higher impact in PRD and that XYL was identified
as a significant contributor to O3 formation in both areas [74].
Meanwhile, XYL exhibited significant contributions to summer O3
formation across all target regions, aligning with findings reported
by Shi et al. [75]. The impact of CO on Cpp o, Was considerably less
pronounced than that of VOCs, contributing approximately 2.0 and
2.6 ppbv, respectively. NOy (mainly NO) emissions, particularly
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from local emissions, led to a decrease in Cpopo, by
approximately —2.2 ppbv in the YRD and —15.0 ppbv in PRD.

Further analysis of ozone formation sensitivity in the target
region (Supplementary Fig. S26-S27) revealed that during pollu-
tion episodes, Cpop 0, in the YRD and PRD exhibited higher sensi-
tivity to VOCs emission, accompanied by NOy-saturated
conditions, manifesting VOC-limited or transitional regimes.
Consequently, VOCs emission enhanced Os; formation in these
areas. These findings aligned with previous studies [76,77]. Mao
et al. demonstrated transitional ozone formation regimes across
most of the YRD from May to September 2017, with VOC-limited
regimes dominating in areas of high anthropogenic emissions
[78]. Meanwhile, Lu et al. identified VOC emission-controlled
ozone production in the PRD based on a comprehensive review
of previous studies [79]. By contrast, the SCB predominantly fell
under a NOy-limited regime during summer, rendering O3 more
responsive to NOy variations than to VOCs [80]. J]] tended to be in a
transitional regime and demonstrated greater sensitivity to VOCs
than to NO, [81].

The 30 % emission reduction scenario led to notable alterations
in both the spatial distribution and temporal trends of emission
contributions to Cpepo, compared with the reference scenario
(Supplementary Fig. S21-S23). In the ]]JJ, the pre-event emissions
contributed 11.4 ppbv to Cpepo,, Which decreased to 4.7 ppbv,
while the emission contributions during the pollution episode
declined from 38.5 to 20.0 ppbv. In PRD, the spatial extent of O3
depletion from local emissions significantly diminished, with the
maximum negative contribution in the grid decreasing from
>0.1 ppbv per grid cell to approximately 0.02 ppbv per grid cell.
The contribution of pre-event emissions to Cpepo, in PRD

decreased from 12.6 to 4.6 ppbv, and the contribution during the
episode decreased from 20.0 to 12.0 ppbv. These results highlight
the distinctly nonlinear response of Os pollution episodes to
emission reductions in certain target regions.

4. Discussion and policy implications

Since 2017, China has pursued a strategic shift toward syner-
gistic PM35-03 control in air quality management. Supported by
systematic control policies and stringent pollution mitigation
measures, China has achieved notable improvements in ambient
air quality, although continued efforts are required for full pollu-
tion control. The spatiotemporal and species-resolved backward
adjoint modeling framework developed in this study offers novel
methodologies and insights for advancing regionally targeted
pollution governance.

In the JJ], local emissions contributed approximately 80 % of
PM; 5 and 40 % of O3 pollution, emphasizing the need for targeted
local controls. Reducing primary PM; 5 emissions requires stricter
enforcement of ultra-low emission standards in key industries and
production restrictions during pollution episodes, alongside
accelerated adoption of clean heating and the phasing out of
scattered coal combustion in residential areas. O3 mitigation re-
quires prioritized abatement of ozone-sensitive VOCs, such as OLE,
IOLE, and XYL, through enhanced emission capture and treatment
in both industrial process units and solvent-dependent operations.
In addition, emissions from Shandong and Henan significantly
influenced air quality in the ]JJ, underscoring the necessity for
enhanced regional cooperation to address both local and trans-
boundary pollution.
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In the YRD, PM;5 pollution predominantly originated from
local emissions (74 % in winter and 90 % in summer). Exceeded
only by primary PM, NH3; emissions constituted 13 % of PM;5
pollution, demanding urgent implementation of sector-specific
controls, such as agricultural strategies that prioritize organic
fertilizer adoption and closed-loop livestock management, and
rigorous selective catalytic reduction system monitoring coupled
with accelerated electrification/hydrogen fuel transitions in the
transportation sector. Regional transport contributed 66 % of O3
pollution, with Shandong and Anhui identified as major sources,
reinforcing the importance of early regional coordination in
mitigating the adverse impacts of transport pollution.

In PRD, regional transport made a substantial contribution to
winter PM;5 pollution (43 %) and played a dominant role in
summer O3 pollution (83 %), with substantial NH3 transport from
northwest Guangdong and Jiangxi. Amplified ozone formation
surges with pre-event emission, necessitating cross-sector VOC
controls through petrochemical upgrades, low-VOC coatings, and
transport regulation synergies.

In the SCB, the topography of the basin amplified the role of
local emissions in both PM; 5 and O3 pollution. The local contri-
bution to PMy 5 was 60.9 pg m—> (78 %) in winter and 24.8 pg m >
(95 %) in summer. The key pollutants included primary PM and
NO,, with winter contributions exceeding 70 pg m~> and summer
contributions surpassing 20 pg m~>. The persistence of O3 pollu-
tion was predominantly driven by local emissions, which
contributed approximately 50 % of the pollution episodes. Control
strategies should prioritize NOy and alkene mitigation through
industrial low-NO, combustion, vehicle emission upgrades,
petrochemical process optimization, and solvent control while
strengthening localized emission reduction.

These findings underscore the necessity for regionally coordi-
nated and spatially tailored pollution control strategies. Imple-
menting customized emission reduction guidelines and
strengthening interjurisdictional collaboration are imperative,
particularly for addressing O3 pollution. Enhanced NH3; emission
controls in Eastern China, coupled with targeted abatement of key
VOCs, would significantly improve regional air quality while
advancing broader pollution mitigation objectives.

The spatiotemporal and species-resolved source contributions
presented in this study are emission-dependent during pollution
episodes. The 30 % emission abatement scenario demonstrates
geographically heterogeneous sensitivity of PM; 5 and O3 to pre-
cursor reductions, with O3 exhibiting pronounced nonlinearity.
Moreover, the adjoint model's application of the CBO5 gas chem-
ical mechanism and AERO5 aerosol mechanism introduces
inherent constraints in representing SOA formation pathways,
systematically underestimating SOA contributions to PM; 5. Future
implementations should incorporate advanced chemical mecha-
nisms to enhance SOA simulation fidelity.
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