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Abstract

Volatile organic compounds (VOCs) are key precursors of ozone (O3) and secondary
organic aerosols (SOA), among which biogenic VOCs (BVOCs) constitute the dominant
natural source. However, large uncertainties remain in the magnitude, spatial distribution,
and seasonal variability of BVOC emissions in China under rapidly changing vegetation
and climate conditions. In this study, a refined BVOC emission inventory for China in
2023 was developed using the Model of Emissions of Gases and Aerosols from Nature
(MEGAN v3.2) driven by WRF meteorological simulations and MODIS vegetation data. The
estimated annual BVOC emissions reached 41.70 Tg, including 26.90 Tg isoprene, 4.84 Tg
monoterpenes, 0.55 Tg sesquiterpenes, and 9.41 Tg other VOCs. The corresponding ozone
formation potential (OFP) and secondary organic aerosol formation potential (SOAFP)
were 346.12 Tg yr−1 and 2137.51 Gg yr−1, respectively. Emissions exhibited a pronounced
south–north gradient with hotspots in Guangxi, Guangdong, and Yunnan, and peaked
in summer. Broadleaf forests were identified as the dominant emission sources, followed
by savannas and shrublands. Isoprene contributed most to OFP, whereas monoterpenes
dominated SOAFP. Compared with previous inventories, the updated vegetation data,
meteorological inputs, and refined chemical speciation improve the representation of BVOC
emissions and their spatial patterns in China. These results highlight the important role
of BVOCs in regional O3 and SOA formation and provide an improved emission basis for
atmospheric chemistry modeling and air-quality management.

Keywords: biogenic volatile organic compounds; Emission inventory; MEGAN v3.2; China

1. Introduction
Air pollution remains a persistent environmental challenge in China, with high levels

of ozone (O3) and fine particulate matter (PM2.5) frequently exceeding national air-quality
standards. A major contributor to these pollutants is the atmospheric oxidation of volatile
organic compounds (VOCs), which drive the formation of both O3 and secondary organic
aerosols (SOA) [1–3]. Among VOCs, biogenic VOCs (BVOCs) emitted from terrestrial
vegetation represent the dominant natural component, accounting for more than two-thirds
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of global VOC emissions [4–7]. BVOCs include isoprene, monoterpenes, sesquiterpenes,
and other species include methanol, acetone, and ethene, etc., which are highly reactive
and strongly influence regional air quality and climate processes [8,9].

Accurate representation of BVOC emissions is essential for improving air-quality sim-
ulations and guiding anthropogenic source management [10,11]. Reliable models depend
on precise natural emission inputs, as errors in BVOC estimates can propagate through
photochemical mechanisms, leading to large uncertainties in simulated O3 and SOA concen-
trations [3,10–12]. Moreover, China’s carbon neutrality targets and large-scale afforestation
programs have important implications for BVOC emissions. Expanding vegetation cov-
erage increases natural VOC sources, which can interact with decreasing anthropogenic
emissions to influence summertime O3 and SOA formation [13,14]. Therefore, the develop-
ment of robust, data-driven BVOC emission inventories is a key prerequisite for effective
air-quality control and scientific policy formulation in China.

However, existing BVOC inventories for China exhibit substantial inconsistencies, with
reported annual totals ranging from 10 to nearly 60 Tg yr−1 [11,15–19]. These discrepancies
arise primarily from the use of global-average emission factors that overlook China’s
diverse vegetation composition, outdated or coarse-resolution land-cover datasets, and
simplified model algorithms that poorly capture local meteorological dynamics [16,20–22].
In addition, deficient model algorithms and input data in previous studies have introduced
large uncertainties, and current national inventories may underestimate BVOC emissions
in China [23]. These uncertainties limit the ability to accurately quantify the contribution of
BVOCs to O3 and SOA pollution in China.

To address these limitations, this study develops a chemically detailed BVOC emission
inventory for China for the year 2023. The inventory is generated using the latest version of
the Model of Emissions of Gases and Aerosols from Nature (MEGAN v3.2) coupled with the
Weather Research and Forecasting (WRF v3.8.1) model. The modeling framework integrates
satellite-based vegetation and land surface information to capture spatial heterogeneity
and seasonal dynamics under real meteorological conditions. This updated framework
enables the estimation of hourly BVOC emissions at 36 km × 36 km resolution, resolv-
ing isoprene, monoterpenes, sesquiterpenes, and other VOCs (OVOCs) as well as their
subcategories. Furthermore, the inventory quantifies both O3 formation potential (OFP)
and SOA formation potential (SOAFP), providing a comprehensive assessment of BVOC
contributions to air pollution. By incorporating improved model algorithms, updated input
data, and refined chemical speciation, this study substantially reduces uncertainties in
previous inventories and offers new insights into the magnitude, spatial distribution, and
atmospheric impacts of BVOC emissions in China, supporting the formulation of policies
that balance carbon neutrality goals with air quality management.

2. Methodology and Data
2.1. MEGANv3.2

The MEGAN is a widely applied tool for simulating BVOC emissions at both global
and regional scales [24] and has been incorporated into numerous Earth system and
chemical transport models [25]. In this study, we apply MEGANv3.2 to estimate BVOC
emissions, which improves upon MEGANv2.1 by deriving emission factors (EFs) using
its emission factor processor (EFP) rather than relying solely on fixed plant functional
types (PFTs). The EFP integrates: (1) plant growth forms (trees, shrubs, grasses, crops),
defined as the broad structural category of vegetation used by MEGAN to represent canopy
architecture and functional structure; (2) ecotype datasets combining species with distinct
emission potentials; and (3) updated species-level emission factor datasets compiled from
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over 10,000 measurements [26]. These improvements allow differentiation of emission
factors across regions sharing the same PFT but with distinct vegetation compositions.

In addition, MEGANv3.2 expands the number of chemical species from 148 to more
than 200, and incorporates additional stress functions including extreme temperature,
strong wind, and O3 stress. The model estimates the BVOC emission rate (ER) as shown in
Equation (1):

ER = EF × EA (1)

where EF is the standard emission factor under reference conditions and EA is the nondi-
mensional activity factor. The EF for each grid cell is calculated as a weighted average of
the four plant growth forms, according to Equation (2):

EF = EFtree × ftree + EFshrub × fshrub+ EFgrass × fgrass + EFcrop × fcrop (2)

where EFtree, EFshrub, EFgrass, EFcrop denote the emission factors of the four growth forms,
and f represents their fractional cover within each grid cell.

The emission activity factor EA accounts for environmental modulation, is expressed
in Equation (3):

EA = LAIv × γp × γT × γHT × γLT × γSW × γO3
× γA × γSM × γC (3)

where LAIv is the vegetation-covered leaf area index, and γ terms represent response
functions to radiation, temperature, heat/cold stress, wind, O3, leaf age, soil moisture,
and CO2 concentration. In MEGANv3.2, higher temperature, radiation, and soil moisture
enhance BVOC emissions, whereas extreme heat (>43 ◦C), cold (<6 ◦C), strong wind
(>12 m s−1), and elevated O3 (>40 ppb) suppress emissions. CO2 inhibition currently
applies only to isoprene [25–27]. The empirical thresholds and response curves for these
stress factors follow Guenther et al. (2020) [26] and are incorporated in the model by
multiplying the corresponding γ factors with the base emission rate.

2.2. Data

The input datasets for MEGANv3.2 simulations were derived from meteorological
fields and satellite-based vegetation products. Meteorological parameters were generated
using WRF v3.8.1, a widely used model for high-resolution dynamical downscaling [28,29].
The model provides hourly gridded variables, including surface air temperature, down-
ward shortwave radiation (DSR), wind speed, and soil moisture, which are used in emission
activity factor calculations in MEGAN.

The reliability of the WRF-simulated meteorological fields was evaluated using two
key variables: 2 m air temperature (T2m) and DSR. Observed T2m data from 411 sites were
obtained from the National Centers for Environmental Information (NCEI) [30], while DSR
data were derived from the China Meteorological Forcing Dataset v2.0 (CMFD) [31], which
integrates ERA5 reanalysis and ground observations. Statistical results (Tables S1 and S2;
Figures S1 and S2) show high correlation coefficients (R = 0.97 for T2m and 0.98 for DSR)
and low biases (−1.32 ◦C for T2m and 7.01 W m−2 for DSR), indicating that WRF reasonably
reproduces temperature and radiation patterns across China. The spatial distributions of
T2m and DSR in 2023 are shown in Figure 1, providing a spatial basis for interpreting BVOC
emission variability.
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Figure 1. Spatial distribution of T2m and DSR from WRF Simulations over China in 2023.

Vegetation inputs were derived from Moderate Resolution Imaging Spectroradiometer
(MODIS) products, which provide long-term, globally consistent observations and are
used to characterize vegetation structure and composition in MEGAN v3.2 [32,33]. The
MCD15A2H v061 product provides leaf area index (LAI) at 8-day temporal and 500 m
spatial resolution [34], which is a key variable controlling canopy-level BVOC emissions [35].
To better represent the effective emitting canopy, LAI was combined with vegetation
continuous fields (VCF) to derive vegetation-covered LAI (LAIv), accounting for fractional
vegetation cover within each grid cell. The MOD44B v061 product provides annual VCF
at 250 m resolution, describing the fractional cover of trees, shrubs, and grasses [36]. In
addition, the MCD12Q1 v061 dataset provides annual land-cover and PFT classifications at
500 m resolution [37], which are used to represent vegetation type distribution and provide
inputs for the MEGAN EFP. All datasets were resampled to the 36 km × 36 km WRF grids
using area-weighted averaging. Together, these datasets constrain the spatial variability of
BVOC emission potentials in MEGAN v3.2.

2.3. O3 and SOA Formation Potentials

To evaluate the atmospheric impacts of BVOC emissions, both the O3 formation poten-
tial (OFP) and the SOA formation potential (SOAFP) were quantified in this study. The OFP
of each species was calculated using the maximum incremental reactivity (MIR), and the
SOAFP was calculated using the fractional aerosol coefficient (FAC). These two indicators
are emission-based metrics that provide insights into the relative contribution of individual
BVOC species to O3 and aerosol formation, respectively [38]. It should be noted that these
metrics estimate the potential formation based on standardized coefficients, and do not
explicitly simulate the depletion of O3 or the dynamic partitioning of organic aerosol under
real atmospheric conditions. Therefore, the absolute magnitude of O3 or SOA formation
may differ under variable meteorology, oxidant availability, or urban pollution levels. The
actual atmospheric outcomes can be further assessed using detailed air quality models.

The OFP of each BVOC species is calculated as shown in Equation (4):

OFPi,j = Ei,j × MIRj (4)

where OFPi,j represents the O3 formation potential of VOC species j from source i
(g O3 yr−1), Ei,j is the annual emission of species j from source i (g BVOCj yr−1), and
MIRj (g O3 g−1 BVOCj) denotes the maximum incremental reactivity coefficient of that
species. The MIR values adopted in this study were obtained from previous literature
sources [39].

Similarly, the SOAFP is estimated for each BVOC species according to Equation (5):

SOAFPi,j = Ei,j × FACj (5)
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where SOAFPi,j is the SOA formation potential of VOC species j from source i (g SOA yr−1),
Ei,j represents the emission of species j from source i (g BVOCj yr−1), and FACj (g SOA g−1

BVOCj) is the fractional aerosol coefficient, reflecting the tendency of species j to form SOA
under atmospheric conditions. The FAC values were compiled from several published
studies [40–42].

By applying both OFP and SOAFP metrics, this study provides a more comprehensive
assessment of the role of BVOC emissions in driving tropospheric O3 production and
SOA formation. These metrics serve as a first-order evaluation of BVOC impacts across
regions and species, highlighting the relative importance of different precursors while
acknowledging that actual atmospheric responses may be influenced by additional chemical
and meteorological factors.

2.4. Uncertainty Analysis of the Emission Inventory

The uncertainty of simulated BVOC emissions was quantified using a Monte Carlo
approach, which has been widely employed in uncertainty assessments of emission inven-
tories [43–45]. Monte Carlo simulation is a probabilistic numerical method in which input
parameters are randomly sampled according to their prescribed probability distributions,
and the corresponding model outputs are calculated based on the functional relationships
between inputs and outputs. By repeating this process a large number of times (typically
on the order of 105–106 iterations), a probability distribution of the target variable can
be constructed, allowing the uncertainties of input parameters to be propagated to the
model results. The 2.5th and 97.5th percentiles of the resulting distribution are commonly
used to define the 95% confidence interval [44]. In this study, the Monte Carlo framework
was applied to quantify the uncertainty in the BVOC emission inventory. The probability
distributions of key input parameters were specified as follows: uncertainties in EFs were
derived from observational studies of native vegetation in China [43]; uncertainties associ-
ated with vegetation parameters and key empirical coefficients in the MEGAN model were
adopted from Situ et al. (2014) [45]; and uncertainties in meteorological driving variables
were constrained based on the discrepancies between WRF simulations and observational
data evaluated in this study. Based on these prescribed distributions, 10,000 random simu-
lations were conducted, and the resulting BVOC emissions were expressed in terms of a
95% confidence interval.

3. Results and Discussion
3.1. Comparison of Model Emission Estimates with Flux Measurements

The BVOC emission inventory was evaluated against field observations of BVOC
fluxes reported in previous studies across China [46–48]. Due to the lack of observations
for 2023, simulations were conducted for the corresponding observational periods using
the same modeling framework to ensure temporal consistency. BVOC emissions were
extracted from grid cells corresponding to each observation site and compared directly
with measured fluxes, based on 82 observational data points. Model performance was
quantitatively assessed using statistical metrics, including the R, mean bias (MB), mean
absolute error (MAE), and root mean square error (RMSE). The results show a moderate
correlation between simulated and observed values (Figure 2), with a correlation coefficient
R of 0.61, indicating that the model reasonably captures the variability of BVOCs emissions.
The MB is −0.11, suggesting a slight overall underestimation. Meanwhile, the mean
absolute error MAE of 0.13 and the root mean square error RMSE of 0.23 remain relatively
low, demonstrating that the overall simulation errors are within an acceptable range.
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Figure 2. Comparison between observed and simulated BVOCs fluxes across China.

3.2. Emissions and Composition

In 2023, the national annual BVOC emission was 41.70 Tg, dominated by isoprene
(26.90 Tg, 64%), followed by OVOCs (9.41 Tg, 23%), monoterpenes (4.84 Tg, 12%) and
sesquiterpenes (0.55 Tg, 1%). The emission amounts and compositional contributions of
different BVOC categories are illustrated in Figure 3. The prevalence of isoprene reflects
the high emission potential of widely distributed vegetation types [49,50]. Within monoter-
penes, α-pinene (1 972.14 Gg) and β-pinene (682.35 Gg) were the largest contributors, while
β-caryophyllene (127.62 Gg) and α-farnescene (121.19 Gg) dominated the sesquiterpene. In
the OVOCs class, methanol and acetone accounted for the largest shares (51% and 12%,
respectively). The top ten BVOC species in 2023 were isoprene, methanol, α-pinene, ace-
tone, β-pinene, acetaldehyde, ethanol, ethene, β-ocimene, and limonene, which collectively
accounted for 91% of the total BVOC emissions, representing the majority of the national
BVOC emissions.

Figure 3. Contributions of BVOC species in China in 2023: (a) emissions of major compounds and
(b) composition of each compound class.

The total emission estimated in this study (41.70 Tg) lies within the range of previous
results (15.66–53.5 Tg) derived from different versions of MEGAN using various mete-
orological and vegetation datasets [11,15–19] (Table S3). Compared with earlier studies,
isoprene emissions in this work are relatively higher, whereas monoterpene and OVOCs
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emissions are lower. The differences mainly arise from the following: (1) Model version
updates: MEGANv3.2 uses updated, species-specific emission factors and improved vege-
tation representation beyond the PFT-based scheme in MEGANv2.1, enhancing isoprene
estimates and refining monoterpene and OVOC calculations [26]. (2) Vegetation data reso-
lution and coverage: The use of high-resolution 2023 MODIS vegetation and LAI datasets
better captures spatial heterogeneity than earlier datasets (e.g., Vegetation Atlas of China).
(3) Emission factor updates: Updated EFs in MEGANv3.2 reflect recent field data, reducing
uncertainties compared with earlier generalized values [26]. (4) Meteorological variability:
The 2023 emissions were influenced by temperature, shortwave radiation, and other me-
teorological drivers, which differ from years in previous studies. Elevated temperatures
or higher solar radiation can enhance isoprene emissions significantly, explaining part of
the increase relative to earlier inventories. These comparisons indicate that model version,
vegetation data, emission factors, and meteorological conditions are the main sources of
inter-study differences.

Although this study focuses on the 2023 BVOC emission inventory, a multi-year
dataset (2019–2023) was analyzed to assess its representativeness (Figure 4). Over this
period, total BVOC emissions increased from 33.19 Tg to 41.70 Tg, with 2023 representing
the highest emission level in recent years. This increase reflects the combined influence of
meteorological variability and vegetation dynamics. Interannual changes in temperature,
solar radiation, and precipitation modulate emission rates, particularly for isoprene and
monoterpenes, while increasing vegetation coverage—driven by afforestation and land-use
policies—has expanded the distribution of high-emission vegetation types. Despite these
variations in total emission magnitude, the relative composition of BVOC species and
their spatial distribution patterns remain largely stable across years. Isoprene consistently
dominates the emission profile (62–65%), while monoterpenes and OVOCs exhibit limited
variability and sesquiterpenes contribute only a minor fraction (1%). This structural stability
indicates that interannual variability mainly affects emission intensity rather than emission
patterns. Therefore, the selection of 2023 is not only representative of recent BVOC emission
characteristics but also corresponds to a period of relatively elevated emissions under
current climatic and ecological conditions.

 

Figure 4. Annual BVOC emissions and composition in China from 2019 to 2023.
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3.3. Sources of BVOC

Isoprene is the dominant BVOC species in China, accounting for 65% of total emissions,
and is mainly released from broadleaf forests (75%) (Figure 5a). Its high abundance reflects
the widespread distribution of isoprene-emitting vegetation and the strong photosynthetic
activity of broadleaf species. Isoprene is synthesized de novo during photosynthesis and
emitted instantaneously, allowing plants to mitigate oxidative stress under high light and
temperature conditions [51,52]. Monoterpenes contribute 12% of the total BVOC bud-
get, with α-pinene and β-pinene as the dominant components. These compounds are
primarily emitted by coniferous forests (~40%), where they are stored in resin ducts and re-
leased through storage-based pathways that sustain fluxes even under low radiation [53,54].
Broadleaf forests emit only small fractions of monoterpenes (<10%) because they lack such
specialized storage tissues. Sesquiterpenes represent a smaller fraction of total emissions
(1%), but their key species, β-caryophyllene and α-farnescen, are mainly released from
broadleaf forests and shrublands. Their emissions are typically associated with secondary
metabolic activity and stress responses such as heat, radiation, and tissue damage [54–56].
OVOCs account for 23% of total BVOC emissions, dominated by methanol and acetone.
High OVOC emissions occur in savannas and grasslands, largely due to rapid herba-
ceous turnover and active cellular metabolism that promote the release of oxygenated
compounds [56]. They are mainly produced through plant metabolic activity and stress re-
sponses, while in croplands, elevated OVOC emissions are also associated with agricultural
disturbances such as harvesting and biomass burning [57].

Figure 5. Vegetation sources of BVOC emissions in China: (a) contributions of different vegetation
types to major BVOC emissions, and (b) BVOC composition profiles of each vegetation type.

Different vegetation types exhibit distinct BVOC profiles shaped by physiological
traits, LAI, and vegetation cover. Nationally, broadleaf forests are the dominant source,
contributing 53% of total BVOC emissions, followed by savannas (12%), shrublands (10%),
croplands (9%), grasslands (7%), needleleaf forests (7%), and mixed forests (2%). As
shown in Figure 5b, needleleaf forests are strongly monoterpene-dominated (74%), with
minimal isoprene, sesquiterpene, and OVOCs emissions, reflecting resin storage and stress
resistance [53]. In contrast, broadleaf forests are overwhelmingly isoprene-driven (90%),
followed by OVOCs, while monoterpenes and sesquiterpenes each contribute less than 10%.
This pattern reflects light- and temperature-driven isoprene synthesis in broadleaf foliage,
whereas OVOCs mainly originate from cell wall expansion, metabolic activity, and stress
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responses [54–56]. Mixed forests, with overall low BVOC emission levels and contributing
less than 2% nationally, primarily release isoprene and monoterpenes. Their emission
characteristics are associated with the mixed composition of needleleaf and broadleaf
forests and the relatively complex canopy structure. Shrublands and savannas are both
dominated by isoprene and OVOCs, though shrublands show relatively more isoprene,
while savannas present a transitional profile combining herbaceous OVOCs emissions with
woody isoprene release. Croplands and grasslands are characterized by OVOCs dominance
(65% and 56%, respectively), with isoprene accounting for 12% in croplands and 17% in
grasslands, and monoterpenes contributing 20% and 26%, respectively. Sesquiterpenes
remain limited in both systems.

3.4. Spatial Distribution

Figure 6a shows the spatial distribution of BVOC emissions in China for 2023.
Emissions display distinct regional heterogeneity, controlled by vegetation cover and
climatic conditions. High emissions occur in southeastern and northeastern China, south-
ern Shaanxi, eastern Sichuan, Hainan, and Taiwan, where grid-level emissions exceed
60 Gg yr−1 in some areas. The overall pattern shows a clear southeast–northwest gradient,
with much lower values over the arid and sparsely vegetated northwestern plateau. Ac-
cording to the MODIS PFT distribution (Figure S3) and vegetation area statistics (Table S4),
southeastern provinces such as Guangxi, Guangdong, Fujian, and Hunan have exten-
sive broadleaf forests (35,000–37,000 km2) and large areas of savannas (over 60,000 km2).
Broadleaf forests are identified as the dominant vegetation source, contributing 53% of
total BVOC emissions. They overwhelmingly control isoprene emissions, accounting for
75% of the total. The elevated emissions in southeastern China result mainly from the
large extent of broadleaf forests and the warm, humid climate, which enhances light- and
temperature-driven emissions of isoprene and other terpenes [56]. In particular, regions
such as Guangdong and Guangxi exhibit both high near-surface temperatures (T2m > 295 K)
and relatively strong solar radiation according to WRF simulations (Figure 1), jointly fa-
voring higher emission rates. In contrast, the North China Plain, though rich in croplands
with high LAI, emits less isoprene because the major crops (e.g., wheat and maize) have
low isoprene emission potentials under comparable environmental conditions [58], and
local temperature and radiation levels are not as favorable as in southern regions.

Figure 6. Spatial distribution of BVOC emissions in China for 2023. (a) Total BVOC emissions;
(b) isoprene; (c) monoterpenes; (d) sesquiterpenes; (e) OVOCs.
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Figure 6b–e presents the spatial distribution of different BVOC categories. Isoprene
emissions are concentrated in South and Southeast China, particularly in Guangxi, Guang-
dong, Hunan, Fujian, Zhejiang, Hainan, and Taiwan, corresponding to regions with
broadleaf forests and savannas covering more than 60% of land area (Table S4). These
regions also feature higher near-surface temperatures and solar radiation (Figure 1), which
favor isoprene release. Monoterpenes show a bimodal pattern: one maximum in Northeast
China (Greater and Lesser Khingan Ranges, Changbai Mountains) dominated by conifer-
ous forests, and another in the subtropical south where evergreen and mixed forests are
extensive. The southern maximum coincides with warm, humid conditions, whereas the
northeastern peak mainly reflects vegetation control rather than temperature. Sesquiter-
pene emissions resemble monoterpenes but are weaker, with maximum grid values below
1 Gg yr−1. Although their spatial correspondence reflects similar vegetation distribu-
tions, sesquiterpene emissions are constrained by metabolic competition with essential
metabolites (e.g., sterols) and their highly inducible, resulting in relatively low regional
contributions [59]. OVOCs are widely distributed except in arid northwest China, with
higher fractions in southern coastal areas. These areas coincide with dense croplands and
forests that enhance both direct OVOC release and secondary formation. In Northwest
China, despite strong solar radiation, limited vegetation cover and dry conditions suppress
BVOC emissions. In contrast, although total emissions are low in the north and northwest,
the fractional contribution of OVOCs to total BVOCs is relatively high, indicating their
importance under local vegetation and climatic conditions.

3.5. Provincial and Temporal Distribution

Figure 7a shows the spatial variability of BVOC emissions by province. Provinces were
grouped into high-, medium-, and low-emission categories. In the figure, these categories
are represented by a color gradient: blue for low, yellow for medium, and red for high emis-
sions, with darker shades indicating higher emissions within each category. High-emission
regions are mainly distributed in South, Southwest, and parts of East China, representing
the national emission core. Moderate emissions appear in the middle and lower reaches of
the Yangtze River, North China, and the northwest margins, while low-emission provinces
are concentrated in arid and urbanized areas. Provincial totals (Figure 7b) show that
Guangxi and Guangdong record the highest emissions (6940.35 and 5225.55 Gg yr−1), con-
sistent with their extensive forest cover and tropical climate. In contrast, Shandong, Beijing,
and Xinjiang emit less than 200 Gg yr−1, mainly due to cropland dominance and limited
forested land, and cooler or drier climates that constrain biogenic activity. Hong Kong,
Ningxia, Tianjin, and Shanghai contribute less than 30 Gg yr−1, negligible in the national
total. The vegetation composition pattern in Table S4 supports this gradient, confirming
that provinces with extensive broadleaf forests and savannas, combined with elevated tem-
perature and strong solar radiation (Figure 1), exhibit the highest BVOC fluxes. Regional
differences are also evident in chemical composition. Southern provinces are dominated
by isoprene, which generally contributes over 60% of total BVOC emissions, followed
by monoterpenes and OVOCs. In the north and northwest, OVOCs and monoterpenes
constitute a larger share, reflecting the dominance of herbaceous and shrub species and
the influence of environmental stress on emission pathways. Overall, BVOC emissions in
China show a clear “strong south–weak north, low west–high east” pattern, with distinct
compositional contrasts among regions.
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Figure 7. Provincial and seasonal characteristics of BVOC emissions in China. (a) Spatial distribution
of provincial BVOC emissions; (b) total annual BVOC emissions for each province; (c) monthly
variation of BVOC emissions at the national scale.

The monthly emission profile (Figure 7c) reveals pronounced seasonality. Emissions
peak in summer and reach minima in winter, driven by vegetation activity and climatic
factors. Isoprene shows the largest seasonal amplitude, with July emissions exceeding
winter values by more than twentyfold. This pattern results from its strong dependence on
temperature and radiation: high summer temperatures and sunlight stimulate isoprene syn-
thase and increase precursor supply [50,54]. Seasonal variations in LAI further amplify this
effect [49,50]. Leaf age is also an important factor regulating BVOC composition. According
to MEGANv3.2, the isoprene emission potentials of newly developed and expanding leaves
are only 5% and 60% of mature leaves, respectively, leading to relatively low emissions in
spring. In autumn, senescing leaves exhibit a reduced emission potential of 90% relative to
mature leaves, resulting in the characteristic “summer peak—spring/autumn transition—
winter low” pattern for isoprene [15]. Monoterpenes and sesquiterpenes show seasonal
patterns similar to isoprene, with higher emissions in summer and lower emissions in
winter, but with smaller amplitudes. Their dependence on both temperature and diffusion,
as well as partial storage within plant tissues, moderates seasonal fluctuations [53,60,61].
Leaf age also affects these emissions: monoterpene potentials of new, expanding, and
senescent leaves reach about 200%, 180%, and 105% of mature leaves, respectively, while
sesquiterpenes show 40–60% in young leaves and about 95% in senescent ones [15]. OVOCs
also display clear seasonality, increasing in summer due to enhanced metabolic activity
and temperature-driven volatilization, but with weaker variations than isoprene. In sum-
mary, the seasonal variability of BVOCs arises from differences among compounds in
physiological metabolic pathways and emission mechanisms.
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3.6. Impact on OFP

Figure 8 shows the spatial pattern of BVOC-driven OFP in China for 2023. The total
OFP was 346.12 Tg. Isoprene dominated, contributing 285.38 Tg (82%), owing to both its
large emissions (65%) and high reactivity (MIR = 10.61; see Table S5), underscoring its key
role in O3 formation. OVOCs and monoterpenes contributed 29.49 Tg (9%) and 27.00 Tg
(8%), respectively. Within these groups, propene (MIR = 11.66) and α-pinene (MIR = 4.51)
were the major species, accounting for 15% and 33% of their group totals. Sesquiterpenes
contributed only 4.25 Tg (1%) to total OFP, consistent with their low emissions, though
their high MIR values (5.55–12.82) suggest potential local importance under concentrated
conditions. The ten leading species—namely isoprene, α-pinene, β-ocimene, propene,
acetaldehyde, ethene, methanol, β-pinene, (Z)-3-hexenal, and myrcene—accounted for
93% of total OFP while representing 88% of total BVOC emissions. These results reveal a
clear non-linear amplification effect, whereby a limited number of highly reactive species
disproportionately control O3 formation potential, highlighting that OFP is governed not
only by emission magnitude but also by chemical reactivity weighting. Overall, isoprene
overwhelmingly dominates the national O3 formation potential, while monoterpenes and
other highly reactive compounds such as propene and ethene make secondary but non-
negligible contributions. These findings indicate that evaluating BVOC–O3 relationships
requires considering both emission magnitude and chemical reactivity.

Figure 8. Spatial distribution of OFP from BVOC emissions in China for 2023. (a) Total OFP from
BVOCs; (b) isoprene; (c) monoterpenes; (d) sesquiterpenes; (e) OVOCs.

OFP shows a spatial pattern similar to BVOC emissions, with a “high-south–low-north”
gradient but sharper contrasts among provinces (Figure 9a). The highest values occur in
Guangxi (50.50 Tg yr−1), Yunnan (41.26 Tg yr−1), and Guangdong (38.37 Tg yr−1), jointly
contributing over 30% of the national total. In these provinces, isoprene accounts for more
than 85% of OFP. Central provinces such as Hunan, Jiangxi, and Hubei form a secondary
high-value cluster, contributing around 21% of the total. Northern and northwestern
provinces (e.g., Beijing, Tianjin, Hebei, Shanxi) exhibit low OFP levels, largely reflecting
lower vegetation density and weaker isoprene activity. In these low-emission regions,
OVOCs represent a larger proportion of the total despite low absolute values. Overall,
southern provinces are dominated by isoprene-driven O3 potential, whereas northern and
arid regions show a higher relative share of OVOCs. However, it should be emphasized
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that OFP, derived from MIR values, represents the theoretical maximum O3 formation
potential under idealized high-NOx conditions and does not directly correspond to actual
ambient O3 concentrations. In the real atmosphere, O3 formation is governed by complex
nonlinear photochemical processes involving the coupled interactions of VOCs, NOx, and
radical species [62,63]. Specifically, BVOCs influence O3 formation primarily through their
rapid oxidation by OH, generating peroxy radicals (RO2), which subsequently convert NO
to NO2, promoting O3 production [63]. However, the efficiency of this process strongly
depends on the ambient NOx regime. Under NOx-limited conditions, typically found in
forested and rural regions with high BVOC emissions, the availability of NOx constrains the
conversion of RO2 to NO2, thereby limiting O3 production efficiency despite high BVOC
emissions. In contrast, under NOx-rich or VOC-limited conditions, commonly observed
in urban and industrialized regions, anthropogenic emissions provide sufficient NOx to
sustain efficient photochemical ozone production. This nonlinear sensitivity implies that
regions with the highest BVOC-derived OFP do not necessarily correspond to the highest
O3 concentrations. Therefore, the spatial distribution of OFP should be interpreted as
an indicator of theoretical sensitivity of ozone formation to BVOC emissions under high-
NOx assumptions, rather than a direct proxy for ambient O3 levels. Incorporating these
photochemical mechanisms provides a more process-based understanding of the BVOC–O3

relationship in China.

 

Figure 9. Provincial and seasonal variations of BVOC-driven OFP in China for 2023. (a) Provincial
OFP; (b) monthly OFP.

OFP exhibits strong seasonality, following a single-peak pattern (Figure 9b). Spring,
summer, autumn, and winter contribute 24%, 54%, 18%, and 4% of the annual total,
respectively. Emissions peak from June to August, with July reaching 74.22 Tg (21%
of the total). The lowest values occur in January–February, with January contributing
only 3.86 Tg (1%). Isoprene remains the dominant contributor year-round, exceeding
80% of total OFP and peaking at 62.77 Tg in July, consistent with its strong temperature
and radiation dependence. Monoterpenes and sesquiterpenes follow similar seasonal
cycles, both increasing sharply in summer, reaching 4.72 Tg and 9.22 Tg, respectively, in
July. OVOCs also peak in summer but show smaller amplitude, with a July maximum of
5.71 Tg. In summary, the seasonal pattern of OFP is controlled primarily by meteorological
conditions and the temperature sensitivity of isoprene emissions, with monoterpenes and
OVOCs making secondary contributions.
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3.7. Impact on SOAFP

In 2023, the total SOAFP of BVOC emissions in China reached 2137.51 Gg yr−1.
Monoterpenes dominated, contributing 1488.12 Gg yr−1 (70% of the total), far exceeding
other compound classes. This dominance reflects their high secondary organic aerosol
yields (FAC = 0.18–0.5, as shown in Table S5), particularly for α-pinene (591.64 Gg yr−1) and
β-pinene (204.71 Gg yr−1), which combine large emissions with high formation potentials.
Isoprene contributed 537.94 Gg yr−1 (25%), limited by its low yield (FAC = 0.02) despite
the largest emission mass. Sesquiterpenes accounted for 0.10 Gg yr−1 (5%), and though
less abundant, their relatively high yields (~0.18) suggest notable regional impacts. OVOCs
made minimal contributions (<1%) owing to near-zero SOA yields. The top ten species—
α-pinene, isoprene, β-pinene, limonene, trans-β-ocimene, sabinene, 3-carene, myrcene,
camphene, and β-caryophyllene—together contributed over 70% of the national total,
confirming that SOA formation in China is primarily driven by a small set of high-yield
terpenes. Importantly, while these estimates reflect potential SOA formation under constant
aerosol mass assumptions, actual SOA production is influenced by the availability of
anthropogenic precursors, such as NOx and pre-existing particulate matter, which can alter
the oxidation pathways and reaction efficiencies of BVOCs [64].

SOAFP exhibits distinct spatial heterogeneity across China (Figure 10). High-value
regions are mainly concentrated in southern China, where dense forest cover and abundant
terpene emissions dominate SOA formation. Compared with OFP, SOAFP hotspots are
more spatially focused, closely following forested terrain in Guangxi, Yunnan, Guang-
dong, Hunan, and Jiangxi, which together account for most of the national total. At the
provincial scale (Figure 11a), Guangxi (341.71 Gg yr−1), Yunnan (263.15 Gg yr−1), and
Guangdong (253.16 Gg yr−1) show the highest values. Elevated SOAFP levels in these
provinces result from the coexistence of coniferous monoterpene sources and broadleaf
sesquiterpene emissions. In addition to the southern hotspots, notable SOAFP values
also occur in the Greater and Lesser Khingan Mountains in Northeast China, reflecting
the influence of extensive coniferous forests with high monoterpene yields. Provinces in
Southwest China, such as Sichuan (124.75 Gg yr−1), Fujian (134.69 Gg yr−1), and Guizhou
(106.27 Gg yr−1), also exhibit substantial SOAFP due to mixed broadleaf–coniferous veg-
etation and favorable meteorological conditions. In contrast, northern and arid regions
display very low SOAFP—for example, Beijing (1.64 Gg yr−1), Tianjin (0.20 Gg yr−1),
Ningxia (0.14 Gg yr−1), and Qinghai (0.25 Gg yr−1)—owing to limited forest cover and less
favorable climatic conditions. Overall, SOAFP distribution highlights the crucial role of
both southern and northeastern forest ecosystems in driving SOA formation across China.
From a broader atmospheric chemistry perspective, SOA formation is not only controlled
by BVOC emissions and local vegetation type, but also by ambient oxidant levels (OH,
O3, NO3) and anthropogenic co-emissions, which modulate the oxidation pathways and
secondary particle yields [64–66]. It should be noted that the SOAFP values presented
here are calculated assuming a constant organic aerosol mass concentration, which enables
comparison of relative SOA formation potential among VOC precursors. However, this
simplification may underestimate SOA formation in urban or highly polluted areas, where
ambient organic aerosol concentrations are typically higher [67]. Therefore, while spatial
patterns emphasize the dominant role of BVOCs in southern and northeastern forested
regions, the actual contribution of anthropogenic–biogenic interactions could be substantial,
particularly in mixed land-use regions with high NOx and urban emissions.
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Figure 10. Spatial distribution of SOAFP from BVOC emissions in China for 2023. (a) Total SOAFP
from BVOCs; (b) isoprene; (c) monoterpenes; (d) sesquiterpenes; (e) OVOCs.

Figure 11. Provincial and seasonal variations of BVOC-driven SOAFP in China for 2023. (a) Provincial
SOAFP; (b) monthly SOAFP.

Figure 11b shows that SOAFP peaks in summer (June–August) and reaches its mini-
mum in winter, following a smoother seasonal pattern than OFP. July shows the highest
monthly total, dominated by monoterpenes (256.37 Gg yr−1) and isoprene (118.31 Gg yr−1).
Spring shows a steady increase, autumn a gradual decline, and winter remains the lowest
period. Monoterpenes dominate SOAFP throughout the year, maintaining more than 70%
of total formation even in winter (~40 Gg yr−1). Their persistent contribution reflects both
storage within vegetation and moderate temperature sensitivity. Isoprene follows a sharper,
light- and temperature-driven pattern, peaking in July and dropping to ~5–7 Gg yr−1 in
winter. Sesquiterpenes and OVOCs show similar but smaller seasonal variations. Overall,
SOAFP exhibits a “summer high–winter low” cycle, but with gentler fluctuations.
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3.8. Seasonal Correlation Among BVOC Emissions, OFP, and SOAFP

Figure 12 shows the monthly variations of BVOC emissions, OFP, and SOAFP in China
for 2023. All three exhibit a consistent seasonal pattern, with low levels in winter and a
pronounced summer peak driven by enhanced temperature, radiation, and vegetation
activity. Emissions rise rapidly from spring, reach their maximum in July, and decline
thereafter. In terms of magnitude, OFP overwhelmingly dominates, reaching 74.22 Tg in
July, followed by BVOC emissions (8.71 Tg) and SOAFP (0.40 Tg). Although SOAFP is
two to three orders of magnitude smaller than OFP, its temporal profile closely aligns with
BVOC emissions, reflecting their shared biogenic source. The synchronous summer peaks
across all three metrics indicate that periods of vigorous vegetation growth strengthen both
photochemical O3 production and secondary aerosol formation.

Figure 12. Monthly variations of BVOC emissions, OFP, and SOAFP in China for 2023.

SOAFP also displays a “summer-high–winter-low” pattern but with notably weaker
seasonal amplitude compared with OFP. This contrast reflects fundamental chemical and
physiological differences between isoprene and monoterpenes. Isoprene rapidly reacts with
OH under high-temperature and high-NOx conditions, efficiently promoting O3 formation
but producing limited SOA [68]. In comparison, monoterpenes form SOA through multiple
oxidants (OH, O3, and NO3), allowing SOA production to persist under both daytime
and nighttime, and even low-NOx, environments [69]. Their oxidation also interacts with
isoprene chemistry, as rapid isoprene–OH reactions can reduce the oxidant pool available
for monoterpene oxidation [70]. The weaker seasonality of monoterpene-driven SOAFP
is further explained by emission physiology. Isoprene emissions depend strongly on
instantaneous photosynthesis, whereas monoterpenes partially originate from resin and in-
ternal storage pools, enabling release under moderate temperatures and buffering seasonal
variability [52,53]. Consequently, isoprene dominates OFP, while monoterpenes dispro-
portionately sustain SOA formation through more stable, multi-oxidant pathways. These
differences highlight that O3 and SOA formation share biogenic precursors but operate
through interconnected yet fundamentally distinct atmospheric chemical mechanisms.

3.9. Uncertainty Analysis

Figure 13 shows the uncertainty in the BVOC emission inventory estimated by the
MEGAN model using a Monte Carlo approach. The results indicate that the total BVOC
emissions exhibit an uncertainty range of (−53%, 50%) at the 95% confidence interval.
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Among individual components, the uncertainties for isoprene, monoterpenes, sesquiter-
penes, and OVOCs are (−67%, 109%), (−54%, 84%), (−49%, 82%), and (−42%, 64%),
respectively. Among all sources, EFs represent the dominant contributor to uncertainty
across all species. EFs are described by diverse distribution types (e.g., Lognormal, Gamma,
Weibull), with relatively large dispersion parameters, especially for broadleaf forests and
shrublands. For instance, the lognormal distribution assigned to isoprene EF in broadleaf
forests (σ = 0.66 in ln-space) implies strong right-skewness and a high probability of ex-
treme values, which substantially enlarges the upper uncertainty bound [43]. In contrast,
OVOC EFs follow normal distributions with smaller variance, resulting in more constrained
uncertainty. Meteorological inputs further amplify uncertainty through nonlinear response
functions in MEGAN. This effect is most pronounced for isoprene due to its high sensitivity
to temperature and radiation. Activity factors further enhance uncertainty as multiplicative
scalars, interacting with meteorological perturbations and reinforcing output variability.
In contrast, vegetation parameters (e.g., LAI) play a secondary role due to their relatively
limited variability [45]. In summary, uncertainties in emission factors, meteorological
drivers, and vegetation parameters are coupled within the Monte Carlo framework, with
emission factors contributing most significantly to the overall uncertainty. Future efforts
should focus on improving observational constraints on emission factors, enhancing the
accuracy of meteorological inputs, and optimizing model parameterizations to further
reduce uncertainties and improve the reliability of BVOC emission inventories.

 

Figure 13. Uncertainty ranges of BVOC emissions derived from Monte Carlo simulations.

4. Conclusions
This study employs the MEGANv3.2 model in combination with high-resolution

vegetation and meteorological datasets to construct a refined BVOC emission inventory
for China in 2023 and quantitatively assesses its potential impacts on O3 formation and
SOA production. The main findings are summarized as follows. First, the inventory
estimates a total annual BVOC emission of 41.70 Tg in China, with isoprene contributing the
largest share (64%), followed by OVOCs (23%) and monoterpenes (12%). BVOC emissions
exhibit pronounced spatiotemporal heterogeneity, with a spatial pattern characterized by
“high in the south and low in the north, high in the east and low in the west,” and more
than 50% of the annual emissions occurring during the summer months (June–August).
Broadleaf forests are identified as the dominant emission source, contributing 53% of
total BVOC emissions and 75% of isoprene emissions. BVOC emissions exert significant
influence on regional air quality. In terms of OFP, the total contribution from BVOCs
is 346.12 Tg, with isoprene accounting for 82% due to its high emission magnitude and
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reactivity. Regarding SOAFP, the total contribution is 2137.51 Gg, with monoterpenes being
the primary contributors (70%), primarily driven by their high aerosol yield coefficients.
Regions of high OFP and SOAFP are concentrated in forested areas of southern China,
particularly in Guangxi, Yunnan, and Guangdong provinces; however, seasonal and spatial
patterns differ, reflecting the distinct roles of individual BVOC species in atmospheric
chemical processes.

These findings provide important implications for air quality management and policy
formulation in China. The study highlights that BVOCs, particularly isoprene and monoter-
penes, are key precursors for regional O3 and SOA formation. Considering China’s ongoing
carbon neutrality goals and large-scale afforestation programs, which may increase vegeta-
tion cover and thereby potentially elevate BVOC emissions, future air quality management
strategies should adopt a more integrated perspective [71,72]. This entails not only contin-
ued reductions of anthropogenic NOx and VOC emissions but also the incorporation of the
synergistic effects of natural BVOC emissions into evaluation frameworks. Policy measures
should account for the spatiotemporal distribution of BVOC emissions and their nonlinear
chemical interactions with anthropogenic pollutants, with particular attention to summer
ozone pollution control in southern regions with high forest cover and strong BVOC emis-
sions. Moreover, given the significant contribution of monoterpenes to SOA formation,
strategies aimed at sustained PM2.5 reduction should emphasize monitoring monoterpene
emissions in forested areas and their interactions with anthropogenic pollutants.

To advance the scientific understanding of BVOC environmental effects and support
targeted management, future research should focus on several key aspects. Expanded field
observations across representative vegetation types in China are essential to constrain lo-
calized emission factors and chemical speciation, thereby reducing inventory uncertainties,
particularly for high-variability species such as isoprene. Integrating this inventory with
regional chemical transport models (e.g., WRF-Chem, CMAQ) would enable scenario-based
simulations to quantify the impacts of different carbon neutrality pathways—including af-
forestation types, scales, and spatial configurations—on BVOC emissions and air quality. At
the same time, deeper investigation of the interactions between BVOCs and anthropogenic
pollutants is needed, especially in urban clusters and downwind regions, to better resolve
their respective contributions to compound pollution. In addition, coupling dynamic BVOC
emission schemes with long-term climate projections would help assess the responses of
emissions to changes in temperature, radiation, and CO2 levels, thereby improving future
air quality prediction and management.
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