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a b s t r a c t
The biogenic volatile organic compounds (BVOCs) emissions are inﬂuenced by ambient ozone (O3) concentrations and vegetation cover. In most studies, however, the interaction between O3 and plants has not been
considered and there are uncertainties in land cover input and emission factors (EFs) in BVOCs emission estimation, particularly at the regional scale. In this study, an O3 exposure-isoprene (ISOP) response function
was developed using meta-analysis, and the EFs of ISOP and land cover inputs were updated by integrating
local measurement and investigation data in the Yangtze River Delta (YRD) region. Five different cases were
developed to explore the impacts of O 3 and input variables on the BVOCs emissions using the Model of
Emissions of Gases and Aerosols from Nature (MEGAN). The impacts of those variables on O3 simulation
were further examined with air quality modeling. We found that the ISOP emissions were restrained in
the city cluster along the Yangtze River during the growing season due to their negative feedback to O3 exposure for deciduous broadleaf forests. The estimation of BVOCs emissions strongly depended on EFs, and
the global EFs underestimated the ISOP emissions in July by 37%, mostly in southern YRD. Different land
cover datasets with various fractions and spatial distributions of plant function types resulted in a variation
of 200–400 Gg in ISOP emissions in July across YRD. Air quality modeling indicated that BVOCs contributed
10%, 12%, and 11% to the 1-h mean, the maximum daily 1-h average, and the maximum daily 8-h average O3
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concentrations, respectively, for July across the YRD region. Due to the NOx restriction, the spatial distribution of BVOCs emissions was inconsistent with that of their contribution to O3 formation. The O3 simulation
was more sensitive to the changed BVOCs emissions in the area with relatively large contribution of BVOCs
to O3 formation.
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
Biogenic volatile organic compounds (BVOCs) from terrestrial forests are identiﬁed as a strong link between the earth surface and the atmosphere (Laothawornkitkul et al., 2009). Accounting for
approximately 90% of emissions, biogenic sources serve as the dominant
contributor to global VOCs (Guenther et al., 2012). The most abundant
species of BVOCs are isoprene (ISOP) and monoterpene (MON). With
a strong chemical reactivity, they can be oxidized by hydroxyl radicals
(OH) and inﬂuence the oxidation capacity of the atmosphere (Gong
et al., 2018), resulting in enhanced formation of ozone (O3) and secondary organic aerosols (SOAs) (Geng et al., 2011; Paasonen et al., 2013;
Shilling et al., 2013). Given their importance in atmospheric chemistry,
models have been developed to estimate BVOCs emissions (Guenther
et al., 1995; Niinemets et al., 1999; Arneth et al., 2007; Guenther et al.,
2012), and are further incorporated into chemical transport modeling
to examine the impact of BVOCs on air quality and climate change
(von Kuhlmann et al., 2004; Xie et al., 2007; Lou et al., 2010; Unger,
2014). Through a sensitivity analysis, for example, von Kuhlmann
et al., 2004 found that the abundance of peroxyacetyl nitrate was significantly reduced when the ISOP emission strength declined by 50% at the
global scale.
The Model of Emissions of Gases and Aerosols from Nature
(MEGAN) has commonly been used to estimate the BVOCs emissions
in different regions (Li et al., 2013; Sindelarova et al., 2014; Wang
et al., 2016; Liu et al., 2018; Chen et al., 2018). It is a statistical model
that depends on the basal emission rate and leaf area index (LAI), and
it can be further modulated with an improved understanding of the
BVOCs responses to environmental factors and plant physiological conditions. However, considerable uncertainties exist in MEGAN, attributed
to incorrect or incomplete information on the ambient air pollution
level (e.g., O3 exposure), land cover and basal emission rate by vegetation type (Guenther et al., 2012). The inﬂuences of those factors were
not well quantiﬁed, and the bias in BVOCs emission estimation
remained unclear at regional scale.
Ignoring the response of BVOCs emissions to O3 exposure is one
source of uncertainty in MEGAN. Tropospheric O3 is a phytotoxic pollutant, which poses a considerable threat to human health and plant
physiology. Peak O3 concentrations can not only lead to leaf damage
and growth inhibition but also inﬂuence the synthesis and release of
secondary metabolites including BVOCs (Feng and Yuan, 2018).
Given the importance of BVOCs in photochemical processes, studies
have been conducted to examine the O3 impacts on BVOCs synthesis,
but most of them have focused only on one vegetation species, and
the ﬁndings are controversial (Penuelas and Staudt, 2010). The discrepancy resulted from the various plant types and O 3 exposure
levels across studies. For example, Velikova et al. (2005) claimed
that the ISOP emissions from Mediterranean oak species were stimulated by elevated O3 exposure during three consecutive days. However, Yuan et al. (2017) found that chronic O 3 fumigation
signiﬁcantly inhibited the ISOP emissions from Poplar. To date, the
feedback of BVOCs to O3 exposure has not been well described, and
there are few comprehensive O3 exposure-BVOCs response functions
in current emission models (Penuelas and Staudt, 2010; Tiwari et al.,
2016). As high O3 concentrations usually occur in the plant growing
seasons including spring and summer (Wang et al., 2017; Feng and
Yuan, 2018), a reasonable O3 exposure-BVOCs response function is
essential for better estimating the BVOCs emissions.

In addition to O3 exposure, basal emission rates and land use data
also serve as major contributors to the overall uncertainty of BVOCs
emissions (Guenther et al., 2012). For example, underestimation in
the ISOP emissions from the bottom-up methods in eastern China
was commonly suggested by the top-down estimates based on the
satellite and aircraft observations (Shim et al., 2005; Fu et al., 2007;
Warneke et al., 2002; Marais et al., 2012; Stavrakou et al., 2014).
Most studies adopted the default emission factors (EFs) in MEGAN
that represent the global average level, while ﬁeld measurements
combined with local vegetation composition data could result in diverse EFs for speciﬁc areas. Li, 2015 found that the ISOP emissions estimated based on global EFs were half of those based on local EFs in
China. The estimation of BVOCs emissions can also be affected by
the inconsistent land cover information in various datasets or satellite products. At the regional scale, particularly, different satellite
sensors and classiﬁcation systems cause signiﬁcant discrepancies in
the land use distribution. Besides, the land use in complex terrains
might not be well captured due to the limited identiﬁcation capability of satellite sensor, and the inaccurate information would lead to
bias in emission estimation. Wang et al. (2018) suggested that different satellite products can result in a variation of ~20 Gg in the annual
BVOCs emissions in Beijing, indicating the necessity of carefully examining the land cover information from various datasets.
The Yangtze River Delta (YRD) is a typical developed region in
eastern China, with mixed sources of air pollutants and poor air quality (Li et al., 2019). Located in the subtropics, the southern YRD has
abundant broadleaf vegetation, one of the main contributors to
ISOP emissions, and its coverage was reported to have grown in recent years (Zhejiang Forestry Administration, http://www.zjly.gov.
cn/), enhancing the potential of the BVOCs emissions in the region.
Due to the high emissions of anthropogenic VOCs (AVOCs) and gradually reduced particle pollution, the O3 concentrations in the YRD region were observed to increase at an average rate of 2.3 ppbv a −1
from 2013 to 2017 (Li et al., 2019), and the elevated O3 exposure
was expected to play an important role on BVOCs emissions. These
changing factors make it quite challenging in estimating BVOCs
emissions. Current available studies, however, commonly adopted
the land cover information and basal emission rates for earlier period
(2000−2010) and ignored the feedback of BVOCs to O3 exposure in
the YRD, resulting in potentially large uncertainties (Song, 2012; Li
et al., 2016; Liu et al., 2018). Due to the high levels of ambient NOx
from anthropogenic emissions, the YRD region has gradually
transitioned from a NOx-limited regime to a mixed or VOC-limited
regime in terms of O3 formation (Jin and Holloway, 2015), indicating
the elevated impacts of VOCs (including BVOCs) on the ambient O3
level. Therefore, a comprehensive analysis on the inﬂuences of
method and data on BVOCs emission estimation is in great need for
better understanding the roles of biogenic sources on regional air
quality.
In this study, we modiﬁed the BVOCs emissions considering the actual O3 stress and integrating the land cover information in the YRD region. We developed and applied a scheme of O3-ISOP linkage in MEGAN
based on meta-analysis of available experiments on the response of
ISOP emissions to O3 exposure. A set of local ISOP EFs was obtained by
combining the distribution of vegetation types and updated ﬁeld measurements in China. Satellite products and ground surveys were integrated to correct the land cover and vegetation distribution
information. The impacts of the main factors on BVOCs emissions and
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O3 formation were then diagnosed through sensitivity simulations in
MEGAN and an air quality model.
2. Methodology and data
2.1. Model description
We estimated the BVOCs emissions in the YRD region for 2015 with
MEGAN version 2.1. The model quantiﬁes the average land EFs and the
response of BVOCs emissions to environmental conditions (Guenther
et al., 2012):
Ei ¼ γ i

X

εi; j χ j

ð1Þ

where Ei is the emissions of compound category i (μg m−2 h−1), and
four main categories were included (ISOP, MON, sesquiterpene (SQT)
and other VOCs); εi, j is the EF of compound category i under standard
conditions for vegetation type j (described in Section 2.3); and χj is
the grid area proportion of vegetation type j (described in Section 2.4).
The activity factor γi accounts for the impacts of environmental and
phenological conditions on BVOCs emissions and was calculated as:
γ i ¼ LAIγ CE γ P;i γ T;i γage;i γ SM γC

ð2Þ

where LAI accounts for the leaf density in each grid and the data were
obtained from Global Land Surface Satellite (http://www.geodata.cn/
thematicView/GLASS.html); γCE is the canopy environmental coefﬁcient, assigned a value of 0.57 in MEGAN; γP, i and γT, i account for the
light and temperature responses of emissions respectively, driven by
the meteorological ﬁelds with the Weather Research and Forecasting
Model (WRF, described later in this section); γage, i is the leaf age correction factor, associating with variation of LAI in a certain period; γSM captures the effect of soil moisture; and γC describes the effect of carbon
dioxide (CO2) on ISOP. The impacts of the soil moisture and CO2 concentrations on BVOCs emissions were not considered in this work by setting
γSM=1 and γC=1.
The O3 concentrations were simulated with the Models-3 Community Multiscale Air Quality (CMAQ) version 5.1 (Wyat Appel et al.,
2017). As shown in Fig. S1 in the supplement, we adopted the Lambert
Conformal Conic projection centered at (110° E, 34° N), and twonested-domain simulations with horizontal resolutions of 27 km and
9 km were conducted. The ﬁrst domain (D1, 177 × 127 cells) covered
most of China, and the second domain (D2, 118 × 121 cells) covered
the YRD region, including the provinces of Jiangsu, Zhejiang, and
Anhui, and the city of Shanghai. We adopted the carbon bond gasphase mechanism (CB05) for VOCs and AERO6 for the particulate matter. The initial and boundary conditions for the ﬁrst domain were set
as the clean continental conditions provided by CMAQ.
The anthropogenic emissions in D1 were obtained from the Multiresolution Emission Inventory for China (MEIC, http://www.
meicmodel.org/, Zheng et al., 2018) with a spatial resolution of
0.25° × 0.25°. Developed by Tsinghua University, MEIC provided the national emission estimates integrating the unit-based power plant emission model (Liu et al., 2015), the high-resolution on-road vehicle
emission model (Zheng et al., 2014), and the comprehensive NMVOC
chemical speciation model (Li et al., 2014). The emission data from
MEIC were further allocated to D2 based on the gross domestic product
(GDP) per capita and population density. Biogenic emissions were generated with MEGAN, and the Cl and HCl emissions were obtained from
the Global Emissions Initiative (GEIA, Price et al., 1997).
The Weather Research and Forecasting Model (WRF) version 3.4
(Skamarock et al., 2008) was applied to provide the meteorological
ﬁelds in this study. The WRF input data were obtained from the National
Centers for Environmental Prediction (NCEP) FNL Operational Model
Global Tropospheric Analyses datasets (https://rda.ucar.edu/datasets/
). Detailed WRF model conﬁgurations are as described in Fu et al.
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(2013). We evaluated the WRF model performance with the observation data obtained from the National Climatic Data Center (https://gis.
ncdc.noaa.gov/) at 42 ground stations in D2 (as shown in Fig. S1).
Fig. S2 in the supplement compares the averages of the simulated and
observed temperatures at 2 m (T2), relative humidity at 2 m (RH2),
and wind speed and direction at 10 m (WS10 and WD10), for January,
April, July and October 2015. The evaluation indicators, including bias,
index of agreement (IOA), root mean square error (RMSE) and R2, are
summarized in Table S1 in the supplement. The discrepancies between
the ground observations and WRF modeling results were within an acceptable range (Emery et al., 2001).
2.2. Exposure-response function between ISOP emissions and ambient O3
level
2.2.1. Data collection
We compiled a database containing the responses of BVOCs emissions to O3 exposure by investigating the peer-reviewed publications
with the Web of Science (ISI). Using “ozone”, “O3”, “VOC”, “BVOC”, “forest”, “tree”, “woody”, and “plant” as keywords, we collected 77 papers in
total published between 1990 and 2018. In most of the collected studies,
experimental plants were chronically exposed to O3 using growth
chambers, open-top chambers, branch chambers, or other fumigation
methods. Those studies suggested that high O3 level can not only lead
to leaf damage and growth inhibition, but also affect the synthesis and
release of plant secondary metabolites by interfering with photosynthesis and inducing defensive feedback mechanisms. Measurement data
were excluded if (a) parallel experiments were not conducted and the
standard deviation was unclear; (b) the experiment period was shorter
than seven days and the experiment could not be considered as a
chronic fumigation experiment; (c) there were other environmental
factors in addition to O3 included in the studies so that the single effect
of O3 was unclear; (d) the BVOCs emission rate, O3 concentration and
fumigating duration were not reported clearly; or (e) the O3 concentration was lower than the threshold value (40 ppb). Relevant information
from the remaining measurements was collected, including plant species, O3 concentration or O3 exposure level, fumigating duration, and
control and experimental ISOP emission rates. In total, 93 data pairs of
O3 exposure levels and relative ISOP emission rates across 15 studies
were obtained for the meta-analysis, as summarized in Table S2 in the
supplement.
2.2.2. Meta-analysis
To assess the O3 impact on plants over a period of time, we chose the
O3 index (AOT40, i.e., the accumulated exposure to hourly O3 concentration above 40 ppb) as the predictor variable. Although some researchers
suggested that ﬂux-based metrics (e.g., PODy, i.e., the phytotoxic O3
dose over threshold y in nmol O3 m−2 s−1) could better represent the
uptake of O3 by plants and physiological damage over time, AOT40
was adopted in this work because there were few data on the O3 ﬂux
in the currently available studies. AOT40 was directly used if it was
available in the published study (there were 6 studies reporting
AOT40); otherwise, it was calculated using the O3 concentration and exposure duration data reported in the study. For a speciﬁc experiment
containing more than three measurements, the ISOP emission rate
without O3 exposure was determined as the intercept of the linear regression line of the AOT40 and ISOP emission rates. AOT40 was calculated as:
Z
AOT40 ðppb hÞ ¼

n
t¼1

maxððO3 −40Þ; 0Þdt

ð3Þ

where O3 is the O3 concentration (ppb) at which trees are exposed during the daytime (7:00–19:00) in the growing season from April to September; and t is the exposure duration (hour).
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We used linear regression to analyze the relationship between the
relative emission rate (RE, deﬁned as the ratio of the ISOP emission
rate at a certain exposure level of O3 to that without O3 exposure) and
AOT40. Kolmogorov-Smirnov test was used to evaluate whether the response variables were normally distributed. Regressions were considered statistically signiﬁcant at a P value b 0.05.
2.3. Emission factor
In addition to the default global average EFs in MEGAN, a set of local
EFs of ISOP was developed in this work to modify the BVOCs emissions.
Due to a lack of data, the EFs for compounds other than ISOP were not
modiﬁed, and default global ones were still adopted. The standard
canopy-scale EF (μg/m2 h) for each plant function type (PFT) can be converted by the measured leaf-scale emission rate (μg C/gdw h) and leaf
biomass density (gdw/m2) of the vegetation species in the PFT. Because
there are various emission rates for a speciﬁc species, the EF of ISOP by
PFT is calculated as follows:
εj ¼

X

s
φk LMAk k
sj

Academy of Sciences (RESDC, http://www.resdc.cn). Based on remote
sensing images such as Landsat 8 OLI and GF-2, LUCC data were mainly
obtained through a high-resolution remote sensing–unmanned aerial
vehicle–ground survey observation system (Ning et al., 2018). There
are 6 land cover classes at Level I and 25 classes at Level II in the dataset
with a horizontal resolution of 1 km at the national scale. We chose the
LUCC dataset as the basis because it has been validated by ﬁeld surveys
and aerial images with a high accuracy, as reported by Ning et al. (2018).
We aggregated the 25 land cover classes at Level II into 7 land cover
types, including crop, forest, shrub, grass, water, urban and rural land,
and unused land. We performed spatial intersection of the LUCC and
MCD12Q1 data using the pixel-by-pixel contrast method to subdivide
the LUCC forest data. The forests were divided into evergreen broadleaf,
deciduous broadleaf and needle trees by the MCD12Q1 data which has
twelve PFTs. When a pixel had different land cover types in LUCC and
MCD12Q1, we reclassiﬁed the pixel using the Vegetation Atlas of
China with more detailed vegetation information.
2.5. O3 exposure

ð4Þ

where εj is the standard EF for PFT j (μg/m2 h), φk is the standard emission rate for vegetation species k (μg C/gdw h), LMAk is the leaf biomass
density for vegetation species k, sk is the area occupied by vegetation
species k, and sj is the area occupied by PFT j.
In this work, the local emission rates and leaf biomass densities by
species were obtained from previous publications (Song, 2012, Li,
2015, Wang et al., 2018). If exact information was unavailable, the approximate values for species within the same genus and family were
adopted. The area fractions of the species were derived from the Vegetation Atlas of China (1:1,000,000) (Data source: Resource Discipline Innovation Platform, Chinese Academy of Sciences). The detailed EFs, area
fractions and leaf biomass densities are summarized in Tables S3 and S4
in the supplement.
2.4. Land cover
Satellite remote sensing is an important tool for detecting the land
cover information, especially for a broad area with a high horizontal resolution. There are many land cover datasets derived from various satellite observations. In this work, we chose the Moderate-Resolution
Imaging Spectroradiometer (MODIS) MCD12Q1 and Climate Change
Initiative (CCI) products as the vegetation input data for MEGAN. Both
products have been widely applied in estimating the BVOCs emissions
and examining the inﬂuence of vegetation change on the ambient levels
of atmospheric components due to their high resolutions, detailed land
use classiﬁcations and wide ranges of time and space (Fu and Liao, 2012;
Fu and Liao, 2014; Fu and Tai, 2015; Wang et al., 2016; Chen et al., 2019).
With the ﬁnest horizontal resolution at 500 m, MODIS operates on
both Terra and Aqua satellite, and the data products are derived from
six different classiﬁcation schemes. We directly used the PFT map
layer of the MCD12Q1 product with 12 land cover types because it
meets the input requirements in MEGAN. The CCI was launched by
the European Space Agency, and its product with a horizontal resolution
of 300 m classiﬁes the land cover into 22 types following the legend of
the United Nations Land Cover Classiﬁcation Scheme. We used the
cross-walking table provided by Poulter et al. (2015) to convert land
cover types into PFTs. The benchmark years of MODIS and CCI were
both set at 2015.
Given the considerable uncertainties of the satellite datasets (Wu
et al., 2009), we also developed a more reliable land cover dataset for
the YRD region (labeled MULTI) by integrating land use and land
cover change (LUCC), MODIS MCD12Q1 and Vegetation Atlas data
with plant statistics in China. The LUCC data for 2015 was provided by
the Data Center for Resources and Environmental Sciences, Chinese

We collected the monitored data of hourly O3 concentrations for the
YRD region in 2015. The data were obtained from the National Monitoring Network (215 state-operating sites, http://113.108.142.147:20035/
emcpublish/) and the Jiangsu Provincial Atmospheric Automatic Monitoring and Warning Platform (48 sites, http://58.213.159.173/
Atmosphere/top.aspx). In total, there were 263 observation sites available (as illustrated in Fig. S1) with a minimum data coverage of 95%
for the whole growing season, and 159 and 104 were respectively located in urban and rural regions. Inclusion of the provincial-level sites
partly corrected the bias in O3 observation, particularly in the rural
areas. The concentration was eliminated if it was negative or 200 μg/
m3 larger than the contiguous ones. For the moments without measurement, the average of the concentrations 1 h before and after (if available) was applied to ﬁll in the missing value. For the moments
without continuous data at a given site, we set up a 30 km buffer zone
around the site, and the average concentration for all the other sites
within the buffer zone at the same moment was applied instead. We
did not screen the anomalously low values, and the uncertainty was believed to be insigniﬁcant since the damage to vegetation occurs only at
high O3 concentrations. We performed Kriging interpolation on the
hourly O3 concentrations to obtain the spatial pattern of the O3 concentration across the YRD region during the growing season.
2.6. Experiment description
We designed a series of WRF-MEGAN-CMAQ simulations to examine the sensitivities of BVOCs emissions and simulated O3 concentrations to EFs, land cover and O3 exposure, and to evaluate the
contributions of biogenic sources to the O3 concentrations. Table 1

Table 1
Summary of BVOC emission estimation cases in this study. Case 1 is the base case, and
Cases 1 and 2 were used to explore the impact of O3 stress. Cases 1 and 3 were used to investigate the impact of emission factors, and the inﬂuence of land cover was studied by
Cases 1, 4, and 5. The contribution of BVOCs to O3 was explored by Cases 2 and 6. T and
F represent w/ and w/o the consideration of the factor, respectively.
Case

Research period (month)

Case 1
Case 2
Case 3
Case 4
Case 5
Case 6

January, April, July, October
Januaryb, April, July, October
July
July
July
July

EF

a
b

AVOCsa

BVOCs conﬁguration
PFT

LOCAL
MULTI
LOCAL
MULTI
GLOBAL MULTI
LOCAL
CCI
LOCAL
MODIS
BVOCs removed

For the air quality modeling with CMAQ.
The same as Case 1.

O3 stress
F
T
F
F
F

T
T
T
T
T
T
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summarizes the cases we applied. Without consideration of the inﬂuence of O3 exposure on the BVOCs emissions, Case 1 is set as the baseline
BVOCs emission case, applying local EFs and the integrated MULTI land
cover dataset. The results of Cases 1 and 2 are compared to evaluate the
impact of O3 stress on ISOP emissions. January, April, July and October
were selected as the representative months for the four seasons. As
the vegetation growing period lasts from April to September in YRD,
no extra effect of O3 exposure was expected on BVOCs emissions for January resulting in the same emissions in Cases 1 and 2 for the month. We
further selected July and set Cases 3–5 to evaluate the impacts of the EF
and land cover data selection on BVOCs emission estimation, as no seasonal variation was assumed for the above two factors. The comparison
between Cases 1 and 3 revealed the inﬂuence of EFs on BVOCs emission,
and that among Cases 1, 4 and 5 revealed the inﬂuence of various land
cover datasets. We further ran CMAQ by separately applying the
BVOCs emission estimations of Cases 1–5, and the inﬂuences of the various inputs of BVOCs emissions on the O3 simulations could be investigated. Moreover, we performed Case 6 in which the BVOCs emissions
were removed, and the difference in simulated O3 between Cases 2
and 6 indicated the contribution of BVOCs emissions to O3 formation.
July was selected for CMAQ modeling, as summer suffered the heaviest
O3 pollution in the YRD region (Wang et al., 2017). Furthermore, the uncertainty of BVOCs emissions was estimated to play a greater role on O3
simulation in summer than in other seasons (Lou et al., 2010).

3. Results and discussions

5

in this study due to a lack of data, thus the effects of O3 on ISOP were
not considered for PFTs other than deciduous broadleaf trees.
We eliminated the anomalously high values of deciduous broadleaf
trees by generating a boxplot and performed a linear regression on
the remaining data. The remaining data points in Fig. 1b show that RE
is larger than 1 with AOT40 below 5 ppm h and smaller than 1 with
AOT40 above 5 ppm h. This pattern suggested that low O3 exposure
can slightly stimulate ISOP emissions, while ISOP would be inhibited
as O3 accumulates. In general, there is a strong negative correlation between RE and AOT40 (P b 0.01), indicating that the ISOP emission rate of
deciduous broadleaf trees would decline under long-term O3 exposure.
Compared to this work, another study Yuan et al. (2017) also suggested
a negative response of ISOP emissions to O3 exposure, with a larger declining rate (a slope of −0.02). The main reason is that only the most O3sensitive species, Poplar, was included in the regression model in that
work.
The physiological and biochemical mechanisms of the effect of O3 on
ISOP have been investigated in a few studies. Yuan et al. (2016) assumed that the damage to photosynthesis from O3 exposure would result in an increase in intercellular CO2 and would elevate the
consumption of phosphoenolpyruvate necessary for ISOP generation,
leading to a reduced ISOP emission rate. Calfapietra et al. (2007)
found that reduced ISOP emissions may result from the inhibition of
the expression and activity of protein synthesis. Consistent with these
ﬁndings, our regression suggested that ISOP emission decreased linearly
with elevated O3 exposure overall, despite a limited growth with increased O3 exposure at a low AOT40 that may be caused by an oxygenated defense mechanism (Spinelli et al., 2011).

3.1. Inhibition effect of O3 on the ISOP emissions
3.1.1. The exposure-response function
The correlation between the relative emission rate of ISOP (RE) and
AOT40 was analyzed for all 93 data pairs. Fig. 1a shows the relationships
between RE and AOT40 by species, including Quercus, Sphagnum moss,
Pine, Poplar, and Ginkgo. The RE for Pine, Ginkgo, and Sphagnum moss
are larger than 1, indicating that O3 exposure would elevate the ISOP
emission rates of those species. However, most of the RE for Poplar
and Quercus are smaller than 1, suggesting that their ISOP emissions
were more likely to be inhibited by O3 exposure. The average RE is calculated at 0.957, and there is no correlation between RE and AOT40 for
the whole dataset (P N .05), largely resulting from four data points with
RE above 2.5. In addition, very large discrepancies existed in the relationships by species (Fig. 1a). Given the diverse responses of the species
to O3, we developed regression models for different PFTs. We chose the
data for Poplar, Quercus and Ginkgo to establish the exposure-response
function between RE and AOT40 for deciduous broadleaf trees. The
exposure-response function for the other PFTs could not be developed

3.1.2. Reduced ISOP emissions due to O3 exposure
Applying the Kriging interpolation function, we obtained the
gridded O3 concentration distribution across the YRD based on the observation data mentioned in Section 2.5. Fig. 2 in the supplement presents the time series of the diurnal average O3 concentration and
exposure dose (AOT40) across the YRD region during the growing season in 2015. The high O3 concentrations over 40 ppb occurred mostly in
May, June, and September but less often in July and August. AOT40
slowly increased as O3 accumulated throughout the growing season,
peaking at 14 ppm h at the end. The temporal variation in O3 concentration resulted mainly from the changes in meteorology. The growth in O3
concentration from April to June was attributed partly to the elevated
temperature and solar radiation. Remarkably, the O3 concentration
slightly declined in the warmer months of July and August, and it
could be related to the increased rainfall. Regarding the spatial distribution, as shown in Fig. S3 in the supplement, higher O3 concentrations
were found in the eastern YRD region and lower concentrations in the
west, generally consistent with the spatial patterns of the industry and

Fig. 1. The correlation between response values (RE) and AOT40 by species (a), and the linear relationship between RE and AOT40 in deciduous broadleaf tree (b). RE is reported as of
control (treatment/control).

6

Y. Wang et al. / Science of the Total Environment 727 (2020) 138703

Fig. 2. Diurnal O3 concentration and exposure dose (AOT40) during the growing season (April–September) in 2015 in the YRD region.

economy in the region. The O3 concentrations were higher in the economically developed cities, including Shanghai, Nanjing, Hangzhou, Suzhou, Wuxi, and Ningbo, indicating that the urbanization and
industrialization of the YRD city cluster played an important role on enhancement of the O3 concentration. In the west YRD (particularly southern Anhui), the O3 concentrations were relatively low because of the
slower industrial development and limited emissions of O3 precursors.
In addition, the spatial pattern of O3 varied by season. In spring (April
and May), high-O3 areas occurred across the eastern YRD region.
These areas gradually shrank eastward in summer (June, July, and August) and then expanded again in autumn (September).
Table 2 summarizes the ISOP emissions by month and province in
Case 1 and the relative changes in emissions in Case 2 that incorporated
the O3 exposure-response function and the actual AOT40 in the YRD region. The ISOP emissions in the YRD region were calculated at 8.6, 85.3,
341.7 and 82.6 Gg in January, April, July and October in Case 1, respectively. The O3 exposure was estimated to reduce the ISOP emissions in
the region by 1.0, 10.8 and 3.0 Gg in April, July and October in Case 2, accounting for 1.2%, 3.1% and 3.6% of the emissions without O3 stress (Case
1), respectively. The accumulation of O3 over time exaggerated the inhibition of the ISOP emissions. However, such inhibition slowed down as
time went on because O3 concentrations above 40 ppb occurred more
frequently in spring than summer.
By comparing Cases 1 and 2, Fig. 3 illustrates the spatial patterns of
the ISOP emission reduction due to O3 exposure in different seasons.
The O3-ISOP effect in Case 2 mainly resulted in ISOP emission reduction
in the central and northern YRD regions, with especially large impact on
certain cities along the Yangtze River including Nanjing, Wuxi and Suzhou in Jiangsu Province, Chuzhou and Ma'anshan in Anhui Province,
Huzhou and Jiaxing in Zhejiang Province, and Shanghai. The reduction
rates of the ISOP emissions are summarized by city in Table S5 in the
supplement and most of the reduction occurred in Jiangsu and Shanghai
(Table 2). The largest reduction was found in Suzhou, with the ISOP
emissions reduced by 10%, 25% and 39% in April, July and October,

respectively. The main inﬂuential factors of the ISOP emission reduction
included the area fraction of deciduous broadleaf forest and O3 exposure
level. There was a relatively large fraction of the deciduous broadleaf
forest area and high AOT40 in southern Jiangsu, and a signiﬁcant reduction in ISOP emissions was estimated for the region in Case 2 compared
to Case 1. Despite the more densely distributed deciduous broadleaf forests in western and southern Anhui Province, the reduction in ISOP
emissions was relatively small, attributed mainly to the lower O3 exposure level in these regions, as shown in Table 2. The O3 exposure level
was thus expected to have a greater impact on the ISOP emissions compared to the distribution of the deciduous broadleaf forest area across
the YRD region.
3.2. Impact of the input data on BVOCs emissions
3.2.1. Discrepancies in the EFs and PFTs between various datasets
Combining the local emission measurements and the spatial distribution of plant species, we developed a set of local EFs of ISOP for the
YRD region. Table 3 compares the EFs of ISOP applied in this study
with global ones. In general, the local EFs are signiﬁcantly smaller for
needle trees, shrubs and grasslands and much larger for broadleaf
trees and crop. The substantial discrepencies between the global and
local EFs could result both from the various emission rates measured
for speciﬁc plant species and the different species compositions for
given PFT. For example, larger emission rate was measured for Chinese
bamboos than the global average that hardly included the measurement
from China (Li, 2015). Besides, abundant Phyllostachys pubescens forest
(33% of broadleaf tree, as shown in Table S3) with relatively larger emission rate compared to other broadleaf tree species was found in the YRD
region, elevating the EF for the PFT of broadleaf tree.
Regarding the land cover distribution, Fig. S4 in the supplement illustrates the area fractions of six land cover types in CCI, MULTI and
MODIS. Similar spatial patterns with different densities for the forests
were found in the YRD region among the three datasets. CCI had similar

Table 2
The ISOP emissions in Case 1 and the reduction rates of ISOP emissions due to O3 exposure (i.e., (Case 1-Case 2)/Case 1 × 100%) by month and province in the YRD region. The area fractions
of deciduous broadleaf tree and AOT40 are provided for reference.

Jiangsu
Shanghai
Anhui
Zhejiang
YRD

Deciduous
broadleaf
tree (%)

January1

April

ISOP
(Gg)

ISOP
(Gg)

AOT40
(ppm h)

Reduction
rate
(%)

ISOP
(Gg)

AOT40
(ppm h)

Reduction
rate
(%)

ISOP
(Gg)

AOT40
(ppm h)

Reduction
rate
(%)

2.1
0.7
6.7
4.8
4.7

0.1
0.0
1.3
7.2
8.6

1.8
0.0
16.6
66.9
85.3

1.1
1.3
0.2
1.2
0.8

9.8
5.4
2.0
0.8
1.2

9.6
0.3
73.1
258.6
341.7

14.2
17.8
3.4
11.2
9.0

19.8
14.0
6.1
1.7
3.2

1.8
0.1
16.2
64.5
82.6

21.3
30.0
4.8
19.0
14.2

27.2
23.4
6.4
2.2
3.6

July

Note: there was no ISOP reduction in Case 2 for January, since January was within the growing season.

October
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Fig. 3. The spatial distribution of ISOP reduction rate due to O3 exposure (i.e., (Case 1- Case 2)/Case 1) in the YRD region in (a) April, (b) July, and (c) October 2015. The solid blue line
represents the Yangtze River, and the red dots represent the city cluster along the Yangtze River.

fractions of broadleaf and needle trees, but the fraction of needle trees
was larger than that of broadleaf trees in the southern YRD region. According to the forest resource survey of Zhejiang Province (Zhejiang
Forestry Administration, http://www.zjly.gov.cn/), however, the broadleaf forest area exceeded that of needle forest in 2015. The result indicates that CCI may underestimate the broadleaf forest fraction (the
main source of ISOP) in the YRD region, leading to underestimation of
the ISOP emissions. In contrast, the fraction of broadleaf tree in MODIS
was much larger than that of needle trees and was the largest among
the three datasets. MODIS deﬁned trees with a canopy higher than
2 m and a tree coverage larger than 10% as broadleaf trees. This criterion
was looser than other land cover classiﬁcations that required tree coverage from 15% to 40% (Poulter et al., 2015), and it led to a larger fraction
of broadleaf trees in MODIS. In contrast to the other two datasets, needle
trees were concentrated in the central YRD in MODIS. The spatial distributions of shrubs and grasses vary among the three datasets as well.
However, their inﬂuence on ISOP emission estimation may be limited
due to their relatively low ISOP emission rates and small area fractions.
Compared to MULTI, the cropland fractions were larger and the city and
countryside land fractions were smaller in the two satellite datasets. The
overestimation of croplands in the satellite products resulted possibly
from the high mixing of croplands with other land use types, and complicated land cover features could not be fully captured by satellites due
to sensor detection limit.
The area fractions of the land use types in the three land datasets are
summarized in Table 3, and the discrepancies in the distribution of
broadleaf trees (8%–30%) and croplands (32%–61%) were more
Table 3
The global and local ISOP emission factors (μg m−2 h−1) and the area fractions in the three
land cover datasets across the YRD region by land cover type.
EF

Needleleaf tree
Broadleaf tree
Shrub
Grass
Crop

Land cover

Guenther et al.
(Global)

This study
(YRD)

CCI

MULTI

MODIS

600
10,000
4000
800
1

27
16,619
1180
70
40

9.7%
8.3%
5.2%
6.0%
60.5%

4.0%
22.6%
2.8%
3.1%
51.6%

8.4%
30.3%
0.0%
2.0%
32.2%

signiﬁcant. The fraction of broadleaf forests was the largest in MODIS
and the smallest in CCI, while the opposite pattern was found for croplands. The discrepancy in the distribution of broadleaf trees with high
emission rates could have a greater impact on ISOP emission estimation,
while the inﬂuence of croplands with low ISOP emission rates could be
relatively weak. The proportion of needle trees in MULTI is smaller than
those in CCI and MODIS. Shrubs and grasslands both had similar and relatively small fractions in the three datasets.
3.2.2. Sensitivity of the BVOCs emissions to the EFs and land cover
Table 4 summarizes the simulated emissions of BVOCs and ISOP and
the relative changes in Cases 3–5 to Case 1 for July 2015. The BVOCs and
ISOP emissions for July were estimated at 584 and 342 Gg, respectively,
across the YRD region in Case 1. As shown in Fig. 4a, most of ISOP emissions were concentrated in the southern YRD region and the mountain
areas in western Anhui due to the abundant forests, intense sunlight
and high temperatures. The estimated BVOCs and ISOP emissions with
global EFs (Case 3) were 21% and 37% smaller than those with local
EFs (Case 1) respectively. As the YRD is covered mostly by broadleaf
trees and crops with local EFs that are larger than the global ones
(Table 3), the ISOP emissions declined all over the YRD region when applying global EFs, especially in the southern YRD (Fig. 4b). However, in
certain northern regions dominated by shrubs, grasses and needle
trees, elevated emissions were observed with larger EFs in global level
in Case 3. The discrepancies in EFs not only led to various estimates of
the total BVOCs emissions but also signiﬁcantly changed the mass fractions of the chemical species in the emissions. Fig. S5 in the supplement
shows that the fraction of ISOP was greatly reduced from 59% to 47% in
Table 4
The estimation of BVOCs and ISOP emissions in different cases across the YRD region in
July 2015.

BVOCs (Gg)
ISOP (Gg)
BVOCs relative
ISOP relative

Case 1

Case 3

Case 4

Case 5

583.6
341.7
–
–

458.5
216.5
78.6%
63.4%

384.0
131.5
65.8%
38.5%

868.9
567.0
148.9%
166.0%

Note: BVOCs relative and ISOP relative mean the ratios of BVOCs and ISOP emissions in Cases 3,
4, and 5 relative to Case 1, respectively.
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Fig. 4. The spatial distribution of (a) ISOP emissions in Case 1, and emission differences between (b) Cases 3 and 1, (c) Cases 4 and 1, and (d) Case 5 and 1 in July 2015.

Case 3, attributed to the global EFs of the ISOP source (e.g., broadleaf
trees) that are smaller than the local ones.
Compared to the EFs, the vegetation distribution had a greater impact on the quantiﬁcation and spatial distribution of the ISOP emissions.
According to Cases 4 and 5, the results based on CCI may underestimate
the ISOP emissions by 61%, while those based on MODIS may overestimate the emissions by 66% in the YRD (Table 4). Attributed to the various monitoring methods and classiﬁcation systems, the fractions of
certain PFTs were signiﬁcantly different among the three datasets, particularly for broadleaf forests and crop (Fig. S4 and Table 3), and the discrepancy in broadleaf forest distribution would inﬂuence ISOP emission
estimation more notably due to its larger EFs compared to the other
PFTs. As a result of the smaller area fraction of broadleaf tree in CCI compared to those in MULTI, application of CCI underestimated the ISOP
emissions mainly in the southern YRD but overestimated the emissions
in certain forest areas in Anhui Province (Fig. 4c). In contrast, application of MODIS overestimated the ISOP emissions in most of the YRD region (Fig. 4d), as the distribution of broadleaf tree in MODIS was
relatively extensive. In the northern YRD, adopting MODIS data
underestimated the ISOP emissions, as there were few broadleaf trees

in MODIS but some in MULTI. Compared to the broadleaf tree, the difference in crop distribution had less inﬂuence on ISOP emission estimation
due to its smaller EF. Smaller differences were found for the emission estimations of MON and SQT with the three datasets. Compared to MULTI,
application of CCI underestimated MON and SQT by 8% and 11%, while
MODIS overestimated them by 66% and 61%, respectively. As illustrated
in Fig. S6a in the supplement, the underestimation of MON by CCI occurred mainly in central YRD where less needle trees with relatively
large MON EFs were suggested by CCI than MULTI. Similarly, the overestimation of MON by MODIS occurred in areas with more needle trees
than MULTI, especially in southern Anhui and western Jiangsu
(Fig. S6d). The changes in SQT emissions were fewer (Fig. S6b and e),
due to the smaller EF for each PFT. For other VOCs species, the estimations of CCI and MODIS were respectively 7% and 16% larger than that
of MULTI (Fig. S6c and f), attributed mainly to the overestimation of
crop in northern YRD. The various land cover data led to discrepancy
in the speciation of the BVOCs emissions, especially for ISOP, as shown
in Fig. S7 in the supplement. Similar to that of the broadleaf trees, the
fraction of ISOP to total BVOCs was the largest in MODIS (65%) and
the smallest in CCI (34%). The fractions of MON and SQT did not change

Fig. 5. The contribution of BVOCs to (a) 1h_average, (b) MDA1 and (c) MDA8 in July 2015 across the YRD region.
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signiﬁcantly due to their relatively small emission amount, while that of
other VOCs presented an opposite pattern to ISOP, i.e., the largest in CCI
(55%) and smallest in MODIS (26%).
3.3. Impact of the BVOCs on the O3 simulations
3.3.1. The contributions of BVOCs to O3 formation
As illustrated in Fig. S8 in the supplement, the total BVOCs emissions
for January, April, July and October 2015 were calculated at 909.3 Gg in
Case 2 for the YRD region, while the corresponding AVOC emissions
were estimated at 2190.8 Gg in MEIC. The BVOCs emissions were abundant in the southern YRD such as Zhejiang due to the dense forests and
favorable climates in the area, while larger AVOCs emissions were found
in Jiangsu with the intensive reﬁneries and chemical engineering industries (Zhao et al., 2017). Affected by meteorological factors and leaf
physiological conditions, the BVOCs presented seasonal variations
with the highest emissions in July (63%), followed by those in April
(18%) and October (17%) and the lowest in January (2%).
As described in Section 2.6, the difference in simulated O3 concentrations between Cases 2 and 6 represented the contribution of BVOCs to
O3 formation. Fig. 5 illustrates the spatial patterns of the BVOCs contributions to the monthly average values of 1 h mean (1h_average), the
maximum daily 1-h (MDA1), and the maximum daily 8-h (MDA8) O3
concentration. The areas with high BVOCs contributions were found in
eastern and north-central YRD, and these areas did not agree well
with the areas with high BVOCs emissions, e.g., the southern YRD region, as shown in Fig. S9a in the Supplement. With a strong chemical reactivity, BVOCs usually react shortly after they are released, thus their
effect on O3 formation would depend more on local sources. In addition,
the spatial difference in the contributions of BVOCs to O3 formation
could be closely related to precursor emissions and relative levels of
the non-methane hydrocarbons to NOX in the atmosphere in various regions. By comparing the spatial distributions of the BVOCs contributions
(Fig. 5) and NOX emissions (Fig. S9b), we found that the areas with large
BVOCs contributions to O3 formation were close to those with abundant
NOX emissions. Pearson correlation analysis suggested that the two sets
of data were signiﬁcantly correlated in the spatial distribution
(P b 0.001), indicating that the BVOCs contribution to O3 formation
was restricted by NOx emissions rather than BVOCs themselves. Jin
and Holloway (2015) indicated that the eastern and north-central
YRD were mostly VOC-limited or mixed areas for O3 formation,
i.e., the O3 generation was more sensitive to VOCs (including BVOCs).
Therefore, controlling the BVOCs emissions in areas with abundant
NOX emission would be helpful in mitigating O3 pollution. In contrast,
the BVOCs emissions in certain forestlands reduced O3 formation in
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southern Zhejiang. This might be because there were limited NOX emissions in the region, and a large amount of ISOP emissions were oxidized
through the considerable consumption of O3.
Across the YRD region, BVOCs contributed more to MDA1 (12%) and
MDA8 (11%), but less to 1h_average (10%). The difference in BVOCs contributions to the three O3 indices could be partly due to the combined
effects of the varied diurnal meteorological conditions and pollutant
emission levels. Fig. 6 shows the diurnal variations in the BVOCs contributions in the different provinces and the NOX emission rates across the
YRD. The NOx emissions were distributed in a pattern with two peaks at
9:00 AM and 7:00 PM and both peaks were caused by the large amount
of vehicles during the daily trafﬁc rush hours. The contributions of
BVOCs to O3 formation increased rapidly from 6:00 AM, reached a
peak at noon (10:00 AM-3:00 PM) and decreased rapidly at dusk
(6:00 PM). With the elevated solar radiation, NOX was strongly involved
in photochemical reactions with atmospheric oxidants and decreased in
the afternoon. In contrast, the BVOCs emissions would be elevated with
increased light and temperatures. After 6:00 AM, the BVOCs emissions
increased and reacted with NOx to gradually form O3. In general, a
large contribution of BVOCs was found for all regions at noon with
high O3 concentrations, thus BVOCs would contribute more to the extremely high concentrations (MDA1 and MDA8) than the average
(1h_average).
The bias in the estimation of BVOC contribution to O3 formation
should be noted. As the O3 formation is a strong nonlinear process, removing one source to determine its contribution (the so-called Bruteforce method) resulted in potentially high uncertainty. The results
should thus be interpreted cautiously. This work implied that BVOCs
had a signiﬁcant impact on the spatial and temporal distributions of
O3 formation. O3 pollution episodes with extremely high concentrations
were likely to occur in regions with abundant NOx emissions. Therefore,
BVOCs emission abatement needs to be considered in those regions to
reduce the risk of O3 formation on human health and the ecosystem.
For example, tree species adjustment could be a feasible way to mitigate
BVOCs emissions. Changing a certain fraction of species with large ISOP
EFs such as Poplar and Quercus to the combination of low-emitting species like Castanopsis and Salix was expected to be helpful for limiting the
ISOP ﬂuxes (Ren et al., 2017).
3.3.2. Sensitivity of the O3 simulations to the BVOCs emissions
The spatial distribution of difference in simulated O3 concentrations
between Cases 1 and 2 in July 2015 is shown in Fig. S10 in the supplement. Compared to Case 2, ISOP inhibition caused by the actual O3 exposure in Case 1 resulted in slight reduction in O3 simulation (−1.9%~
+0.07% by grid) across the YRD region. The spatial pattern of O3

Fig. 6. Diurnal variations of BVOCs contribution to O3 formation (μg/m3) by province and that of NOX emissions (%) in the YRD region in July 2015.
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Fig. 7. The spatial distribution of difference of O3 concentrations (1h_average) between (a) Cases 3 and 1, (b) Cases 4 and 1, and (c) Cases 5 and 1 in July 2015 (unit: %).

reduction was similar to that of ISOP reduction (Fig. 3b), i.e., more signiﬁcant in the central and northern YRD regions where ISOP contributed more to O3 (Fig. 5a). In recent years, O3 production have
increased in urban areas of YRD region signiﬁcantly because of the increased VOC emissions, decreased NOx emissions and reduced ambient
PM2.5 levels. However, the O3 enhancement caused by anthropogenic
activities might be partly weakened through the restrained biogenic
ISOP emissions by O3 exposure.
Fig. 7 illustrates the spatial patterns of the differences in the simulated O3 concentrations relative to the Case 1 for Cases 3–5 for July
2015. By comparing Case 1 and 3, the discrepancy between the global
and local EFs eventually led to a difference in the O3 simulation results
of 3% (−12.7%~+3.9% by grid) across the YRD region. A larger reduction
in O3 concentrations was found in the eastern and central YRD, especially in Shanghai at 6% (Fig. 7a). Although the BVOCs emissions decreased more with global EFs in the southern YRD (Fig. 3b), the O3
changes due to EFs were mainly found in the eastern and northcentral YRD, consistent with the distribution of the BVOCs contributions
to O3 formation (Fig. 5). This is mainly because the contribution of
BVOCs to O3 formation was more related to NOX emissions than to the
BVOCs themselves, as discussed in Section 3.3.1. Therefore, the large
BVOCs reduction in the southern YRD did not cause dramatic changes
in O3 formation, while a relatively small reduction in the eastern YRD
would lead to stronger O3 changes. The reduction in BVOCs in the southwestern areas resulted in slightly enhanced O3 levels, possibly because a
large amount of the ISOP emissions was consumed to deplete O3.
Similar spatial distributions were found for the impacts of different
land cover inputs on O3 simulations, as shown in Fig. 7b and c. Across
the whole YRD region, the 1h_averages of CCI and MODIS differed by
3% and 5%, respectively, from that of MULTI. The spatial distributions
of the differences were also consistent with those of the BVOCs contributions to O3 formation, which was mainly in the plains of the lower
reaches of the Yangtze River. The ISOP underestimation by CCI in the
eastern YRD led to decreased O3, while the overestimation by MODIS
in the central and east regions led to increased O3. Compared to CCI,
the difference in simulated O3 concentrations caused by MODIS was
more signiﬁcant because the application of MODIS data resulted in a
greater extent and a wider range of overestimation in the ISOP emissions. Fig. S11 in the supplement shows the hourly averaged O3 concentrations from observation and simulations with the above three cases, as
well as Case 6 in which BVOCs were removed. Overestimation can be
found for all the cases including Case 6 without BVOCs emissions. As
most of the YRD region was VOC-limited for O3 formation, revising the
BVOC emissions alone could not improve the model performance. Further efforts were thus recommended to identify the crucial factors on

O3 simulation (e.g., the NOX and AVOCs emissions and meteorology)
and to improve the model performance.
4. Conclusions
To examine the effect of O3 stress on ISOP emissions, we developed
an O3 exposure-ISOP response function through meta-analysis. Incorporating the O3-ISOP effect for deciduous broadleaf tree into MEGAN, the
ISOP emissions were calculated during the growing season of 2015
across the YRD region. Different EF databases and land cover datasets
were developed and adopted to investigate the sensitivities of the simulated BVOCs emissions and O3 concentrations to the input variables.
We found that the ISOP emissions would be restrained with increased
O3 exposure in the central and lower plains of the Yangtze River during
the growing season, and a maximum reduction was found for the city of
Suzhou. The application of global default EFs led to a 47% underestimation in the ISOP emissions, and the land cover inputs, with various locations and amounts of broadleaf trees, had a larger impact on the
emission estimation and spatial distribution of ISOP. Affected by the anthropogenic NOX, a greater contribution to O3 formation was found for
BVOCs in the eastern and north-central YRD compared to the south,
and the slight change in BVOCs emission with different input variables
resulted in considerable variation in O3 simulation. In contrast, there
was limited change in O3 simulation in the southern YRD even with noticeable difference in the BVOC emissions. Additionally, due to the diurnal variations in emissions and meteorology, the BVOCs contributed
more to the extremely high O3 concentrations than the average. Therefore, the BVOC emissions should be better considered in future air quality prediction studies.
This study considers the O3-ISOP effect for deciduous broadleaf trees
in BVOC estimations across the YRD region. Due to insufﬁcient results
from O3-plant fumigation experiments, however, we could not quantify
the feedback effects for other plant types and VOC species other than
ISOP. More O3 fumigation experiments are recommended for further
improvement of the exposure-response function. In addition, uncertainty existed in the O3 exposure estimation with the Kriging interpolation, due mainly to the limited coverage of ground monitoring sites.
Multi-source data fusion, including air quality modeling, satellite retrievals and ground observations, is suggested to improve O3 exposure
estimation and thereby BVOC emission estimation in the future.
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