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Estimating emissions of biogenic volatile organic
compounds from urban green spaces and their
contributions to secondary pollutiony

Jinlong Ma,? Shuai Wang,® GuoChao Chen,? Shenggiang Zhu,? Peng Wang,”
Jianmin Chen ®? and Hongliang Zhang & *a<d

The role of biogenic emissions in forming ozone (Oz) and secondary organic aerosol (SOA) is increasingly
important with decreasing anthropogenic emissions in China. However, biogenic volatile organic
compounds (BVOCs) from urban green spaces are often neglected mainly because available land cover
datasets do not reflect the distribution and density of vegetation in urban areas. In this study, urban
BVOC emissions in Beijing at 1 km spatial resolution are estimated based on Google Earth Engine and
a high-resolution land cover dataset and then used for air quality simulation in the summer of 2017. The
updated urban BVOC emissions show better agreement with observed isoprene emission fluxes than
other inventories. Air quality simulation shows that the contribution of urban BVOCs to the maximum
daily averaged 8 h Oz in Beijing typically exceeds 5 ppb with the maximum value of 8 ppb. Although
BVOC emissions are higher in rural areas than urban areas, their contributions to Oz concentrations are
lower in rural regions. In contrast, the mean concentrations of biogenic SOA (BSOA) in urban areas (1.44
ng m~3) are 17% lower than in rural areas. Compared to other inventories, the average difference in
BSOA concentrations in urban areas reached 0.18 ng m~>, and the relative changes in ISOA, MSOA, and
SSOA were 14.3%, 17.7%, and 32.6%, respectively. This study emphasizes the importance of considering
BVOC emissions from urban green spaces in understanding urban atmospheric chemistry. The
methodology used to update urban green spaces in this study is equally applicable to other cities.

Urban vegetation is an important part of the city and directly affects urban air quality. This study assesses the impact of vegetation emissions on urban air

quality by using a 1 km spatial resolution of the biogenic volatile organic compound (BVOC) emission inventory. The findings show that ozone formed by BVOCs

in Beijing urban areas typically exceeds 5 ppb with the maximum value of 8 ppb, which is higher than in rural areas. This study emphasizes the importance of

considering BVOC emissions from urban green spaces in understanding urban atmospheric chemistry.

1 Introduction

due to their high reactivity.>* They can undergo reactions with
oxidants in the atmosphere, such as ozone (O;), hydroxyl radi-

Biogenic volatile organic compounds (BVOCs) are widely
recognized as a group of critical chemical species emitted by the
terrestrial ecosystem into the atmosphere,* and they account for
90% of VOC emissions globally.** BVOC emissions are mainly
derived from plants and influence atmospheric composition
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cals (OH), and nitrate radicals (NO;), leading to the formation of
proxy radicals and other chemical species.’

BVOC emissions can be estimated with models, including
the Model of Emissions of Gases and Aerosols from Nature
(MEGAN), the European Biogenic Emission Model (BEM), the
Global Biosphere Emissions and Interactions System (GloBEIS),
etc.>® While models provide a quantitative framework for
studying BVOC emissions, bias exists between model estimates
and observations,”*® and uncertainties in land data are one of
the important contributors to this bias.*>*> These uncertainties
arise from vegetation classification, foliar biomass, vegetation
distribution, emission rates of vegetation, etc.* Urban vegeta-
tion is a significant contributor to the underestimation of
BVOCs. Although several land datasets with different spatial
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resolutions are available to use as model inputs,*** it is still
challenging to characterize vegetation in urban areas.*®

Urban vegetation plays a significant role in shaping the
urban environment and its BVOC emissions exhibit a strong
correlation with the atmospheric conditions over urban
areas."”*® Although the emission of BVOCs from urban areas is
less than that from natural environments, BVOCs in cities can
directly react with anthropogenic sources, particularly with
nitrogen oxides (NO,)." Studies also demonstrate that BVOCs
impact surface O; by reacting with OH, particularly in urban
areas dominated by VOC-limited regimes, where VOC emissions
are constrained while NO, is abundant.*®*® Gao et al.*® discov-
ered that the contribution of BVOC emissions to O3 production
is twice as efficient in urban areas as in rural areas. Moreover,
the higher urban temperature induced by urban heat islands
will further increase the impact of BVOC emissions on O; in the
urban atmosphere.** In addition to O3, BVOC emissions emitted
by urban vegetation play an important role in the formation of
secondary organic aerosol (SOA) in urban areas and over one
quarter of SOA concentrations were derived from biogenic SOA
formed by BVOCs in most cities.>***

Beijing, the capital city of China, is one of the biggest and
most developed cities in China. Over the past 30 years, Beijing's
urban area has expanded rapidly, increasing by 72.6%
compared to 1992.”>** The continuous expansion of the urban
area and the growth of people's demand for an ecological
environment have led to a considerable increase in urban green
space. Presently, urban green spaces of Beijing account for
49.77% of the urban area, an increase of 120% compared with
2002.>* Expanding urban green spaces significantly elevates
BVOC emissions and contributes to the formation of more
secondary air pollutants.”* These pollutants, in turn, are
significant contributors to the air pollution in Beijing, especially
the summer 03.”** In summer, high temperatures and intense
solar radiation enhance photochemical reactions, resulting in
ozone episodes in Beijing.>*** However, the lack of information
on urban vegetation will affect the estimation of BVOCs and
thus the prediction of air pollution.'® Therefore, developing
a high spatial resolution inventory of urban BVOC emissions in
Beijing is vital.

In this study, a new method was introduced to determine the
spatial distribution and area of urban vegetation. Using this
method, an urban BVOC emission inventory in Beijing, called
FROM-GLC10-U, was developed based on a 10 meter resolution
land cover map (FROM-GLC10) and was evaluated with obser-
vations.** For comparison with FROM-GLC10-U, several BVOC
emission inventories developed from commonly used land data
were used. In addition, the BVOC emissions in the urban area of
Beijing during the summertime and their contribution to air
pollutants were determined.

2 Methodology

2.1 Data description

For estimating the BVOC emissions using the MEGAN model, it
is necessary to determine the distribution and density of vege-
tation in land cover datasets.”® Table S1t lists the satellite
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datasets used in this study. The Global LAnd Surface Satellite
(GLASS) LAI product is developed based on the Moderate
Resolution Imaging Spectroradiometer (MODIS) surface reflec-
tance data, with the 500 meter spatial resolution and the 8-day
temporal resolution.**** A previous study indicated that the
uncertainty of the GLASS LAI products is lower than that of the
MOD15A2H product,* which is widely used, and therefore the
GLASS is used as the LAI product in simulations.

Furthermore, four land cover datasets were used as the
model inputs to estimate the BVOC emissions, including the
Copernicus Climate Change (C3S) land cover product,* the
MODIS MCD12Q1 land cover product,®” the CGLS land cover
product,® and the FROM-GLC10 product.*” The spatial resolu-
tions of these four land cover satellite products are 300, 500,
100, and 10 m, respectively. The FROM-GLC10 land cover
images were developed based on FROM-GLC30, using 10 meter
resolution Sentinel-2 images as well as Google Earth Engine.
Compared to FROM-GLC30 and CGLS, FROM-GLC10 offers
higher spatial resolution, allowing for better determination of
various vegetation types and their distributions.**** Therefore,
FROM-GLC10 was selected as the base map for developing the
new urban green map. Since FROM-GLC10 is only available for
2017, the base year for these products is 2017. Before being
input to the model, the land cover data and the LAI data were
pre-processed to the plant function types (PFTs) and the leaf
area index of vegetation-covered surfaces (LAIv).” A detailed
description of the pre-processed method of land data was
described in Ma et al.*® and Wang et al.** In addition, FROM-
GLC10 has a generalized land type classification, considering
only forest, grassland, cropland, etc., and thus the vegetation
types for FROM-GLC10 were first reassigned to match that of the
MCD12Q1 product as described in Ma et al.'® before being pre-
processed into PFTs.

Vegetations were grouped into five major land cover types:
needleleaf trees, broadleaf trees, shrubs, grass, and crops,
based on PFTs used in the MEGAN model. The data on the tree
and the shrub areas in Beijing were from the Beijing Municipal
Forestry and Parks Bureau (BJ-MFPB) (available at https://
yllhj.beijing.gov.cn/zwgk/tjxx/, last access: 10 January 2024),
and the ratio between conifers and broadleaf trees were
obtained to the data from the 7th national forest resource
inventory.” In addition to tree and shrub areas, the areas of
the grass and the crop were also collected, which is from the
Beijing  Statistical = Yearbook (available at  https://
tjj.beijing.gov.cn/tjsj_31433/, last access: 12 January 2024).
The total area of vegetation is similar for all four land cover
products, but all are lower than the official data. The FROM-
GLC10 dataset shows the highest area in broadleaf trees and
the lowest area in conifers. This is because all forest types are
uniformly categorized as forests in the FROM-GLC10 dataset,
and according to the allocation rules described in Ma et al.,*
if the grid in the FROM-GLC10 dataset was classified as
a “forest” and the corresponding grid in the MCD12Q1
dataset is a conifer, that grid in the FROM-GLC10 dataset is
assigned as a conifer. However, if the corresponding grid in
the MCD12Q1 dataset is not a tree, the “forest” is categorized
as the “broadleaf tree” in the FROM-GLC10 dataset.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Consequently, the relatively smaller area of conifer in the
FROM-GLC10 dataset can be attributed to the smaller area of
conifer in the MCD12Q1 dataset.

Isoprene flux was measured hourly in June 2017 (up to the
25th) using a proton transfer reaction-time-of-flight mass
spectrometer (PTR-ToF-MS) at the Institute of Atmospheric
Physics (IAP) in the urban central of Beijing with a height of 102
m (39.97°N, 116.37°E).> The concentrations of isoprene were
measured in the same place and the same period using a dual-
channel gas chromatograph with flame ionization detection
(DC-GC-FID).**

2.2 Determination of urban green spaces

To identify the urban green spaces, the initial step is to deter-
mine the urban areas. This was achieved using the ‘urban and
built-up land’ classification in the MCD12Q1 dataset as the
basis for identifying urban areas. The boundaries of these
identified urban areas were then projected onto other land
cover datasets to ensure consistency and accuracy. Vegetation
within the urban boundaries is recognized as the urban green
space, as shown in Fig. 1. In the MCD12Q1 dataset, the coverage
of urban green spaces is relatively lower compared to other
datasets, particularly in the urban center, where vegetation
cover is reported to be zero. The FROM-GLC10 dataset, on the
other hand, indicates a relatively high percentage of urban
green spaces, with vegetation cover exceeding 30% in most
urban areas. Despite the higher spatial resolution and urban
tree coverage in the CGLS dataset compared to the C3S dataset
(Table S37), the proportion of urban green space in the CGLS
dataset is lower than that in the C3S dataset (Table S47). This
discrepancy is likely due to the underestimation of grass areas
in urban settings. Additionally, while the FROM-GLC10 dataset
reports a higher total area of urban green spaces than official
data, the area of urban trees it identifies is only half of that

(a) , (b)

(c) , (d)

%
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Fig. 1 Fractions of urban green spaces in Beijing from different land
cover datasets ((a) C3S, (b) CGLS, (c) MCD12Q1, and (d) FROM-GLC10);
the red line is the urban boundary. Percentage of vegetation in Beijing
rural areas is not shown.
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reported in the official data. Generally, these land cover datasets
all underestimate the area of urban trees.

Subsequently, based on the urban boundaries, urban green
spaces within the boundaries were identified through the high-
resolution historical satellite images from Google Earth Pro and
added to the PFT map converted by FROM-GLC10 to create the
new PFT map. Google Earth Pro provides publicly available
historical satellite imagery with a top-down perspective and
allows users to zoom in and out of the imagery to show detailed
features such as park trees, street trees, and residential trees.
The detailed procedure for determining urban green spaces is
shown below and Fig. 2 shows the work frame.

First, lines (named “polygons” in Google Earth Pro) are used
to determine the boundary of urban green spaces and then
marks are added to record the latitude and longitude of the
polygon. After identifying all urban green spaces, save the file as
a “.kmz” file and import it into ArcGIS to calculate the area of
each polygon. Second, based on the domain in the model setup,
the coordinate information for each polygon is converted from
latitude and longitude to grid coordinates, representing the
position of each polygon in the simulation region. Their areas
are summed up if the polygons belong to the same grid. It
should be noted that detailed information on the tree type is
hard to recognize using this method. Therefore, the ratio of the
needleleaf tree and the broadleaf tree within the urban area is
also obtained from the 7th National Forest Resource Inven-
tory.* Last, the area of each vegetation type within a grid was
converted to a fraction based on the area of the grid and then
allocated to the same grid coordinates as that in the model
domain to generate a new PFT map, which is named FROM-
GLC10-U. Fig. 2 shows that the urban green fraction of the
FROM-GLC10-U dataset exceeds 10% in most areas and reaches
up to 30% in Chaoyang and Haidian Districts. Although the
urban green spaces in the FROM-GLC10 dataset are higher than
that in the FROM-GLC10-U dataset, the areas of urban trees are
lower than in the FROM-GLC10-U dataset (Tables S3 and S47).
In addition to the urban green spaces, the vegetation distrib-
uted outside the urban area in FROM-GLC10-U is adjusted
based on the official data and the vegetation distribution in the
FROM-GLC10 dataset, while the vegetation beyond the Beijing
areas remains the same as in the FROM-GLC10 dataset.

2.3 Model description and application

The Community Multiscale Air Quality (CMAQ) model (v5.0.1),
developed by the United States Environmental Protection
Agency (US EPA), was configured to predict the air quality in this
study.** The updated Statewide Air Pollution Research Center-11
(SAPRC-11) gas phase mechanism, which represents chemical
reactions between atmospheric compositions in the gas phase,
was applied in the model to determine SOA concentrations
derived from isoprene, monoterpene and sesquiterpene,
respectively.*** A summary of the modified SAPRC-11 mecha-
nism is presented below and a complete description is provided
in Ying et al.*® A more detailed isoprene oxidation scheme has
been added to the modified SAPRC-11 mechanism, initially
described by Lin et al.** and Xie et al.*® This scheme considers
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Fig.2 Work frame of obtaining the urban vegetation region in the satellite image and inputting into the model. The right image is the fraction of
urban green spaces in the FROM-GLC10-U dataset. Percentage of vegetation in Beijing rural areas is not shown.

the formation of IEPOX and MAE, suggested by Paulot et al.*
and Lin et al,* as well as more a detailed description of
isoprene nitrate chemistry. Moreover, by using the method of
tagging a precursor, the modified SAPRC-11 mechanism was
further expanded to track six groups of precursors: (1) aromatics
with OH reaction rates less than 2 x 10* ppm™" min~" (ARO1),
(2) aromatics with OH reaction rates greater than 2 x 10*
ppm ' min~! (ARO2), (3) isoprene (ISOP), (4) monoterpenes
(TERP), (5) sesquiterpenes (SESQ), and (6) all other primary VOC
precursors and direct emissions of GLY and MGLY.

The concentrations of O; and SOA and the source contri-
bution from BVOC emissions for summer 2017 in Beijing were
determined by implementing the modified CMAQ model.
Higher resolution CTM studies can simulate more accurate
meteorology, emissions and pollutant concentrations,**>* and
therefore the model simulations were conducted in four nested
domains with spatial resolutions of 36 km, 12 km, 4 km, and 1
km (Fig. S1 in the ESIY). The first 5 days of each simulation are
used as spin-up and excluded from the analysis. The

meteorological condition input for the CMAQ model was
generated by utilizing the Weather Research and Forecasting
(WRF) model v3.6.1 based on boundary and initial data from
the National Centers for Environmental Prediction (NCEP) Final
(FNL) Operational Model Global Tropospheric Analyses dataset.
The WRF model used the same configuration as in previous
studies and the physical options used in the model are listed in
Table S2.1'%°%%* The anthropogenic emissions of China in 2017
were adjusted based on the Multi-resolution Emission Inven-
tory for China (MEIC) according to the description by Zheng
et al.>® and have been used in the previous study.”* Meanwhile,
the emissions from other countries were provided by the
Emissions Database for Global Atmospheric Research (EDGAR)
v4.3. MEGAN v2.1 was used to estimate biogenic emissions
based on land datasets described in Section 2.1.

The simulation schemes are presented in Table 1. B1 to B5
use five different land cover datasets and the GLASS LAI dataset
as the MEGANv2.1 inputs to estimate BVOC emissions from
Beijing during the summer of 2017. It should be noted that the

Table 1 Simulation schemes with different land covers and leaf area indices (LAls)

BVOCs

Case Land cover LAI Meteorological condition Air pollutants Description

B1 C3S GLASS WRF CMAQ Simulated with the C3S dataset and the
GLASS dataset

B2 CGLS Simulated with the CGLS dataset and the
GLASS dataset

B3 MCD12Q1 Simulated with the MCD12Q1 dataset
and the GLASS dataset

B4 FROM-GLC10 Simulated with the FROM-GLC10 dataset
and the GLASS dataset

B5 FROM-GLC10-U Simulated with the FROM-GLC10-U

132 | Environ. Sci.: Atmos., 2025, 5, 129-141
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Table 2 Simulation designed to investigate the impact of biogenic emissions on Beijing air quality

Simulation Description

B4 Full chemistry with anthropogenic and biogenic emissions with the FROM-GLC10 land cover dataset
B5 Same as B4 but with the biogenic emissions based on the FROM-GLC10-U land cover dataset

B4-NB Same as B4 but without biogenic emissions in China

B4-BJNB Same as B4 but without biogenic emissions in Beijing

B4-BJUNB Same as B4 but without biogenic emissions in urban areas of Beijing

simulations are based on consistent meteorological data
provided by the WRF model. With the exception of the BVOC
emission, the other emission sources and settings were kept
consistent in the simulation.

Since urban air quality can be improved by controlling the
precursors of pollutants, and this approach only works for
urban anthropogenic rather than urban biogenic emissions, it
becomes important to understand how urban biogenic emis-
sions contribute to air quality. Except for the CMAQ simulations
with the biogenic inventory based on B4 and B5, three parallel
CMAQ simulations with a horizontal resolution of 1 km are
performed to investigate further impacts of BVOC emissions on
O; and SOA in Beijing. The further sets of simulations are
summarized in Table 2. Given that evaluation of isoprene
emissions and concentrations simulated based on the FROM-
GLC10 dataset is superior to other land cover datasets in this
study, only BVOC emissions simulated with the FROM-GLC10
and FROM-GLC10-U datasets are used for parallel CMAQ
simulations.

3 Results and discussion
3.1 Model performance

The WRF model simulations were evaluated by comparing the
predicted temperature at 2 m (T2) above the surface, relative
humidity (RH) at 2 m above the surface, wind speed (WS), and
wind direction (WD) at 10 m above the surface with the obser-
vation data from National Climate Data Center (ftp://
ftp.ncdc.noaa.gov/pub/data/noaa/).  The  equations  of
indicators are listed in Table S5 and validation results are
shown in Table S6.f The model slightly overestimated the T2
with q mean bias (MB) value of 1.1 and a gross error (GE)
value of 2.2, similar to previous studies."*** The MB and GE
value of WS met the benchmarks, while the prediction of RH
was lower than the observation, which was comparable with
those in previous studies.***® Generally, the WRF model
performed well, and predicted meteorological conditions are
acceptable as inputs for the CMAQ model.

The CMAQ performance was validated using the observation
data from the National Air Quality Monitoring Network (http://
www.cneme.cn/), as shown in Table S7.1 The model predicted
the O; concentrations in Beijing well, with a mean normalized
bias (MNB) value of 0.11, which met the EPA benchmark.””
Although the O; prediction is slightly higher than the
observation, it is comparable to that in previous studies.®***
Meanwhile, the mean fractional bias (MFB) value and mean
fractional error (MFE) value of PM, s were within the criteria

© 2025 The Author(s). Published by the Royal Society of Chemistry

of 0.6 and 0.75, respectively. Overall, the CMAQ model
accurately simulated the concentrations of air pollutants
during the study periods.

3.2 BVOC emissions in Beijing

Fig. 3 shows the spatial variations of BVOC emissions in
different cases in the Beijing region, including urban and rural
areas. These cases show that BVOC emissions in Beijing are
similarly distributed spatially and are mainly concentrated in
the northern part of the city. The monoterpene and sesquiter-
pene emissions in most areas of Beijing are within the range of
0.1-0.5 mg m > h ™" and 0.02-0.06 mg m > h™", which are close
to the results in Wang et al.** Previous studies have proven that
trees and shrubs show high emission potentials in BVOC
emissions, especially isoprene, while crops and grasses are
generally considered to have low isoprene emissions.” Due to
the high distribution of trees in the CGLS dataset, isoprene
emissions from B2 are the highest among the three scenarios,
which are 88.5% and 47.2% higher than that from the
MCD12Q1 dataset and the C3S dataset, respectively (Table S87).
Besides the satellite datasets, Table S8t also presents the official
statistics of vegetation areas in Beijing. Compared with the
other two land cover datasets, the tree areas in the CGLS data
are closer to the official data, indicating that the accuracy of the
CGLS dataset in identifying trees is higher. Although the total
vegetation area of these land cover data is comparable to that in
Beijing, the vegetation area of the C3S dataset and the
MCD12Q1 data is mainly distributed in grass and crops.

After adjusting the vegetation area in Beijing based on the
land cover dataset FROM-GLC10 and the official data, the BVOC
emissions in B5 are slightly higher than B4 in most areas but are
lower than B4 to the west of Beijing. Although the official
statistics on the area of broadleaf forests is less than the area in
the FROM-GLC10 dataset, the two are comparable in terms of
the area of trees, and the official statistics on shrublands are
higher than in the FROM-GLC10 dataset, thus leading to the
higher BVOC emissions in B5 than in B4 (Table S87).

Typically, the vegetation density in rural areas is higher than
in urban areas, leading to greater BVOC emissions in rural
regions. However, the urban heat island effect increases VOC
emissions in urban areas, especially for isoprene.* In the urban
areas of Beijing, BVOC emissions are generally underestimated
due to missing or insufficient information on vegetation
coverage. As shown in Fig. 3, the MCD12Q1 dataset significantly
underestimates the spatial distribution of urban green spaces
in Beijing compared to other land cover datasets. The isoprene
emissions in both B2 and B3 are below 0.4 mg m > h™" in the
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Fig. 3 Spatial distributions of main biogenic VOC species (isoprene, monoterpene and sesquiterpene) in Beijing (unit: mg m™2 h~

urban areas of Beijing, while in B5, isoprene emissions exceed
0.8 mg m > h™' (Fig. 3). Compared with B4, BVOC emissions
from urban green spaces are higher in B5, especially in
Chaoyang and Haidian districts. Here, the variation in isoprene
emissions reaches up to 0.8 mg m > h™". This is due to the
urban tree coverage in these two areas being updated through
Google Earth, which increased vegetation cover by 434.6% and
90.7% (Table S37). Although the areas of urban green spaces in
B4 are higher than in 5, most of them are grass with low BVOC
emission potentials (Table S41).
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1).

BVOCs emitted by urban green spaces in Beijing are listed in
Table 3. The total amount of BVOC emissions ranges from 2.40
to 13.40 Gg in the urban area of Beijing, with the highest in B5
and the lowest in B3. Isoprene emission is the dominant
contributor to total BVOC emissions except B3, mainly due to
the higher area fraction of crops in the MCD12Q1 product,
which results in higher OVOC emissions. The total BVOC
emissions in the urban areas based on the FROM-GLC10 data-
set are 67.9%, 89.9% and 251.3% higher than those of the CGLS
dataset, the C3S dataset, and the MCD12Q1 dataset primarily

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 3 BVOC emissions (Gg) from urban green spaces in different
cases in Beijing

B1 B2 B3 B4 B5
Isoprene 1.86 2.33 0.98 4.94 9.05
Monoterpenes 0.26 0.44 0.13 0.45 1.16
Sesquiterpenes 0.06 0.08 0.03 0.09 0.21
OVOCs 2.27 2.17 1.27 2.94 2.97
Total 4.44 5.02 2.40 8.43 13.40

due to the higher urban tree covers. Interestingly, the area of
urban trees increases with increasing spatial resolution of the
land cover data, which is more in line with the official data
(Table S57), suggesting that improving spatial resolution of the
land data is necessary. With updating based on official data, the
FROM-GLC10-U dataset shows a lower urban green area than
the FROM-GLC10 dataset, but more urban tree area in Beijing is
identified through Google Earth in the FROM-GLC10-U dataset,
resulting in 59% higher urban BVOC emissions for B5 than B4.

The urban BVOC emissions based on FROM-GLC10 and
FROM-GLC10-U were compared with those in previous studies,
as shown in Table 4. The estimated BVOC emissions in this
study are generally within the ranges. The isoprene, mono-
terpene, and sesquiterpene emissions estimated based on
FROM-GLC10 and the GLASS product were lower than those
reported by Li et al.® This is likely because Li et al.*® improved
on the LAI dataset that previously underestimated the LAI in the
urban green space. Ghirardo et al.®* estimated urban BVOC
emissions in Beijing and showed that emissions of BVOCs in
urban areas doubled in the five years from 2005 to 2010 because
of increased urban greening. The difference in BVOC emissions
between this study and Ghirardo et al.®* is also mainly induced
by the increase in the urban green space, which was increased
by 33.2% from 2010 to 2017 in Beijing, according to the data
recorded in the BJ-MFPB. Ren et al.*® used a field survey with 282
sample plots to obtain the city-level vegetation inventory, which
is different from the inventory by marking vegetation positions
based on satellite imagery. Although field surveys could accu-
rately identify the type and area of vegetation within a given
area, the limited scope of the study is likely to underestimate
urban green space, leading to an underestimation of BVOC
emissions.

View Article Online
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3.3 Evaluation of isoprene emissions and concentrations

Fig. 4a compares observed (red points) and simulated (colored
lines) isoprene emissions over urban Beijing during June 2017.
Although there is only one observation point available during
the study period, a large amount of observed isoprene emis-
sions in this site came from the urban park due to the influence
of summer wind. Therefore, the observations in this site can be
used to represent the isoprene emissions emitted by the
biogenic source.® Under the same meteorological conditions, all
cases show a similar changing trend to the observations. Due to
the differences in vegetation distributions, the quantity of
isoprene emissions among scenarios varies B5 > B4 > B1 > B2.
The mean fractional bias (MFB) and mean fractional error
(MFE) between different cases and observations are listed in
Table S9.1 B3 shows no isoprene emissions in this location. The
MFB and MFE values of B4 are —0.52 and 1.40, lower than those
of B1 and B2. This indicates that B4 estimates BVOC emissions
in Beijing urban areas more accurately than Bl and B2,
although they all underestimate isoprene emissions. After
updating the urban green spaces in Beijing using Google Earth,
the isoprene emissions have nearly doubled in B5 compared to
B4. Meanwhile, the simulation also shows a clear improvement
and the MFB and the MFE values of B5 are reduced to —0.21 and
1.37, respectively. However, the simulation of B5 slightly over-
estimates the isoprene emissions. This is likely because some of
the flux of isoprene may not be captured at the height of the 102
m, and this loss was not corrected in the study.®

In addition to the time series of isoprene emissions, the
simulated and observed isoprene concentrations during June
are evaluated and shown in Fig. S2.T The correction coefficient
of B3 simulated with the MCD12Q1 dataset is almost zero due to
the lack of information on urban green space in Beijing,
resulting in zero isoprene emissions simulated at this site.
Although the correction coefficients of B1 (0.59) and B4 (0.61)
show a good correlation with the observations, the fitted line is
sloped toward the axis on the side of the observations, indi-
cating that the simulation underestimates the isoprene
concentrations. By updating the urban tree information in
Beijing using Google Earth Pro, the correction coefficient of
isoprene concentrations between the simulations (B5) and
observations increases to 0.7 (Fig. 4b), suggesting that accu-
rately identifying the area of urban green areas not only

Table 4 Comparison of estimated BVOC emissions from urban green spaces in Beijing (unit: Gg)

References Year LAI PFT Isoprene  Monoterpenes Sesquiterpenes Total BVOCs
Ghirardo et al.®' 2005 — Tree inventory of 2005  2.62 0.38 0.34 4.82
Ghirardo et al®* 2010 — Tree inventory of 2010  5.26 0.85 0.88 10.31
Ren et al.*® 2015 The 2nd-7th national forest  Field survey and the 3.70 0.75 0.03 5.00
resource inventory 8th national forest
resource inventory
Liet al.®® 2019 MOD15 FROM-GLC10 5.10 1.40 0.10 7.40
Liet al® 2019  Calculated based FROM-GLC10 4.25 1.20 0.08 6.24
on Sentinel-2 data
This study 2017  GLASS FROM-GLC10 4.94 0.45 0.09 8.43
This study 2017 GLASS FROM-GLC10-U 9.05 1.16 0.21 13.40

© 2025 The Author(s). Published by the Royal Society of Chemistry
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simulations in the IAP; the unit is nmol m~2 s, (b) Evaluation of isoprene concentrations of B5 of observations and the simulations during June

1-25, 2017; R? is the correction coefficient; the unit is ppb.

improves the accuracy of the biogenic inventory but also better
simulates isoprene concentrations in the atmosphere.

3.4 Contributions of BVOC emissions to O; and SOA

Fig. 5 presents the maximum daily averaged 8 h (MDAS) O;
concentrations formed by BVOC emissions in the urban and
rural areas of Beijing, which are calculated by the B4 case minus
the B4-BJUNB case and the B4-BJUNB case minus the B4-BJNB
case, respectively. The MDA8 O; is mainly concentrated in
Chaoyang and Haidian districts, consistent with the description
provided by Li et al.®® High concentrations of MDAS8 O; in Bei-
jing urban areas typically exceed 5 ppb with the maximum value

of 8 ppb due to the combined effect of urban green spaces and
meteorological conditions. The higher temperature due to
urban heat islands with lower humidity, as shown in Fig. S4,f
makes urban areas hotter and drier, leading to more BVOC
emissions and increasing ozone production.’ Meanwhile, the
urban area is full of anthropogenic emissions is the VOC-
limited regime, where VOC is limited, but NO, emissions are
already high, so increased BVOC emissions greatly impact O;
formation.® Fig. 5b indicates that in B5, the contribution of
urban BVOCs to the MDA8 O; in Beijing is higher than in B4.
The difference in biogenic ozone concentration between B5 and
B4 in urban areas of Beijing exceeds 1.2 ppb. This increase is
primarily due to the updated urban green spaces in B5, which

4
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Fig. 5 The contributions of BVOC emissions to MDA8 Oz concentrations from (a) urban green spaces and (c) rural vegetations in Beijing. The
differences in contributions to MDA8 O3 formed by (b) urban green spaces and (d) rural vegetations between the B5 case and the B4 case (B5-

B4); the unit is ppb.
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led to an approximately 40% increase in BVOC emissions. As
a result, the O; concentration in urban areas increased by an
average of 14.3%.

In addition to O; formed by urban BVOC emissions, Fig. 5c¢
highlights the contribution of rural BVOC emissions to MDA8
O; concentrations in Beijing. The highest MDA8 O; concentra-
tions, approximately 4 ppb, are observed in the northwest of
Beijing, a region located downwind of the urban core, as illus-
trated by the wind direction in Fig. 5a. This downwind transport
effect suggests that urban ozone precursors are carried to
surrounding rural areas, elevating O; concentrations even
where local emissions are relatively low. Comparing urban and
rural areas, BVOC emissions are substantially higher in rural
regions due to dense vegetation coverage, as shown in Fig. 3.
However, the contribution of these rural BVOC emissions to O;
concentrations is limited; this lower impact is largely due to the
scarcity of NO, in rural areas.® The contribution of urban
vegetation to ozone in rural areas is close to that of the coun-
tryside itself, while the contribution of rural vegetation to ozone
in urban areas is only about 1/4 that of the urban. Fig. 5d
indicates the difference between the contribution from rural
BVOC emissions to MDAS8 O; concentrations in B5 and B4. The
BVOC emissions in B5 contribute more MDA8 O; concentra-
tions than in B4, with the differences primarily concentrated
north of Beijing. However, this difference is slight, within 0.5
ppb, due to the relatively small variation in BVOC emissions in
the rural areas of Beijing.

Fig. S31 presents the regional SOA concentrations formed by
BVOC emissions (BSOA), including the contribution of BSOA
concentrations from both inside and outside Beijing. The
simulated BSOA concentrations are higher in northwestern
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Beijing, where the contributions exceed 5.6 pg m >, and lower
in southeastern Beijing. The spatial distribution of BSOA in
Beijing shows an increasing trend from southeast to northwest.
This phenomenon is likely due to the higher density of vege-
tation in the northwest, which produces more BVOC emissions.
Meanwhile, anthropogenic emissions from the urban core of
Beijing are transported to the northwest by the summer
monsoon (Fig. S41), interacting with biogenic emissions and
increasing oxidants, thereby enhancing BSOA formation in
northwestern Beijing. Fig. S3b{ shows the fractional contribu-
tion of BVOC emissions to SOA from the vegetation out of the
Beijing areas, which usually contributes more than 25%. In the
high vegetation density areas, the contribution rate to BSOA
concentrations of regional transportation exceeds 35% and
even reaches 40%, while in the southeastern part of Beijing,
which is a flat terrain with highly distributed crops, the regional
transportation contributes less than 30%.

To investigate the impact of urban BVOC emissions on the
SOA, the spatial distribution of BSOA concentrations formed
from urban green spaces in Beijing is shown in Fig. 6a. The
mean concentrations of BSOA during the simulation period are
1.44 pg m™? in the urban area. High BSOA concentrations are
observed in central and southeastern Beijing, particularly in the
core urban areas such as Dongcheng, Xicheng, and Haidian
districts, with levels exceeding 1.8 g m™>. High temperatures
in the urban areas have an enhanced effect on BSOA by
promoting BVOC emissions.'® According to studies on the BSOA
compositions, the mean concentrations of isoprene-derived
SOA (ISOA), monoterpene-derived SOA (MSOA), and
sesquiterpene-derived SOA (SSOA) in urban area of Beijing are
0.64 pg m™> 029 pug m > and 0.13 pg m °. The ISOA
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(a) The contributions to SOA concentrations formed by BVOC emissions (BSOA) from urban green spaces and (b) the difference between

the B5 case and the B4 case (B5-B4). (c) The contributions to BSOA concentrations from rural vegetation and (d) the difference between the B5

case and the B4 case; the unit is pg m—>.
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concentrations account for approximately 46% of BSOA from
urban green spaces. This great contribution is attributed to the
high density of broadleaf trees in urban areas with high
isoprene emission rates (Fig. S51). MSOA concentrations are
lower compared to ISOA possibly due to the mediation of SO,
and NO, emitted by anthropogenic sources.*

Fig. 6b shows the difference in BSOA concentrations between
the B5 case and the B4 case after updating the information on
the urban green space in Beijing. The average difference in
BSOA concentrations in urban areas reached 0.18 pg m™>
(10.6%), with the relative changes in ISOA, MSOA, and SSOA
being 14.3%, 17.7%, and 32.6%, respectively. In the core urban
areas of Beijing, such as Chaoyang and Haidian districts, peak
differences in BSOA concentrations coincide with the distribu-
tion of high BVOC emissions. The average difference in BSOA
concentrations in Chaoyang and Haidian districts is consistent,
at 0.27 ug m 3, with ISOA, MSOA, and SSOA contributing 45.8%,
24.3%, and 19.2%, respectively.

In addition to BSOA formed from the urban green spaces, the
vegetation distributed in rural areas of Beijing also contributed
significantly to the formation of SOA, as shown in Fig. 6¢ and d.
In urban areas, BSOA concentrations are generally lower, reach-
ing up to about 2.0 ug m™® (Fig. 6a), whereas rural areas,
particularly the northwest region such as Huairou district,
exhibit peak BSOA concentrations reaching 4.8 pg m . This
urban-rural disparity is partly due to the higher BVOC emissions
from rural vegetation (see Fig. 3), enhancing BSOA formation in
these regions. The contribution of rural vegetation to SOA
concentration in urban areas is 1.2 times that of urban green
spaces, which indicates that rural vegetation contributes more to
SOA concentration in Beijing than urban green spaces. This is
primarily due to the large increase in oxidants (OH and O;)
facilitated by urban NO, emissions.® Without the urban NO,, the
background NO, emissions are mainly from soil microbial
processes, which are much lower. Consequently, there is less
production of OH and Os, which leads to a reduced formation of
BVOCs and SOA. Moreover, isoprene can be oxidized to form SOA
via the isoprene epoxydiol pathway when the NO, levels are low,
which is higher than the SOA concentrations formed via the
hydroxymethyl-a-lactone or 2-methyloxirane-2-carboxylic acid
pathway when NO, levels are high.*

4 Conclusions

In this study, we developed a new BVOC emission inventory
with 1 km resolution by updating the spatial distribution and
area of urban vegetation in Beijing, which were in turn
compared with widely used BVOC emission inventories to
assess its accuracy. Besides, the effects of BVOC emissions from
urban green spaces on surface O; and SOA concentrations were
also determined. The FROM-GLC10 dataset, the MCD12Q1
dataset, the CGLS dataset and the C3S dataset were used as land
cover data input into MEGAN to generate BVOC emission
inventories, which has differences in vegetation distributions
and density in the urban area of Beijing. In the MCD12Q1
dataset, the coverage of urban green spaces is relatively lower
than in other datasets. Although the urban green spaces of
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Beijing exceed 30% in the FROM-GLC10 dataset, it is still lower
than the official data. The FROM-GLC10-U dataset updates the
distribution and density of vegetation in Beijing, which is closer
to the official data than the abovementioned land cover dataset.
According to model simulation, the accuracy of the simulated
isoprene emissions and concentrations in urban areas
improved significantly after updating the urban green space.

High concentrations of MDA8 O; in Beijing urban areas
typically exceed 5 ppb with the maximum of 8 ppb due to the
combined effect of urban green spaces and meteorological
conditions. In the rural area, the highest MDA8 O; concentra-
tions (~4 ppb) formed by BVOCs are observed northwest of
Beijing, attributed to its position downwind of the urban core.
Although BVOC emissions are higher in rural areas than urban
areas, their contribution to O; concentrations is lower in rural
regions. In addition to biogenic O3, SOA is another important
sink of BVOCs. The mean concentrations of BSOA are 1.44 pg
m ™~ in the urban area, while the rural vegetation contributed
more significantly to the SOA concentrations in the Beijing area,
1.2 times higher than that of urban green spaces.

Although high-resolution land cover datasets have
improved the study of BVOC emissions, they still underesti-
mate the distribution and density of vegetation in urban areas.
The methodology used in this study helps to improve infor-
mation on urban green spaces and is applicable to other areas.
Thus, future work will use this method to construct a BVOC
emission inventory of urban areas across China and deter-
mine the impacts on the urban atmospheric chemistry in
China. However, the accuracy of the BVOC emission inventory
could not be assessed due to the limitations of observations in
BVOC components. Therefore, building up the observation
database for BVOC components with field measurements is
necessary.
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