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Abstract. 11 

Biogenic volatile organic compounds (BVOCs) are important precursors of secondary organic aerosols and 12 

tropospheric ozone, yet their emissions are commonly modelled at the plant functional type (PFT) level, which 13 

obscures substantial interspecies variability. This limitation is particularly acute for China, where high forest 14 

diversity and ambitious afforestation initiatives are expected to reshape national BVOC budgets. Here, we 15 

present a species-explicit BVOC emissions inventory for China covering 234 tree species 16 

(https://doi.org/10.5281/zenodo.20396128, Liu et al., 2026). The inventory was developed within the Model of 17 

Emissions of Gases and Aerosols from Nature (MEGAN) v3.2 modeling framework, with refined inputs 18 

comprising species-specific emission factors and high-resolution forest composition data for China. Total forest 19 

BVOC emissions were estimated at 10.26 Tg in 2019, with summer emissions accounting for about 50% of the 20 

annual total and a clear decreasing gradient from southern to northern China. Emissions were highly concentrated 21 

among a limited number of species: the five largest contributors, Pinus massoniana, Quercus liaotungensis, 22 

Phyllostachys edulis, Cunninghamia lanceolata, and Quercus variabilis accounted for 41.7% of total emissions 23 

while occupying only 25.4% of forest area. At the compound-class level, Quercus liaotungensis dominated 24 

isoprene emissions, whereas Pinus massoniana was the leading contributor to monoterpene emissions. Applying 25 

this species-explicit framework to two future afforestation scenarios with identical planted areas but contrasting 26 

species composition, we found that BVOC emissions may increase by 4.65 Tg yr⁻¹ with the biomass-27 

maximization tree species and by 5.10 Tg yr⁻¹ under the most environmental-suitability species. The dominant 28 

compound class and species contributors differed markedly between scenarios, indicating that afforestation-29 

driven BVOC responses depend strongly on species selection. These results demonstrate the importance of 30 

incorporating species-specific emission traits BVOC models and suggest that future afforestation strategies 31 

could substantially reshape both the magnitude and chemical composition of biogenic emissions, with 32 

implications for atmospheric chemistry and air quality. 33 

1 Introduction 34 

Biogenic volatile organic compounds (BVOCs) comprise ~90% of atmospheric non-methane organic vapors and 35 

contribute ~1000 Tg of reactive carbon to the troposphere annually (Goldstein et al., 2007; Guenther et al., 2012), 36 

with forests accounting for the dominant share (~90%) of global emissions. After being released by plants, BVOCs 37 

undergo rapid atmospheric oxidation and substantially influence the formation of secondary organic aerosol (SOA) 38 

and tropospheric ozone (Zhu et al., 2025; Xu et al., 2025). BVOC-derived SOA scatters solar radiation and nucleates 39 

clouds, altering precipitation (Pöschl et al., 2010), and accounts for 15-80% of atmospheric fine particulate matter 40 

responsible for regional haze (Kenseth et al., 2023), while tropospheric ozone acts as both a photochemical pollutant 41 

and greenhouse gas (Stenke et al., 2020). These processes establish BVOC emissions as a natural linkage governing 42 

the interplay between ecosystems, air quality (Rissanen et al., 2025), and climate (Sanaei et al., 2023). Accurate 43 

quantification of BVOC emissions is therefore essential for understanding ecosystem–atmosphere interactions and for 44 

informing climate mitigation and air quality improvement strategies. 45 

BVOC emissions are regulated by interacting physiological and environmental processes (Bergman et al., 2025). 46 

These short-lived, highly reactive compounds, such as isoprene, monoterpenes, and sesquiterpenes, mediate interplant 47 
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communication while modulating stress responses (Yu et al., 2024), both critical to terrestrial ecosystem stability. 48 

Their biosynthesis depends on photosynthesis, which supplies carbon and energy substrates, while their release is 49 

mediated by stomatal conductance and other diffusion pathways (Niinemets et al., 2003; Zhang et al., 2025). These 50 

controls vary with intrinsic plant traits, including leaf age, species identity, and plant functional type, and respond 51 

strongly to environmental conditions such as light, temperature, humidity, atmospheric CO₂ concentration, and 52 

drought stress (Li et al., 2024). Emission rates increase non-linearly with light and temperature up to an optimum 53 

(~40°C), but decline under severe heat stress (Wang et al., 2024b). Elevated CO₂ tends to suppress isoprene emissions, 54 

partially offsetting the stimulatory influence of warming (Sahu et al., 2023). Drought further complicates emission 55 

responses: moderate water deficit may transiently enhance emissions by increasing leaf temperature, whereas 56 

prolonged or severe drought ultimately suppresses emissions through physiological stress (Wang et al., 2022). 57 

Current approaches to quantifying BVOC fluxes generally integrate vegetation-specific emission factors with 58 

environmental response algorithms, driven by land-cover and meteorological datasets (Guenther et al., 2012; Wang et 59 

al., 2016a). The Model of Emissions of Gases and Aerosols from Nature (MEGAN) stands as the most widely adopted 60 

framework, incorporating canopy-scale parameterizations and environmental activity factors related to radiation, 61 

temperature, CO₂ concentration, phenology and soil moisture (Guenther et al., 2012). Using such frameworks, 62 

previous researches have quantified the effects of climate change, rising CO2 drought and land-use change on BVOC 63 

emissions. For example, warming and enhanced radiation have increased global isoprene emissions by ~1% annually 64 

in recent decades (Opacka et al.,2021), whereas elevated CO₂ and drought have exerted suppressing effects (Wang et 65 

al., 2024a; Wang et al., 2022). Land-cover change has also altered global BVOC budgets, particularly through tropical 66 

deforestation associated reductions in isoprene emissions (Chen et al., 2018; Vella et al., 2025). 67 

Despite these advances, a central uncertainty in BVOCs modeling lies in the coarse representation of vegetation 68 

diversity (Wu et al., 2024). Due to differences in their physiological structures, each tree species exhibits inherent 69 

variations in physiological processes and photosynthetic capacity, leading to distinct differences in the composition 70 

and emission rates of BVOCs. Most emission inventories, including applications of MEGAN in China, represent 71 

vegetation at the PFT level, such as deciduous broadleaf forest, evergreen coniferous forest. Due to the lack of local 72 

input data at the tree species level in China, it is still unable to differentiate emissions at the species level, leading to 73 

substantial uncertainty in BVOC emissions estimates for China (Guenther et al., 2012). This approach assumes similar 74 

emission characteristics within each PFT and therefore cannot capture substantial interspecific differences in BVOC 75 

composition and emission rates. Field measurements show that species within the same PFT may exhibit sharply 76 

contrasting emission profiles. For instant, within temperate deciduous broadleaf trees, Lonicera maackii emits 77 

predominantly isoprene at a mean rate of 9.17 μg gdw⁻¹ h⁻¹, whereas Acer truncatum emits mainly monoterpenes (2.29 78 

μg gdw⁻¹ h⁻¹) with only marginal isoprene fluxes (0.05 μg gdw⁻¹ h⁻¹, Jing et al., 2020), although both may be assigned 79 

a uniform isoprene-dominated profile of 12 μg gdw⁻¹ h⁻¹ under a PFT-based scheme. Similarly, among temperate 80 

evergreen needleleaf species, Platycladus orientalis is characterized by strong monoterpene emissions (27.18 μg 81 

gdw⁻¹ h⁻¹) with minimal isoprene (1.60 μg gdw⁻¹ h⁻¹), while Taxus cuspidata emits primarily isoprene (5.86 μg gdw⁻¹ 82 

h⁻¹) with negligible monoterpenes (Jing et al., 2020). These discrepancies highlight PFT-based approaches may 83 

obscure species-level emission heterogeneity and contribute to substantial uncertainty in China’s BVOC emission 84 

inventories. 85 

This limitation is particularly consequential for China, where extensive forest cover, high tree diversity, and large-86 

scale afforestation may substantially reshape national BVOC emissions. China’s forests contain approximately 142.6 87 
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billion trees over 220 million hectares currently (based on Ninth National Forest Resource Inventory during 2009-88 

2013) (SFGA, 2020; Cheng et al., 2025), equivalent to 23% of its national territory. Driven by complex topography 89 

and climatic heterogeneity, this vast territory sustains 4,886 distinct tree species (BGCI, 2021), of which 234 dominant 90 

species accounting for more than 90% forest area. This combination of extensive forest distribution, heterogeneous 91 

species composition, and strong climatic gradients make China an important but uncertain source of BVOCs (Cao et 92 

al., 2022). Meanwhile, China has committed to expanding forestation (including afforestation and reforestation) as 93 

part of its pathway toward carbon neutrality by 2060 (Mallapaty, 2020; SFGA, 2016). Previous studies suggest that 94 

forestation and climate warming have already contributed to persistent rises in BVOC emissions in China and may 95 

further enhance future emissions under warming scenarios (Li et al., 2021; Wang et al., 2021; Liu et al., 2019). 96 

However, because existing estimates rarely resolve emissions at the species level, it remains unclear which tree species 97 

dominate current BVOC budgets and how alternative forestation species selection strategies may alter the magnitude, 98 

spatial distribution, and chemical composition of future emissions. 99 

Here, we developed a species-resolved BVOC emission inventory for 234 dominant tree species across China’s 100 

forests (https://doi.org/10.5281/zenodo.20396128, Liu et al., 2026). By moving beyond PFT-level representation, 101 

we quantified current forest BVOC emissions, identified dominant emitting species and compound classes, and 102 

evaluated emission changes under two forestation scenarios with identical planting areas but contrasting species 103 

compositions: a biomass-maximization scenario (BIO) and an environmental-suitability (SUIT) scenario (Xu et al., 104 

2023a). This framework allows us to disentangle the roles of species-specific emission capacity, forest distribution, 105 

and local climate in shaping national BVOC emissions, providing new insight into how afforestation choices may 106 

influence atmospheric chemistry and regional air quality. 107 

2 Methods 108 

2.1 MEGAN Model 109 

The Model of Emissions of Gases and Aerosols from Nature (MEGAN) is a mechanistic modeling framework 110 

designed to estimate the net emission of gases and aerosols from terrestrial ecosystems to atmosphere. It uses 111 

simplified mechanistic algorithms to represent the major known biological and environmental controls on biogenic 112 

emissions (Guenther et al., 2012). In this study, we applied MEGAN v3.2 to develop emission inventories of existing 113 

forests and future forestation-driven forest expansion in China (Guenther et al., 2020). 114 

MEGAN v3.2 consists of three major computational modules (https://doi.org/10.5281/zenodo.10526206, 115 

Guenther et al., 2024a). First, the preprocessor module reformats land-cover and meteorological data to generate 116 

environmental inputs for the simulation domain. Second, the emission factor processor module derives landscape-117 

averaged emission factors and light-dependent fractions through hierarchical integrating vegetation information. This 118 

processor combines three complementary datasets (https://doi.org/10.5281/zenodo.10939297, Guenther et al., 2024b): 119 

(1) vegetation growth-form datasets describing the spatial distribution of trees, shrubs, grasses, and crops; (2) ecotype 120 

classifications characterizing all emitting plant species and their proportional contributions within each grid cell; and 121 

(3) species-level emission factor libraries constrained by observation. This hierarchical approach enables MEGAN 122 

v3.2 to capture emission factor variability associated with differences in species composition, including among regions 123 

assigned to the same plant functional type. Third, the emission rate estimator module integrates the preprocessed 124 

environmental fields and emission factor distributions to compute gridded biogenic emission fluxes at each time step. 125 
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In the model, BVOC emissions are formulated as: 126 

 Emission = EF  EA ρ (1) 

where EF (mg m⁻² h⁻¹; from the emission factor processor module) represents the emission factor under standard 127 

environmental conditions (temperature = 30 ℃, photosynthetically active radiation = 1000 μmol m-2 s-1), 128 

characterizing the intrinsic emission capacity of vegetation. EA (from the emission rate estimator module) is a 129 

dimensionless emission activity factor that accounts for departures from standard conditions driven by meteorology 130 

and vegetation state. ρ  represents the production and consumption within the canopy. The emission factor is 131 

aggregated to the grid-cell level using the fractional coverage of different vegetation species: 132 

 EF = ∑ EFtree  ftree

  𝑎

𝑡𝑟𝑒𝑒=1
+ EFshrub fshrub+ EFgrass fgrass+ EFcrop fcrop

 (2) 

where EFtree , EFshrub , EFgrass , and EFcrop  denote the emission factors associated with different vegetation 133 

species, and f represents their fractional area coverage within each model grid cell. Besides, emission activity factors 134 

(EA) dynamically modulate the baseline emission potential in response to changing environmental conditions: 135 

 EAi = CCE  LAI  γP, i γT, i γA, i γSM, i γC, i 
  (3) 

where LAI is the leaf area index (m² m⁻²) and γ terms are dimensionless activity scalars that describe the 136 

sensitivity of BVOC emissions to environmental and physiological drivers. Specifically, γP accounts for the response 137 

to solar radiation, γT represents the temperature dependence of emissions, γA reflects the influence of leaf age, γSM 138 

captures soil moisture stress effects, and γC describes the response to atmospheric CO₂ concentration. The canopy 139 

environment coefficient (CCE) is assigned a value that results in γ = 1 for the standard conditions and is dependent on 140 

the canopy environment model being used. The detail introduction to MEGAN v3.2 refers to Guenther et al (2020). 141 

2.2 Enhanced local input for China 142 

To better represent the spatial heterogeneity of BVOCs emission potentials across China’s diverse forest 143 

ecosystems, we integrated tree species distribution data with the MEGAN framework. This enhancement was achieved 144 

through updates to four core components within the model (Fig. 1): dominant species-level forest distribution to 145 

characterize vegetation diversity (Sect. 2.2.1), a species-specific emission factor database to account for interspecific 146 

variability in emission potentials (Sect. 2.2.2), enhanced leaf area index (Sect. 2.2.3) and land cover (Sect. 2.2.4) 147 

datasets to better describe canopy structure and forest extent. 148 

2.2.1 Current tree species distribution 149 

Tree species distribution data were incorporated into Eq. (2) to determine the species composition within each 150 

model grid cell f
tree

, specifying the number of species occurring at the grid scale. These data are derived from a 151 

1:1,000,000 vector map of forest type distribution (http://www.doi.org/10.12041/geodata.43370179401687.ver1.db, 152 

Chen et al., 2020), based on the forest inventory conducted during 2013-2017 by the China Forest Vegetation Survey 153 

project of the Chinese Academy of Forestry Sciences, which provides one of the most comprehensive species-level 154 

forest distribution datasets currently available for China. With the previous national forest record dating back to 1997 155 

(Forest in China; Wu, 1997), this dataset is considered suited for characterizing forest conditions in our study. The 156 

original data were resampled to 1 km resolution to provide a spatial representation of ecotypes that replaces the plant 157 
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functional type classification in MEGAN (Fig. 1). Following Forest Resource Report of China (SFGA, 2020), forests 158 

in this study are defined as stands with canopy closure ≥ 0.2, which inherently excludes sparse woodlands and 159 

shrublands failing to meet the thresholds. The dataset encompasses 234 dominant taxa, covering 187 million hectares 160 

and accounting for 90% of the national forested area (SFGA, 2020). Among them, 225 taxa were resolved at the 161 

species level and ranked by individual contribution, whereas the remaining nine were assigned to aggregated 162 

functional-type classes to account for rare or taxonomically unresolved groups.  163 

The 225 species-level taxa span 113 genera, among which the five most species-rich genera are Pinus (19 species), 164 

Quercus (15 species), Populus (10 species), Castanopsis (9 species), and Phyllostachys (8 species). These genera 165 

belong to 47 families, with Pinaceae (42 species), Fagaceae (32 species), Poaceae (17 species), Rosaceae (12 species), 166 

and Salicaceae (12 species) being the five most extensively represented. In contrast, the standard MEGAN PFT 167 

scheme aggregates this taxonomic diversity into only eight PFTs: broadleaf evergreen tropical forest, broadleaf 168 

evergreen temperate forest, broadleaf deciduous tropical forest, broadleaf deciduous temperate forest, broadleaf 169 

deciduous boreal forest, needleleaf evergreen temperate forest, needleleaf evergreen boreal forest, and needleleaf 170 

deciduous boreal forest. 171 

Species-specific forested areas were computed through a systematic disaggregation procedure applied to the 172 

vector map (Fig. 1). All polygons were first classified as either pure stands, in which a single species accounts for the 173 

entire polygon area, or mixed stands, containing two or more co-dominant species. For pure-stand polygons, the full 174 

area was assigned directly to the dominant species (e.g., Quercus mongolica forest). In mixed-stand polygons, the 175 

total area was disaggregated among constituent species in equal proportions, that each of the 𝑛 species received 1/𝑛 176 

of the polygon area (e.g., a Quercus mongolica - Populus davidiana mixed forest polygon was split evenly, allocating 177 

50% of the area to each species). This equal-proportion assumption was applied across all mixed stands because 178 

species-level area ratios were not available at the grid scale. Following disaggregation, all records were aggregated by 179 

species name through a group-by summation to obtain each of the 234 dominant tree species area. After disaggregation, 180 

polygon-level records were aggregated by species name through a group-by summation to obtain each of the 234 181 

dominant tree species area. Thus, the area attributed to a given species represents both its full area in pure stands and 182 

its proportional area in mixed stands where it occurs as a co-dominant species. This species-level forest distribution 183 

inventory provides a spatially explicit basis for representing BVOC emission heterogeneity across China and enables 184 

more detailed emission estimates than conventional PFT-based classifications. 185 

2.2.2 Emission factor database 186 

We constructed a species-specific emission factor database through a comprehensive literature survey of field 187 

measurements and observational studies (Table C4). This database provides the EFtree parameter required in Eq. (2). 188 

Emission factors are calculated by normalizing BVOC emission rates with leaf area:  189 

 Emission Factor = K / MW / SLA (4) 

where K denotes the emission rate (μg gdw-1 h-1), MW represents the molecular weight (g mol-1), and SLA is 190 

the specific leaf area (cm2 gdw-1) obtained from the FloraVeg.EU database (www.floraveg.eu/; Chytrý et al., 2024), 191 

an online repository documenting biological traits, ecological indicator values, and distributional information for plant 192 

species. 193 

K values for the 234 tree species were derived from a comprehensive review of 184 peer-reviewed studies, 194 
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supplemented by Appendix 12 of Understanding i-Treea – a suite of computer software tools published by the United 195 

States Forest Service for assessing and quantifying urban forest resources (Nowak, 2024), as well as the default 196 

emission factor library embedded in MEGAN v3.2. These empirical K values are obtained through measurements 197 

conducted using dynamic chamber or static enclosure approaches, in which emitted BVOCs were collected onto 198 

automatic sampler and subsequently analyzed by gas chromatography-mass spectrometry (GC/MS). The majority of 199 

measurements were made under standardized conditions (temperature = 30 ℃, photosynthetically active radiation = 200 

1000 μmol m-2 s-1). When emission rates for certain species vary across multiple sources, we prioritized the most 201 

frequently reported value or calculated the arithmetic mean of all available data. For species lacking published 202 

emission measurements, we estimated emission factors through a principle of credibility based on classifications from 203 

the China Plant Science Data Center (www.plantplus.cn). This process involved assigning values from congeneric 204 

species within the same genus or moving to the family level when genus-level data were unavailable. This systematic 205 

prioritization ensured that the most representative and taxonomically relevant information was utilized for each species 206 

in the database. 207 

2.2.3 Leaf area index 208 

The preprocessor module quantifies the amount of foliage across the simulation domain, thereby providing the 209 

LAI inputs required in Eq. (3). We employed the MODIS global LAI product (MCD15A2H, 210 

https://doi.org/10.5067/MODIS/MCD15A2H.061, Myneni et al., 2021) which features a 500-meter spatial resolution 211 

and 8-day temporal resolution (Fig. 1). The 2019 LAI datasets were integrated into the MEGAN model to replace the 212 

default 2003 inputs. This enhancement ensures that the LAI data used in our simulations are both temporally relevant 213 

with tree species distribution and spatially representative of the study period. 214 

2.2.4 Land cover type 215 

In the preprocessor module, land cover data were processed to determine the fractional coverage of each plant 216 

growth form, including trees (f
tree

), shrubs (f
shrub

), grasses (f
grass

), and crops (f
crop

), as required in Eq. (2). In this study, 217 

land-cover inputs were updated using the MODIS Land Cover Type product at 500m resolution (MCD12Q1, 218 

https://doi.org/10.5067/MODIS/MCD12Q1.061, Friedl et al., 2022). Each MODIS land-cover class was mapped to 219 

one or more plant growth-form categories following the MEGAN default land-cover crosswalk of specified fractional 220 

contributions (Fig. 1). The five core forest classes (evergreen needleleaf, evergreen broadleaf, deciduous needleleaf, 221 

deciduous broadleaf, and mixed forest) were assigned entirely to tree cover. Woody savannas were apportioned as 60% 222 

tree, 20% grass, and 20% shrub cover, while savannas were split into 30% tree, 35% grass, and 35% shrub cover. 223 

Closed shrublands were assigned entirely to shrub cover, whereas open shrublands were comprised 60% shrub and 224 

40% grass cover. Natural vegetation mosaics were distributed equally across all four growth forms at 25% each. The 225 

fractional cover of each plant growth form within a coarse grid cell was then calculated by aggregating the weighted 226 

contributions of all relevant MODIS land-cover classes. Specifically, tree cover received contributions from the five 227 

core forest classes, woody savannas, savannas, and natural vegetation mosaics; grass and shrub cover were each 228 

aggregated from woody savannas, savannas, grasslands or shrublands, and natural vegetation mosaics; and crop cover 229 

was derived from croplands and natural vegetation mosaics. 230 
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 231 

Figure 1 | Schematic overview of enhanced local inputs for estimating BVOC emissions in China from existing forests and 232 

afforestation & reforestation scenarios using the MEGAN model. Red boxes highlight the four key local input enhancements: 233 

(1) Species map: refined tree species distribution maps capturing China’s vegetation diversity, Sect. 2.2.1; (2) EF dataset: a species-234 

specific emission factor database accounting for inter-specific variability in emission potentials, Sect. 2.2.2; (3) LAI: an enhanced 235 

leaf area index dataset representing canopy structure, Sect. 2.2.3; and (4) Landcover type: revised land cover data, Sect. 2.2.4. 236 

2.3 Implementation of afforestation & reforestation scenarios 237 

To assess changes in BVOC emissions driven by future afforestation and reforestation (A&R) in China, we 238 

implemented two A&R scenarios from Xu et al. (2023a), with the dataset obtained from Zenodo 239 

(https://zenodo.org/records/8297679, Xu et al., 2023b). Both scenarios cover the same potential planting area of 78 240 

Mha but differ in tree species selection strategies: a biomass-maximizing scenario (BIO) and a highest environmental 241 

suitability scenario (SUIT). To represent these scenarios in MEGAN, we updated three key surface inputs within the 242 

target A&R areas: forest cover fraction, tree species composition, and leaf area index (LAI). These inputs determine 243 

the tree growth-form fraction (ftree) in Eq. (2) and the canopy foliage conditions required in Eq. (3). 244 

2.3.1 Afforestation and reforestation scenarios 245 

The BIO scenario prioritizes carbon sequestration through biomass-optimized tree species selection and was 246 

designed to achieve nearly twice the carbon storage of the SUIT scenario by the end of century. It is mainly composed 247 

of typical deciduous broadleaf forests (35.7%) in southeastern China and evergreen broadleaf forests (31.8%) in 248 

southwest China. The five most prevalent taxa in this scenario are Cunninghamia lanceolata, Quercus aquifolioides, 249 

Camellia sinensis, Juglans spp. and Castanopsis delavayi, with four being broadleaf species reflects their superior 250 

carbon storage capacity. Nevertheless, because species selection in BIO scenario is optimized primarily for biomass 251 
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accumulation, this scenario may not necessarily maximize other ecological benefits, such as biodiversity conservation, 252 

soil erosion control, or water provision. 253 

In contrast, the SUIT scenario emphasizes ecological suitability of tree species to ensure long-term forest stability 254 

and climate adaptability. Species allocation in this scenario follows local climatic and ecological conditions to reduce 255 

the risk of plantation failure caused by water stress or species-environment mismatch. Pinus massoniana forests 256 

(9.40%) are predominantly allocated to southeastern China, while other deciduous broadleaf forests (16.8%) and warm 257 

Pinaceae forests (17.5%) are concentrated in southern regions, Betula-Populus (11.6%) demonstrate tolerance to 258 

diverse climatic conditions across the country. Compared with BIO, the SUIT scenario includes a larger share of 259 

needleleaf forests, with four of its five most prevalent species (Pinus yunnanensis, Pinus massoniana, Pinus 260 

tabuliformis and Pinus armandii) being conifers, while Betula platyphylla is the only broadleaf species among the top 261 

five. 262 

2.3.2 Tree cover fraction adjustments 263 

Under the baseline (BASE) land-cover condition, the 78 Mha area identified for potential A&R consists of 264 

multiple land cover types, predominantly savannas, grasslands, and shrublands. In the A&R scenarios, target grid cells 265 

are converted to forest, with the forest cover fraction (f
tree

) set to 1 to estimate the upper bound of potential A&R 266 

effects, representing a fully closed canopy in plantations (Fig. 1). The fractional covers of shrubs (f
shrub

), grasses (f
grass

), 267 

and crops (f
crop

) in Eq. (2) are all set to zero. This adjustment ensures that BVOC emissions within A&R cells are 268 

dominated by the selected tree species, while leaving surrounding regions unchanged to preserve a consistent regional 269 

background. 270 

2.3.3 Species composition in A&R 271 

While the A&R scenarios define 15 forestation forest type (dominant species or group), but these categories are 272 

still too coarse for species-resolved BVOC emission estimation in MEGAN. We therefore developed a nearest-273 

neighbor spatial matching procedure to disaggregate the 15 forestation forest types into species-level compositions. 274 

For each A&R grid cell, we first identified existing forest cells belonging to the same forest type in the 275 

1:1,000,000 tree species vector map of China (Chen et al., 2020). Among these candidate cells, the geographically 276 

nearest existing forest cell was selected based on Euclidean distance. The underlying assumption is that nearby existing 277 

forest cells within the same forest type provides the closest ecologically analogous for species composition, because 278 

they have established under broadly comparable environmental conditions. The species composition of matched 279 

existing forest cell was transferred to the corresponding A&R grid cell. Through this procedure, the 15 coarse forest 280 

type were spatially disaggregated into 234 tree species at 1 km resolution, yielding afforestation vector maps for both 281 

BIO and SUIT scenarios, thereby providing the kilometer-scale, species-level inputs required for estimating 282 

subsequent BVOC emissions. 283 

2.3.4 Prediction of leaf area index under A&R scenarios 284 

Since LAI observations are unavailable for future potential A&R landscapes, we developed a set of random 285 

forest models to estimate monthly LAI distributions across A&R grid cells (Fig. 1). Twelve independent models were 286 

trained, one per calendar month, using historical monthly LAI data from 2003 to 2018. Despite the initial inclusion of 287 
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climate variables (temperature, precipitation, relative humidity, shortwave radiation, sunshine duration, and surface 288 

pressure) as candidate predictors, feature importance analysis revealed their contributions to be marginal. The final 289 

models therefore retained four dominant land surface predictors: Fraction of Green Vegetation Cover 290 

(https://doi.org/10.2909/7d726671-9647-4116-8dc3-cf7470a1a782, CLMS, 2020), MCD12Q1 land cover 291 

classifications (https://doi.org/10.5067/MODIS/MCD12Q1.061, Friedl et al., 2022), soil properties from the 292 

Harmonized World Soil Database (https://www.fao.org/soils-portal/data-hub/soil-maps-and-databases/harmonized-293 

world-soil-database-v12/en/, Fischer et al., 2008), and the 1:1,000,000 vector map of forest type distribution 294 

(http://www.doi.org/10.12041/geodata.43370179401687.ver1.db, Chen et al., 2020). Since each model is trained on 295 

data from a single calendar month, seasonal variability in LAI is implicitly captured across the twelve models rather 296 

than driven by climate forcing within any individual model, rendering climate variables largely redundant. Model 297 

performance was assessed through independent temporal validation, with models trained on 2003-2018 data and 298 

evaluated against MCD15A2H LAI observations for the corresponding months in 2019. Across all grid cells, the 299 

models achieved monthly correlation coefficients of 0.62-0.76, root mean square errors (RMSE) of 15.5-17.3, and 300 

mean absolute errors (MAE) of 9.5-11.3 (Table C1). To predict LAI under the A&R scenarios, baseline surface 301 

attributes were replaced with A&R-specific parameters, including species composition derived from the nearest-302 

neighbor matching procedure and the enhanced forest fraction associated with plantation establishment, thereby 303 

enabling monthly LAI predictions under the A&R scenarios. The resulting monthly mean LAI fields were incorporated 304 

into Eq. (3) as surface input parameters, collectively representing the effects of vegetation cover change and canopy 305 

density modification on BVOC emissions. 306 

2.4 Simulation scenarios 307 

For existing forests, three scenarios were designed to characterize current forest BVOC emissions (Table 1): 308 

Exist-SPE conducted a total species-level forest simulation spanning 2018-2022, with the resulting five-year mean 309 

emissions used to drive WRF-Chem simulations of BSOA (2018-2020) for inventory evaluation. Exist-PFT adopted 310 

the conventional PFT-level scheme for 2019, serving as a benchmark to assess the improvement achieved by updating 311 

emission calculations from the PFT level to the species level. Exist-IND generated a set of individual emission 312 

inventories for each of the 234 tree species in 2019, enabling identification of the dominant contributors to China’s 313 

forest BVOC emissions. 314 

For A&R scenarios, BIO-IND and SUIT-IND applied the same species-resolved framework as Exist-IND to 2019 315 

(Table 1), replacing current forest cover, species composition, and LAI with those derived from two A&R scenarios 316 

described in Sect. 2.3, respectively. These two scenarios quantify national emission changes attributable to A&R 317 

activities and also enable identification of dominant BVOC-emitting tree species under each A&R scenario. In both 318 

scenarios, meteorological fields were held constant at present-day conditions, consistent with those applied in Exist-319 

IND, isolating the influence of A&R-driven changes in forest cover and composition on BVOC emissions from 320 

potential climate feedbacks. 321 

In this study, the Weather Research and Forecasting model coupled with Chemistry (WRF-Chem version 4.2; 322 

Skamarock et al., 2019) was used to simulate meteorological field to drive biogenic emission estimation by MEGAN 323 

and to simulate SOA for evaluation of the emission inventory. As an online coupled mesoscale modeling system, 324 

WRF-Chem simulates trace gases and aerosols simultaneously with meteorological fields within a unified 325 

computational framework. It supports a wide range of gas-phase chemical mechanisms and aerosol schemes of varying 326 
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complexity, and incorporates parameterizations for photolysis, dry and wet deposition, biogenic and anthropogenic 327 

emissions, and SOA formation. The model was employed in two configurations. The chemistry module was disabled 328 

to run the model in meteorology-only mode, thereby generating the 2018-2022 meteorological fields as input for 329 

MEGAN v3.2 biogenic emission estimation. The fully coupled WRF-Chem configuration was then used to simulate 330 

SOA over the period 2018-2020, with results compared against observations to evaluate the derived emission inventory. 331 

To improve the representation of surface conditions, the default land cover and LAI in both configurations were 332 

replaced with enhanced datasets, as described in Sect. 2.2. 333 

Both configurations share same domain and physical parameterization schemes (configuration detailed in Table 334 

C2). The model domain encompasses China and surrounding regions at a horizontal resolution of 27 km, with 35 335 

vertical layers extending from the surface to 100 hPa. Initial and lateral boundary conditions are derived from the 336 

National Centers for Environmental Prediction Final (FNL, https://doi.org/10.5065/D6M043C6, NCEP, 2000) 337 

Analysis data at 1° spatial resolution and 6-hourly temporal resolution. The physical parameterization schemes include 338 

the Morrison double-moment scheme for microphysics (Morrison et al., 2009), the Grell-3D ensemble scheme for 339 

cumulus convection (Grell et al., 2014), the Rapid Radiative Transfer Model for GCMs scheme for shortwave and 340 

longwave radiation (Iacono et al., 2008), the Mellor-Yamada Nakanishi and Niino Level 2.5 scheme for the planetary 341 

boundary layer (Nakanishi et al., 2006), and the Community Land Model version 4 for the land surface (Oleson et al., 342 

2013). For the coupled simulation, gas-phase chemistry is represented by the Model for Ozone and Related chemical 343 

Tracers scheme (Emmons et al., 2010), and aerosol processes are treated using the Model for Simulating Aerosol 344 

Interactions and Chemistry with 4 sectional aerosol bins (Zaveri et al., 2008). Anthropogenic emissions are prescribed 345 

using the 2020 Multi-resolution Emission Inventory for China (MEIC) and the 2017 MIX inventory for regions outside 346 

China (http://meicmodel.org.cn/, Cheng et al., 2023), while biogenic emissions are calculated by MEGAN v3.2 with 347 

improved model inputs. 348 

Table 1 Simulation Scenarios 349 

Scenario Land Cover Period Purpose 

Exist-SPE species-level forest 2018-2022 Evaluate BSOA against observations 

Exist-PFT PFT-level forest 2019 PFT-level BVOC emissions 

Exist-IND 234 tree species 2019 Species-level BVOC attribution 

BIO-IND BIO species 2019 BVOC response to carbon-prioritized A&R 

SUIT-IND SUIT species 2019 BVOC response to ecology-optimized A&R 

3 Model evaluations 350 

3.1 Validation with BVOC observations  351 

To evaluate the species-resolved BVOC emissions inventory, observed emission rates of isoprene and 352 

monoterpenes from four forest monitoring stations were compared (Fig. 2; Bai et al., 2026). The selected stations 353 

include Changbai Mountain (CBM, 42°24’N, 128°6’E; Bai et al., 2015), Linan (LA, 30°18’N, 119°34’E; Bai et al., 354 

2016), Qianyanzhou (QYZ, 26°44’N, 115°04’E; Bai et al., 2017) and Danzhou (DZ, 19°32’N, 109°28’E; Bai et al., 355 

2025), spanning a broad latitudinal gradient from temperate to tropical forest ecosystems across China. Along this 356 
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gradient, floristic composition varies considerably, with dominant tree species exhibiting divergent BVOC emission 357 

potentials that conventional PFT-based classifications fail to capture. 358 

Simulations with two parallel MEGAN3 configurations were conducted, one applying the default PFT emission 359 

factors (Exist-PFT) and the other the species-resolved scheme (Exist-SPE). The resulting BVOC emission rates from 360 

both schemes were evaluated against observational records from different periods between 2011 and 2019. For each 361 

monitoring station, the two scenarios shared identical meteorological and LAI inputs, ensuring a consistent 362 

atmospheric and vegetation density background across both simulations. The species-resolved scheme yielded more 363 

accurate concentration magnitudes than Exist-PFT. For isoprene, mean bias (MB) decreased from 1.28 to 1.03 mg m⁻² 364 

h⁻¹ and root mean square error (RMSE) from 1.83 to 1.52 mg m⁻² h⁻¹. For monoterpenes, MB declined from 0.25 to 365 

0.21 mg m⁻² h⁻¹ and RMSE from 1.31 to 1.09 mg m⁻² h⁻¹. These reductions in bias demonstrate that species-level 366 

refinement reduces errors introduced by PFT averaging without altering the temporal patterns. 367 

 368 

Figure 2 | Locations of BVOCs observation sites (CBS, LA, QYZ, and DZ; blue triangles) and 29 SOA observation sites (red 369 

circles) used for inventory evaluation. BVOC observations were used to evaluate simulated BVOC emissions, while SOA 370 

observations were used to assess model performance in reproducing secondary organic aerosol levels. 371 

 372 

Site-specific analysis further highlighted the mechanistic benefits of the species-resolved scheme (Exist-SPE). 373 

The DZ station (Table C3), dominated by Hevea brasiliensis, was classified as tropical broadleaf forest in the PFT 374 

scheme, with emission factors of 8.59 nmol m⁻² s⁻¹ for isoprene and 0.61 nmol m⁻² s⁻¹ for monoterpenes. These values 375 

deviated from the measured values (isoprene: 0.09 nmol m⁻² s⁻¹; monoterpenes: 2.22 nmol m⁻² s⁻¹), leading to an 376 

overestimation of isoprene and underestimation of monoterpenes emission, with mean biases of +1.74 and -0.77 mg 377 

m⁻² h⁻¹. In contrast, species-resolved scheme drew on field-measured emission factors, reduced isoprene mean bias to 378 
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+0.77 mg m⁻² h⁻¹ and monoterpene to -0.10 mg m⁻² h⁻¹. These corrections brought both compounds into closer 379 

agreement with observations and reproduced the low isoprene but elevated monoterpene profile of tropical rubber 380 

plantations.  381 

At QYZ station (Table C3), where Pinus massoniana dominates, the default PFT isoprene emission factor (8.30 382 

nmol m⁻² s⁻¹) exceeded the species-specific value (0.39 nmol m⁻² s⁻¹) by more than an order of magnitude, leading to 383 

a systematic overestimation of emission (MB = 1.88, RMSE = 2.09 mg m⁻² h⁻¹). Adopting the Pinus massoniana 384 

isoprene emission factor (0.39 nmol m⁻² s⁻¹) reduced MB to 0.58 mg m⁻² h⁻¹ and RMSE to 0.68 mg m⁻² h⁻¹. At LA 385 

station (Table C3), dominated by Phyllostachys edulis, the Exist-PFT also overestimated emissions (MB = 0.96, 386 

RMSE = 1.19 mg m⁻² h⁻¹), while the species-specific factor reduced errors to MB = 0.39 and RMSE = 0.48 mg m⁻² 387 

h⁻¹. At CBM station (Table C3), dominated by a mixture of Betula platyphylla, Populus davidiana, and Quercus 388 

mongolica, the species-resolved scheme reduced monoterpene bias (MB from 0.30 to 0.27 mg m⁻² h⁻¹) but increased 389 

isoprene overestimation (MB from 0.27 to 0.71 mg m⁻² h⁻¹), suggesting that uncertainty in species-specific emission 390 

factors for mixed temperate assemblages warrants further investigation. 391 

Across all four sites, species-resolved scheme (Exist-SPE) eliminated the artificial smoothing inherent in PFT 392 

averaging, where a single value within same PFT conflates species whose emission factors differ by up to two orders 393 

of magnitude. The resulting BVOC emissions captured the flux ranges more faithfully than the Exist-PFT. The 394 

improvements in bias, error statistics, and temporal fidelity collectively confirm that species-specific emission factors 395 

elevate model performance, rendering the BVOC emissions inventory reliable for integration into regional 396 

atmospheric chemistry simulations, which is further supported by the BSOA evaluation in the following section. 397 

3.2 Evaluation with SOA observations 398 

To further validate the species-resolved BVOC emissions inventory (Exist-SPE), we integrated it into the Weather 399 

Research and Forecasting model coupled with Chemistry (WRF-Chem; configuration detailed in Table C2) to simulate 400 

BSOA over China during the period 2018-2020. The simulated BSOA concentrations were evaluated against ground-401 

based observations from 29 monitoring stations across China (Fig. 2). This site-specific comparison revealed a strong 402 

correlation between simulated and observed values (correlation coefficient: r = 0.78). The mean simulated 403 

concentration across all stations was 3.01 μg m⁻³ (Fig. 3), compared to the observed mean of 4.37 μg m⁻³, indicating 404 

a moderate systematic underestimation as reflected by the mean bias (MB = -1.36 μg m⁻³). Error metrics further 405 

underscored the model’s reliability, with a root mean square error (RMSE = 2.90 μg m⁻³) and mean absolute error 406 

(MAE = 2.11 μg m⁻³) demonstrating acceptable performance relative to the range of concentrations encountered (0.18-407 

21.85 μg m⁻³). The model underestimated concentrations at 24 out of the 29 stations, with performance varying 408 

systematically with observed concentration magnitude. At stations with low concentrations, the model exhibited close 409 

agreement, with mean bias below 1 μg m⁻³ at 10 stations, whereas large underestimations occurring at stations with 410 

high observed values (Fig. 3), such as CD (simulated: 2.00 μg m⁻³ vs. observed: 9.40 μg m⁻³; difference: -7.40 μg m⁻³), 411 

XT (2.45 vs. 8.80; -6.35 μg m⁻³), and PY (7.47 vs. 12.50; -5.03 μg m⁻³). These modeling biases reflect the combined 412 

effects of uncertainties in SOA formation pathways, incompletely resolved aerosol-phase processes, and 413 

anthropogenic emission inputs, which may compound under conditions of elevated precursor loading at high-414 

concentration stations. Overall, the validation encompasses both aggregate statistics and site-level insights, providing 415 

robust evidence for the capability of the coupled modeling framework in simulating BSOA dynamics from biogenic 416 

sources. 417 
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 418 

Figure 3 | Comparison of observed and simulated surface BSOA concentrations across China. Observed data (grey bars) from 419 

29 sites are compiled from previous studies (Ding et al., 2014; Zhang et al., 2024; Zheng et al., 2017; Zhu et al., 2016; Zhang et 420 

al., 2018b; Xu et al., 2018; Zhang et al., 2019; Qin et al., 2017; Hu et al., 2016; Hu et al., 2013; Huang et al., 2011; Huang et al., 421 

2013; Du et al., 2015; Li et al., 2020a; Wang et al., 2016b; Zhang et al., 2018a). Simulated BSOA concentrations (green bars) 422 

represent 2018-2020 model results at corresponding locations. The correlation coefficient between simulations and observations 423 

reaches 0.78, with good agreement evident in scatter plot. 424 

3.3 Comparison with PFT-resolved model 425 

Our species-resolved scheme (Exist-SPE) estimated annual BVOC emissions at 30.28 Tg in China, consisting of 426 

9.27 Tg isoprene, 7.63 Tg monoterpenes, 0.53 Tg sesquiterpenes and 12.85 Tg other VOC species. Our estimated 427 

isoprene emissions fall within the reported range of 5.4-37.5 Tg yr⁻¹ in existing literature, while monoterpene 428 

emissions align with the 2.66-7.64 Tg yr⁻¹ range (Table 2; Gao et al., 2025; Cao et al., 2018; Li et al., 2023; Li and 429 

Xie, 2014; Wang et al., 2021; Stavrakou et al., 2014; Fu and Liao, 2012; Li et al., 2013; Wu et al., 2020; Ma et al., 430 

2023; Li et al., 2020b; Cao et al., 2024; Wang et al., 2025). Notably, monoterpenes account for 25.2% of total emissions, 431 

exceeding values reported in most studies, which we attribute to the use of species-resolved algorithms (Xi et al., 2025; 432 

Li et al., 2025). Previous estimates were predominantly generated by MEGAN2.1 with PFT scheme, though some 433 

incorporated satellite-based inverse modeling for top-down constraints. Such PFT-based approaches overlook inter-434 

species variability in emission potentials and thereby systematically bias emission flux estimates. Notably, Gao et al. 435 

employed the MEGAN v3 model and provided both national and forest-scale estimates for China, offering a consistent 436 

basis for cross-scale evaluation. In national scale, total BVOC emissions in this study align with Gao et al. (29.57 Tg 437 

yr⁻¹), with lower isoprene (9.27 vs. 12.56 Tg yr⁻¹) and closer monoterpenes (7.63 vs. 7.64 Tg yr⁻¹) fluxes. Across 438 

ecosystem types, forests accounted for 30.8% of national BVOC emissions (10.26 Tg yr⁻¹), followed by other 439 

woodlands (canopy closure < 0.2) contributing 28.1%, shrublands 17.9%, grasslands 13.2%, and croplands 9.8%. For 440 

forests specifically, our results show more monoterpenes emission than those reported by Cao et al (2018) (isoprene: 441 

3.57 vs. 3.90 Tg yr⁻¹; monoterpenes: 3.12 vs. 1.97 Tg yr⁻¹). 442 

Moreover, incorporating species-specific emission factors refined BVOC estimates for China’s forests, with the 443 

Exist-SPE yielding total emissions of 10.26 Tg yr⁻¹ in 2019, representing a 16.2% reduction relative to the Exist-PFT 444 

estimate of 12.25 Tg yr⁻¹ (Fig. 4a). This discrepancy was primarily driven by isoprene and monoterpenes, contributing 445 

1.06 and 1.12 Tg yr⁻¹ respectively (Fig. 4b, 4c), whereas sesquiterpenes accounted for only 0.03 Tg yr⁻¹ given their 446 

intrinsically low emission. In contrast, other VOCs were 0.20 Tg yr⁻¹ higher in Exist-SPE than its PFT-based 447 
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counterpart. Spatially, Exist-PFT exhibited widespread overestimation across most forested regions in China (Fig. 4a). 448 

For instance, the average isoprene emission factor for temperate evergreen needleleaf forests is 2.45 nmol m⁻² s⁻¹ in 449 

Exist-PFT, whereas species-level refinement gives a much lower value of 0.39 nmol m⁻² s⁻¹ for the dominant species, 450 

e.g., Pinus massoniana. A similar pattern is observed in temperate broadleaf forests, whose emission factor is 40.85 451 

nmol m⁻² s⁻¹ in Exist-PFT, largely exceeding the refined value of 18.01 nmol m⁻² s⁻¹ for prevalent species such as 452 

Quercus mongolica. Underestimation of emission factor in Exist-PFT was confined mostly in southwestern and 453 

central-eastern regions. For isoprene specifically (Fig. 4b), underestimation in southwestern China was associated 454 

with Quercus liaotungensis stands (species-specific emission factor: 34.0 nmol m⁻² s⁻¹ vs. PFT-resolved emission 455 

factor: 7.45 nmol m⁻² s⁻¹), while in central China, it occurred across Quercus variabilis forests in the northern part of 456 

this region (25.0 vs. 12.60 nmol m⁻² s⁻¹) and Quercus serrata forests in the central part (25.4 vs. 12.34 nmol m⁻² s⁻¹). 457 

In eastern China, mixed woodlands comprising Quercus chenii (34.0 nmol m⁻² s⁻¹), Quercus serrata (25.4 nmol m⁻² 458 

s⁻¹), Robinia pseudoacacia (20.0 nmol m⁻² s⁻¹), and Quercus glauca (94.7 nmol m⁻² s⁻¹) collectively exceeded the 459 

Exist-PFT emission factor of 11.50 nmol m⁻² s⁻¹. Additionally, Phyllostachys edulis plantations (23.65 nmol m⁻² s⁻¹ 460 

vs. PFT: 11.50 nmol m⁻² s⁻¹) across several provinces reinforced this pattern in southeastern China. 461 

The incorporation of species-level data accentuated the spatial heterogeneity of BVOC emissions, engendering 462 

sharper delineations and localized hotspots that mirror the intrinsic disparities among tree species. By comparison, the 463 

Exist-PFT simulations projected smoother gradients and seamless transitions, wherein emission intensities varied with 464 

latitudinal or climatic gradients. These discrepancies arise from intra-PFT averaging, which conflates species with 465 

variable emission factors into a default value, thereby obscuring the impacts of actual vegetation assemblages. 466 

 467 
Table 2. BVOC emissions in China from previous and this Study (Tg) 468 

Data Source Isoprene Monoterpene Total Study Period Model 

This Study 9.27 7.63 30.28 2019 MEGAN v3.2 

Cao et al. (2018) 5.4-11.7  12.2-22.8 2007 
inversion of 

satellite 

Gao et al. (2025) 12.56 7.64 29.57 2019 MEGAN v3.2 

Li et al (2023) 7.23 6.33 23.26 2014-2020 MEGAN v3.1 

Li and Xie (2014) 27.09 6.32 48.5 1999-2003 MEGAN v2.1 

Wang et al. (2021) 14.63-16.7 3.78-4.12 31.77-35.48 2001-2016 MEGAN v2.1 

Stavrakou et al. (2014) 6.7-7.6   2007-2012 MEGAN v2.1 

Stavrakou et al. (2014) 6.5-8.6   2007-2012 
inversion of 

satellite 

Fu and Liao. (2012) 10.87 3.21 21.36 2001-2006 MEGAN v2.0 

Li et al. (2013) 23.42 5.55 42.54 2003 MEGAN v2.1 

Wu et al. (2020) 13.3 3.09 23.54 2017 MEGAN v2.1 

Ma et al. (2023) 12.1-22.73 2.66-4.19 25.42-37.39 2000-2017 MEGAN v2.1 

Li et al. (2020b) 28.23-37.45 5.85-6.69 49.0-58.89 2018 MEGAN v2.1 

Wang et al. (2025) 17.5  32.47 2020 MEGAN v2.1 

This Study (forest) 3.57 3.12 10.26 2019 MEGAN v3.2 

Cao et al. (2024; forest) 3.90 1.97 9.86 2020 MEGAN v3.1 
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 469 

 470 

Figure 4. Spatial patterns of BVOC emissions in China under species-resolved and PFT-based schemes. Columns 1-3 show 471 

the annual mean emissions from the Exist-PEC, the Exist-PFT, and their difference, respectively. Rows 1-3 represent total BVOCs, 472 

isoprene, and monoterpenes, respectively. 473 

4 Contributions of tree species to BVOC emissions 474 

4.1 Characteristics of national BVOC emissions 475 

We developed a high-resolution BVOC emissions inventory of forests in China using our enhanced input data 476 

and adjusted model (https://doi.org/10.5281/zenodo.20396128, Liu et al., 2026), integrating spatial distribution 477 

with species-level emission factors across 234 tree species (Table C4). The national annual BVOC emissions in 2019 478 

are estimated at 10.26 Tg, which includes 3.57 Tg of isoprene, 3.12 Tg of monoterpenes, 0.18 Tg of sesquiterpenes, 479 

and 3.39 Tg of other VOC species (Table 2). Pinus massoniana occupies the most extensive area (19.71 Mha, 10.5% 480 

of total forested coverage; Fig. 5) and serves as the leading contributor to national forest BVOC emissions (1.68 Tg 481 

yr⁻¹; 16.4% of total emissions), primarily through monoterpene and sesquiterpene release (0.95 Tg yr⁻¹). 482 

Spatially, BVOC emissions exhibit a south-to-north decreasing gradient, with the largest source concentrated in 483 
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the subtropical and tropical regions of southern China (Fig. 4a). In these regions, Pinus massoniana, Quercus 484 

liaotungensis, Phyllostachys edulis and Cunninghamia lanceolata are the primary BVOC-emitting species, with a 485 

combined planted area of 44.77 Mha and total emissions of 3.94 Tg yr⁻¹, driven largely by dense forest cover, elevated 486 

temperatures, and intense solar radiation (Fig. 5). In northeastern China, boreal forests dominated by species such as 487 

Quercus mongolica and Larix gmelinii (17.6 Mha), exhibit limited emission due to low temperatures and solar 488 

radiation, particularly during the winter. Emissions are also low in the western arid zones, primarily due to sparse 489 

forest cover. This spatial variability highlights the linkage between forest composition, regional climate conditions, 490 

and BVOC emission intensity, which together shape the geographic distribution of BVOC emissions. 491 

Seasonally, national BVOC emissions exhibit pronounced temporal dynamics driven by the combined effects of 492 

temperature, solar radiation, and leaf area index. Summer (June-August) represents the dominant emission season, 493 

accounting for approximately 49.9% of the total emission under optimal meteorological and phenological phase, 494 

followed by autumn (22.7%, September-November), spring (21.2%, March-May), and winter (6.3%, December-495 

February). This seasonal pattern manifests distinctly in the spatial distribution of emissions. During summer, elevated 496 

emissions occur across forests nationwide, reflecting broadly favorable growth and metabolic conditions. In winter, 497 

emissions from northern forests decline due to low temperatures and leaf senescence, whereas forests south of 35°N, 498 

predominantly composed of evergreen species, maintain comparatively high emission rates year-round. These 499 

spatiotemporal patterns highlight temperature and solar radiation as key drivers of vegetative metabolic activity, 500 

thereby shaping BVOC emission dynamics. 501 

 502 

 503 

Figure 5 | Spatial distribution and BVOC emission characteristics of the five most widely distributed tree species in China. 504 

The five species ranked by forest area are Pinus massoniana (19.7 Mha), Cunninghamia lanceolata (12.3 Mha), Quercus mongolica 505 

(9.0 Mha), Larix gmelinii (8.6 Mha), and Quercus liaotungensis (7.98 Mha). Green shading indicates mean annual BVOC emission 506 

rates (ton grid⁻¹ hr⁻¹), and numbers denote total annual emissions (Tg). 507 
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4.2 BVOC emissions and species contributions 508 

The top five species by area, including Pinus massoniana (19.7 Mha), Cunninghamia lanceolata (12.3 Mha), 509 

Quercus mongolica (9.0 Mha), Larix gmelinii (8.6 Mha), and Quercus liaotungensis (7.98 Mha), with these five 510 

species collectively account for 30.8% of China’s forest area (Fig. 5), underscoring a concentrated species composition 511 

at the national scale. However, tree species dominance in terms of BVOC emissions shows a different pattern. The 512 

top five species contributing to national BVOC emissions, e.g., Pinus massoniana (1.68 Tg yr-1), Quercus 513 

liaotungensis (1.02 Tg yr-1), Phyllostachys edulis (0.66 Tg yr-1), Cunninghamia lanceolata (0.57 Tg yr-1), and Quercus 514 

variabilis (0.34 Tg yr-1), collectively account for 41.7% of the BVOC emissions while occupying only 25.4% of the 515 

forested area (Fig. 6a). This disparity calls for attention to high-emitting species in forest management and atmospheric 516 

modeling, as they occupy a limited forest area yet account for a large fraction of national BVOC budgets. Compound-517 

level contributions demonstrate clear interspecific variability. Pinus massoniana is characterized by a terpene-518 

dominant profile, whereas Quercus liaotungensis and Phyllostachys edulis are strong isoprene emitters, reflecting 519 

unique biochemical characteristics inherent to each species. The role of any given species in the national BVOC budget 520 

is co-determined by its coverage area, inherent emission capacity, and the environmental context of its distribution, as 521 

illustrated by cases discussed below. 522 

Pinus massoniana is the greatest contributor to China’s forest BVOCs inventory (Fig. 6a), with total emissions 523 

reaching 1.68 Tg yr-1, accounting for 16.4% of the national forest BVOC emissions, and is characterized by a terpene-524 

dominant emission profile comprising monoterpenes (0.91 Tg yr⁻¹), sesquiterpenes (0.04 Tg yr⁻¹), other BVOCs (0.70 525 

Tg yr⁻¹), and a negligible isoprene contribution (0.03 Tg yr⁻¹). With a distribution covering 19.7 Mha, equivalent to 526 

10.5% of China’s total forest area, Pinus massoniana provides the most extensive spatial coverage for BVOC 527 

emissions of any single species in the country (Fig. 5). Additionally, Pinus massoniana possesses inherently high 528 

emission rates, with isoprene and monoterpenes fluxes reaching 0.39 and 0.71 nmol m⁻² s⁻¹, respectively. As an 529 

evergreen conifer without seasonal leaf abscission, Pinus massoniana sustains elevated BVOC fluxes year-round and 530 

reaches peak emissions in summer, unlike deciduous species that undergo substantial emission reductions during 531 

winter. Collectively, its extensive spatial coverage, favorable climatic setting, and high intrinsic emission capacity 532 

establish Pinus massoniana as the dominant contributor to China’s national forest BVOC budget. The next two leading 533 

emitters are Quercus liaotungensis (1.02 Tg yr⁻¹) and Phyllostachys edulis (0.66 Tg yr⁻¹), both characterized by 534 

isoprene-dominant emission profiles. Quercus liaotungensis occurs across 7.98 Mha primarily in southwestern and 535 

eastern China (Fig 6b), driven by a high isoprene flux of 34 nmol m⁻² s⁻¹ alongside a minor monoterpenes flux of 0.3 536 

nmol m⁻² s⁻¹, yielding isoprene 0.74 Tg yr⁻¹, monoterpenes 0.13 Tg yr⁻¹, sesquiterpenes 0.01 Tg yr⁻¹, and other BVOCs 537 

0.14 Tg yr⁻¹. Phyllostachys edulis, an often overlooked yet key emission source spanning 4.82 Mha in southeastern 538 

China (Fig. 6b), exhibiting a strong isoprene emission rate of 23.65 nmol m⁻² s⁻¹, with isoprene dominating its emission 539 

budget at 0.50 Tg yr⁻¹. Cunninghamia lanceolata (0.57 Tg yr⁻¹) and Quercus variabilis (0.34 Tg yr⁻¹) complete the 540 

list of the top five contributors. The role of any given species in the national BVOC budget is co-determined by its 541 

coverage area, inherent emission capacity, and the environmental context of its distribution, of which a principle 542 

illustrated by Quercus variabilis, which occupies only 2.7 Mha of forested area yet accounts for 0.34 Tg yr⁻¹ of BVOC 543 

emissions (Fig. 6b), a contribution driven primarily by its high isoprene emission factor of 25.02 nmol m⁻² s⁻¹. By 544 

contrast, Larix gmelinii is distributed across 8.56 Mha of northern boreal forest but yields only 0.13 Tg yr⁻¹ of total 545 

BVOC emissions (Fig. 5). This disparity arises from its low intrinsic isoprene emission factor (0.04 nmol m⁻² s⁻¹) 546 

combined with the constraints of unfavorable environmental conditions, where low temperatures and limited solar 547 
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radiation suppress emission rates. 548 

 549 

 550 

Figure 6 | BVOC emissions ranking at the tree species level in China. (a) Bar chart ranking the top 20 tree species by total 551 

BVOC emissions in 2019 (Tg yr⁻¹), with the yellow line denoting the total canopy coverage area (km²) of each species. (b) Spatial 552 

distribution of BVOC emission rates (ton grid⁻¹ hr⁻¹) for the six leading emitters: Pinus massoniana, Quercus liaotungensis, 553 

Phyllostachys edulis, Cunninghamia lanceolata, Quercus variabilis, and Quercus aliena, with annotated values representing total 554 

annual emissions in 2019 (Tg yr⁻¹). Inset bar charts show seasonal variation in BVOC emissions (Tg) across MAM (March-May), 555 

JJA (June-August), SON (September-November), and DJF (December-February). 556 

 557 

Isoprene emissions across China’s forests are dominated by broadleaf tree species. Quercus liaotungensis ranks 558 

as the largest contributor (Fig. 7), emitting 0.74 Tg yr⁻¹ (20.7% of the national isoprene budget) from a distribution 559 

area of 7.98 Mha (4.3% of the national forest area) concentrated in southwestern and eastern China (Fig. 5), driven by 560 

a high emission factor of 34 nmol m⁻² s⁻¹. Phyllostachys edulis follows closely, contributing 0.50 Tg yr⁻¹ (14.0%) 561 

from 4.82 Mha (2.6%) across southeastern China, with an emission factor of 23.65 nmol m⁻² s⁻¹. Quercus 562 

aliena, Quercus variabilis, and Quercus mongolica contribute 0.20 Tg yr⁻¹ (5.6%), 0.20 Tg yr⁻¹ (5.6%), and 0.17 Tg 563 

yr⁻¹ (4.8%), respectively, with emission factors ranging from 13.16 to 25.02 nmol m⁻² s⁻¹ and distribution areas 564 

spanning central and northeastern China. Collectively, these five species account for 1.8 Tg yr⁻¹ of isoprene emissions, 565 

representing 50.7% of the national total (3.57 Tg yr⁻¹; Fig. 7), while occupying only 15.9% of China’s total forest area 566 
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(187.27 Mha). This striking contrast, with half of the national isoprene budget coming from less than one-sixth of the 567 

forest area, highlights the key role of a few high-emitting broadleaf species in shaping China’s BVOC emissions. 568 

 569 

 570 

Figure 7 | Isoprene emission ranking at the tree species level in China. The five leading tree species ranked by isoprene annual 571 

emissions are Quercus liaotungensis (0.74 Tg yr⁻¹), Phyllostachys edulis (0.50 Tg yr⁻¹), Quercus aliena (0.20 Tg yr⁻¹), Quercus 572 

variabilis (0.20 Tg yr⁻¹), and Quercus mongolica (0.17 Tg yr⁻¹). Green shading indicates isoprene emission rates (ton grid⁻¹ hr⁻¹), 573 

and numbers denote annual emissions (Tg). 574 

 575 

Compared to isoprene, monoterpene emissions are dominated by coniferous species rather than broadleaf species. 576 

Pinus massoniana accounts for 0.91 Tg yr⁻¹ (Fig. 8), representing nearly 30% of the national monoterpene budget, 577 

while occupying only 10.5% of China’s total forest area (19.71 Mha) – a contribution enabled by its emission factor 578 

of 0.71 nmol m⁻² s⁻¹ and the warm, high-radiation conditions of southeastern China. Cunninghamia lanceolata, co-579 

distributed in the same region across 12.26 Mha, contributes a further 0.20 Tg yr⁻¹ (6.5%), reinforcing the geographic 580 

concentration of monoterpene emissions in southern China. Together, these two southeastern conifers represent over 581 

one-third of national monoterpene emissions (Fig. 8). Spatial extent alone is insufficient to explain monoterpene 582 

emissions among tree species. Although Hevea brasiliensis occupies only a small area of 1.37 Mha in tropical southern 583 

China, its high monoterpene emission factor of 2.22 nmol m⁻² s⁻¹, results in a total emission (0.18 Tg yr⁻¹) comparable 584 

to that of Cunninghamia lanceolata, which distributes across nearly nine times the area (0.20 Tg yr⁻¹; 12.26 Mha). 585 

Pinus tabuliformis contributes 0.11 Tg yr⁻¹ (3.6%) from 5.41 Mha with an emission factor of 1.66 nmol m⁻² s⁻¹. 586 

Collectively, these five species emit 1.53 Tg yr⁻¹, accounting for 49.4% of the national monoterpene emissions while 587 

covering 24.8% of China’s forest area (Fig. 8). Monoterpene budgets are governed primarily by conifers with high 588 

intrinsic terpene biosynthesis capacity, in contrast to the broadleaf and bamboo-dominated isoprene budget. This 589 

contrast underscores the necessity of compound-specific, species-resolved approaches in national BVOC inventory 590 

construction. 591 
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 592 

 593 

Figure 8 | Monoterpene emissions ranking at the tree species level in China. The five leading tree species ranked by 594 

monoterpene annual emissions are Pinus massoniana (0.91 Tg yr⁻¹), Cunninghamia lanceolata (0.20 Tg yr⁻¹), Hevea brasiliensis 595 

(0.18 Tg yr⁻¹), Quercus liaotungensis (0.13 Tg yr⁻¹), and Pinus tabuliformis (0.11 Tg yr⁻¹). Green shading indicates monoterpene 596 

emission rates (ton grid⁻¹ hr⁻¹), and numbers denote annual emissions (Tg). 597 

4.3 Seasonal patterns of BVOC emissions 598 

Seasonal variability in China’s forest BVOC emissions is primarily governed by the differential responses of 599 

dominant tree species to temperature and solar radiation across seasons. During summer (Fig. 9), the five largest 600 

contributors to BVOC emissions are Pinus massoniana (0.81 Tg), Quercus liaotungensis (0.40 Tg), Phyllostachys 601 

edulis (0.35 Tg), Cunninghamia lanceolata (0.26 Tg), and Quercus variabilis (0.22 Tg), a ranking that mirrors the 602 

annual order given summer’s dominant contribution to the yearly total. This consistency reflects the convergent 603 

influence of spatial coverage, intrinsic emission capacity, and climatic conditions. Specifically, evergreen conifers 604 

such as Pinus massoniana and Cunninghamia lanceolata sustain continuous BVOCs biosynthesis year-round, 605 

attaining highest emission rates when temperatures and solar radiation peak in summer. Meanwhile, isoprene-606 

dominant deciduous species such as Quercus liaotungensis, Phyllostachys edulis, and Quercus variabilis reach peak 607 

emissions in summer, when leaf area reach seasonal maximum and high temperatures together with intense solar 608 

radiation stimulate isoprene biosynthesis. 609 

In winter (Fig. 9), Pinus massoniana and Quercus liaotungensis remain the two largest contributors, yet their 610 

emissions decline by 87.7% and 77.5% relative to summer, falling to 0.10 and 0.09 Tg, respectively. Notably, Hevea 611 

brasiliensis, a minor contributor in summer (0.07 Tg), rises to the third largest emitter nationwide in winter (0.04 Tg). 612 

The low-latitude distribution of Hevea brasiliensis in tropical southern China experiences persistently high 613 

temperatures and solar radiation that sustain year-round metabolic activity, whereas emissions from high-latitude 614 

species decline. Examining the full annual emission cycle of individual species could further illustrate this latitudinal 615 

contrast. Temperate species north of 35°N exhibit pronounced seasonal variation, as exemplified by Quercus variabilis, 616 
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which allocates 66.0% of annual emissions to summer but only 1.4% to winter. By contrast, subtropical species such 617 

as Hevea brasiliensis show a more uniform seasonal distribution (spring 30.4%, summer 30.7%, autumn 23.3%, winter 618 

15.6%), indicating that lower-latitude climatic conditions sustain BVOC emissions across seasons. 619 

A clear seasonal shift is imprinted on emission composition. Isoprene constitutes 37.4% of seasonal BVOCs in 620 

summer but falls to 26.1% in winter, whereas monoterpenes rise from 28.4% to 37.2%. Two primary factors contribute 621 

to this compositional divergence. Isoprene biosynthesis, proceeding via the methylerythritol phosphate pathway, 622 

exhibits higher sensitivity to both light intensity and leaf temperature than monoterpene synthesis, leading to greater 623 

production under summer conditions. In parallel, deciduous broadleaf isoprene emitters such as Quercus variabilis 624 

(EF: 25.02 nmol m⁻² s⁻¹) further amplify this seasonal divergence. In summer (Fig. 9), developed leaf area combined 625 

with peak photosynthetic activity boosts isoprene production, whereas in winter, leaf abscission limits its isoprene 626 

flux, reducing the isoprene fraction of the seasonal emission. 627 

 628 

 629 

Figure 9 | Spatial distribution of BVOC emissions from forests in China during summer and winter. Green shading indicates 630 

gridded BVOC emission rates (ton grid⁻¹ hr⁻¹), with seasonal emissions reaching 5.12 Tg during summer (JJA) and 0.64 Tg during 631 

winter (DJF), reflecting the strong seasonal contrast driven by temperature and radiation conditions across China’s forest 632 

ecosystems. 633 

5 BVOC contributions under A&R scenarios 634 

5.1 BIO scenario 635 

In the BIO scenario, the 78 Mha area designated for A&R is converted to plantation forests optimized for biomass 636 

accumulation, driving a national BVOC emission increment of 4.65 Tg yr⁻¹ (Fig. 10), which marks a 45.3% increase 637 

compared to the existing forests (10.26 Tg yr⁻¹). This incremental emission consists of isoprene at 1.72 Tg yr⁻¹, 638 

monoterpenes at 1.29 Tg yr⁻¹, sesquiterpenes at 0.08 Tg yr⁻¹, and other VOCs at 1.55 Tg yr⁻¹. The BIO plantations are 639 

dominated by deciduous broadleaf forests concentrated in southeastern China (35.7%) and evergreen broadleaf forests 640 

in the southwestern region (31.8%). The five most extensively planted species including Cunninghamia lanceolata 641 

(8.65 Mha; Fig. B1), Quercus aquifolioides (8.43 Mha), Camellia sinensis (4.70 Mha), Juglans (3.20 Mha), and 642 

Castanopsis delavayi (2.65 Mha) collectively account for 35.7% of the A&R area (78 Mha). Although Cunninghamia 643 

lanceolata covers the largest area (10.9%), it is not the dominant emitter of BVOCs, primarily due to low emission 644 
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rates for isoprene (0.01 nmol m⁻² s⁻¹) and monoterpenes (0.33 nmol m⁻² s⁻¹). 645 

Among all planted species in the BIO scenario, Quercus aquifolioides, concentrated predominantly in 646 

southwestern China across 8.43 Mha, emerges as the single largest contributor at 0.47 Tg yr⁻¹ (Fig. B2), with isoprene 647 

accounting for approximately 69.4% and monoterpenes for 14.7%. In contrast, Cunninghamia lanceolata – the most 648 

widely planted species at 8.65 Mha across southern China – contributes 0.37 Tg yr⁻¹ and ranks second overall (Fig. 649 

B2), consistent with its low emission factors (isoprene: 0.01 nmol m⁻² s⁻¹; monoterpenes: 0.33 nmol m⁻² s⁻¹). Quercus 650 

liaotungensis (Fig. B2), despite occupying only 1.84 Mha, contributes total emissions of 0.34 Tg yr⁻¹ (isoprene: 0.25 651 

Tg yr⁻¹; monoterpenes: 0.04 Tg yr⁻¹), attributable to its high leaf-level emission factors for isoprene (34 nmol m⁻² s⁻¹) 652 

and monoterpenes (0.3 nmol m⁻² s⁻¹).  653 

From a spatial perspective, the incremental BVOC emissions following BIO scenario exhibit regional 654 

heterogeneity, with high-emission hotspots concentrated in southwestern and southern China (Fig. 10). This pattern is 655 

governed by the spatial distribution of high-emitting species. In southwestern China, extensive plantations of Quercus 656 

aquifolioides with high emission factors for isoprene (34 nmol m⁻² s⁻¹) and monoterpenes (0.3 nmol m⁻² s⁻¹), serving 657 

as the primary driver of elevated regional emissions (Fig. B2). South-central China constitutes another major emission 658 

center, where mixed deciduous broadleaf forests dominated by Quercus contribute to regional BVOC fluxes. Further 659 

south, tropical southern China emerges as a localized hotspot, attributable to the deployment of other deciduous 660 

broadleaf forest types with comparatively elevated emission capacities (12 nmol m⁻² s⁻¹ of isoprene; 0.3 nmol m⁻² s⁻¹ 661 

of monoterpenes). 662 

5.2 SUIT scenario 663 

The SUIT scenario prioritizes needleleaf and mixed forest types selected for ecological resilience, with 664 

afforestation designed to optimize species-environment matching. This strategy results in a national BVOC emission 665 

increase of 5.10 Tg yr⁻¹ (Fig. 10), comprising isoprene (1.21 Tg yr⁻¹), monoterpenes (1.99 Tg yr⁻¹), sesquiterpenes 666 

(0.09 Tg yr⁻¹), and other VOCs (1.81 Tg yr⁻¹). In contrast to the BIO scenario, monoterpenes become the dominant 667 

component, indicating that the compositional shift arises from the forest-type configuration and associated species 668 

assemblages. Warm Pinaceae forests constitute the largest share (17.5%), followed by other deciduous broadleaf 669 

forests (16.8%), Betula-Populus forests (11.6%), and Pinus massoniana forests (9.40%), collectively distributed 670 

across the 78 Mha afforestation area. At the species level, conifers dominate the five most extensively planted taxa 671 

(Fig. B3): Pinus yunnanensis (8.91 Mha), Pinus massoniana (7.32 Mha), Pinus tabuliformis (4.05 Mha), and Pinus 672 

armandii (3.23 Mha), with Betula platyphylla (4.09 Mha) as the primary broadleaf counterpart. 673 

The resulting emission structure is governed by the combined effects of species-specific emission factors and 674 

regional climatic conditions. Among all planted species in the SUIT scenario, Pinus massoniana, widely distributed 675 

in southeastern China, emerges as the largest BVOC contributor (0.76 Tg yr⁻¹; Fig. B4), with emissions dominated by 676 

monoterpenes (0.43 Tg yr⁻¹), reflecting both high emission factors (isoprene: 0.39 nmol m⁻² s⁻¹; monoterpenes: 0.71 677 

nmol m⁻² s⁻¹) and the warm climatic conditions that sustain elevated BVOC biosynthesis. In contrast, Pinus 678 

yunnanensis, covering a larger area (8.91 Mha) yet contributing only 0.56 Tg yr⁻¹, primarily due to its high-elevation, 679 

low-temperature habitat in southwestern China that suppresses leaf-level BVOC synthesis. Meanwhile, Eucalyptus 680 

ranks third (0.41 Tg yr⁻¹), with emissions dominated by isoprene (0.22 Tg yr⁻¹), driven by a high isoprene emission 681 

factor (16 nmol m⁻² s⁻¹), thereby decoupling emission contribution from planted area. Under the SUIT scenario, 682 

emission hotspots are concentrated in south-central and tropical southern China (Fig. 10). In south-central China, 683 
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Liquidambar formosana plantations generate elevated isoprene fluxes, whereas in tropical southern China, extensive 684 

Eucalyptus plantations (1.91 Mha) produce 0.29 Tg yr⁻¹, supported by an isoprene emission factor reaching 16 nmol 685 

m⁻² s⁻¹ and favorable tropical climatic conditions, forming a secondary emission center. 686 

 687 

 688 

Figure 10 | Spatial patterns of BVOC emission increases under BIO and SUIT scenarios. Green shading indicates the spatial 689 

distribution of BVOC emission rates (ton grid⁻¹ hr⁻¹) from existing forest species (Exist-SPE), while yellow shading denotes the 690 

incremental BVOC emission rates attributable to A&R. Annotated values represent the annual BVOC emissions from Exist-SPE 691 

in 2019 and the corresponding emission increases under the BIO (4.65 Tg yr⁻¹) and SUIT (5.10 Tg yr⁻¹) scenarios, respectively. 692 

6 Conclusion and Discussion 693 

This study develops a species-resolved enhancement of the MEGAN framework for estimating BVOC emissions 694 

from China’s forests (https://doi.org/10.5281/zenodo.20396128, Liu et al., 2026), integrating four key 695 

improvements to the model inputs: a tree species distribution map derived from China Forest Vegetation Survey, a 696 

species-specific emission factor database compiled from 184 peer-reviewed studies, an updated MODIS LAI product 697 

(MCD15A2H), and a refined MODIS land cover classification (MCD12Q1). Applying this enhanced framework, we 698 

construct a species-resolved BVOC emission inventory for 234 dominant tree species across China’s forests in 2019, 699 

estimating total forest BVOC emissions at 10.26 Tg yr⁻¹ with a south-to-north decreasing gradient and a summer peak 700 

accounting for ~50% of the annual total. The five largest contributors – Pinus massoniana, Quercus liaotungensis, 701 

Phyllostachys edulis, Cunninghamia lanceolata, and Quercus variabilis – collectively accounted for 41.7% of total 702 

emissions while occupying only 25.4% of the forested area, indicating that emission magnitude is co-determined by 703 

intrinsic emission capacity, spatial coverage, and local climatic conditions. Several sources of uncertainty warrant 704 

consideration in interpreting these results. First, tree age influences both the magnitude and composition of BVOC 705 

emissions (Tian et al., 2026), yet age-related variation was not considered here. Seedlings have been reported to emit 706 

~50 % more isoprene and to be enriched in cyclic monoterpenes compared with mature trees (Tian et al., 2026). This 707 

limitation is particularly relevant for large-scale plantation forests, where trees are concentrated in active growth stages 708 

and age-dependent emission differences cannot be neglected. Second, the current model applies uniform stress-709 

response parameterizations across all tree species, neglecting interspecific heterogeneity in BVOC emission responses 710 

to environmental stressors. Heat stress, for instance, converts beech from a negligible to an active isoprene emitter 711 

while suppressing isoprene emissions in oak (Dey et al., 2026), underscoring the risk of systematic bias from species-712 

uniform stress-response parameterizations. Third, mixed-stand polygons were disaggregated using an equal-713 

proportion assumption in the absence of species-level stocking data, which may introduce allocation bias in 714 

structurally complex mixed forests. Addressing these uncertainties requires expanded field measurements across age 715 
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classes and underrepresented species, alongside high-resolution forest inventory data resolving species-level 716 

composition. 717 

Transitioning from PFT-level to species-resolved scheme represents an advance in biogenic emission modeling 718 

for China, enabling the detection of high-emitting species otherwise obscured by PFT averaging and yielding a more 719 

physically consistent representation of spatial emission heterogeneity. Our finding challenges the prevailing 720 

assumption that extensive forest area implies correspondingly high emissions – a misconception with non-trivial 721 

consequences for land management decisions. This insight reframes the interpretation of existing forest emissions and, 722 

by extension, the evaluation of planned afforestation. Because A&R programs inherently involve species selection, 723 

they determine the chemical composition of subsequent BVOC emissions. Specifically, the BIO scenario produces 724 

isoprene-dominated emission increments, whereas the SUIT scenario shifts the balance toward monoterpene-725 

dominated emissions, reflecting the combined influence of species-specific emission factor profiles, tree species 726 

selection, and regional climate gradients on national-scale BVOC composition. These contrasting atmospheric 727 

chemistry footprints carry implications that extend beyond differences in total BVOC flux, encompassing secondary 728 

organic aerosol formation, tropospheric ozone chemistry, and regional air quality – underscoring the need to integrate 729 

species-resolved biogenic emission considerations into future afforestation policy design. 730 

Appendix A  731 

 732 

Figure B1 | Spatial distribution and BVOC emission characteristics of the five most widely distributed tree species in BIO 733 

scenario. The five species ranked by forest area are Cunninghamia lanceolata (8.65 Mha), Quercus aquifolioides (8.43 Mha), 734 

Camellia sinensis (4.70 Mha), Juglans (3.20 Mha), and Castanopsis delavayi (2.65 Mha). Green shading indicates the spatial 735 

distribution of afforestation-induced BVOC emission increments (ton grid⁻¹ hr⁻¹), and numbers denote the annual increment in 736 

BVOC emissions attributable to A&R (Tg). 737 

 738 
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 739 

Figure B2 | BVOC emissions ranking at the tree species level in BIO scenario. Spatial distribution of afforestation-induced 740 

BVOC emission increments (ton grid-1 hr-1) for the five leading emitters: Quercus aquifolioides, Cunninghamia lanceolata, 741 

Quercus liaotungensis, Quercus variabilis, and Camellia sinensis, with annotated values representing the annual increment in 742 

BVOC emissions attributable to A&R (Tg yr-1). 743 

 744 

 745 

Figure B3 | Spatial distribution and BVOC emission characteristics of the five most widely distributed tree species in SUIT 746 

scenario. The five species ranked by forest area are Pinus yunnanensis (8.91 Mha), Pinus massoniana (7.32 Mha), Betula 747 

platyphylla (4.09 Mha), Pinus tabuliformis (4.05 Mha), and Pinus armandii (3.23 Mha). Green shading indicates the spatial 748 

distribution of afforestation-induced BVOC emission increments (ton grid-1 hr-1), and numbers denote the annual increment in 749 
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BVOC emissions attributable to A&R (Tg yr-1). 750 

 751 

 752 

Figure B4 | BVOC emissions ranking at the tree species level in SUIT scenario. Spatial distribution of afforestation-induced 753 

BVOC emission increments (ton grid-1 hr-1) for the five leading emitters: Pinus massoniana, Pinus yunnanensis, Eucalyptus, 754 

Liquidambar formosana, and Pinus tabuliformis, with annotated values representing the annual increment in BVOC emissions 755 

attributable to A&R (Tg yr-1). 756 

 757 

Table C1. Evaluation of predicted vs. observed LAI 758 

Month Pred Obs Bias r RMSE MAE 

Jan 27.01 22.33 4.68 0.65 16.52 10.67 

Feb 26.87 21.17 5.69 0.62 16.85 10.85 

Mar 31.14 25.61 5.53 0.69 17.24 10.43 

Apr 34.95 31.48 3.48 0.75 15.76 9.46 

May 41.26 35.65 5.61 0.73 16.34 10.33 

Jun 48.75 45.75 3.00 0.74 15.86 10.62 

Jul 58.80 52.76 6.04 0.74 16.44 11.19 

Aug 60.45 57.10 3.34 0.72 15.59 10.75 

Sep 50.84 48.65 2.19 0.72 15.59 10.01 

Oct 38.28 35.55 2.73 0.73 15.46 9.64 

Nov 34.24 29.64 4.60 0.76 16.02 9.73 

Dec 29.05 25.45 3.60 0.68 17.30 11.31 

 759 
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Table C2. Overview of WRF-Chem configurations 760 

Physical and Chemical Options Parameterization scheme 

Spatial resolution 27 km 

Microphysics Morrison 2-mom 

Cumulus Grell-3 

Planetary boundary layer MYNN2 

Longwave radiation RRTMG 

Shortwave radiation RRTMG 

Surface layer MYNN 

Land surface CLM4 

Gas-phase chemistry MOZART  

Aerosol module MOSAIC with aqueous chemistry 

 761 

Table C3. Comparison of simulated and observed BVOCs at four stations. 762 

MB 

Site 
isoprene monoterpenes 

Exist-SPE Exist-PFT Exist-SPE Exist-PFT 

DZ 0.77 1.74 -0.10 -0.77 

QYZ 0.58 1.88 0.29 0.49 

LA 2.06 1.22 0.39 0.96 

CBS 0.71 0.27 0.27 0.30 

RMSE 

DZ 1.23 2.24 2.90 2.91 

QYZ 0.68 2.09 0.63 0.76 

LA 2.96 2.01 0.48 1.19 

CBS 1.19 0.97 0.35 0.38 

MB denotes mean bias, RMSE denotes root mean square error, Exist-SPE represents the species-level approach, and 763 

Exist-PFT represents the traditional plant functional type approach. 764 

 765 

Table C4. BVOC emission factors for individual tree species 766 

Dominant species or Forest type isoprene (nmol m⁻² s⁻¹) monoterpenes (nmol m⁻² s⁻¹) 

Pinus massoniana 0.39  0.71  

Cunninghamia lanceolata 0.01  0.33  

Larix gmelinii 0.04  0.34  

Larix gmelinii Rupr. 0.04  0.34  

Quercus mongolica 18.01  0.10  

Quercus liaotungensis 34.00  0.30  

Pinus yunnanensis 0.00  0.45  
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Pinus tabuliformis 0.93  1.66  

Betula platyphylla 0.00  0.15  

Quercus aliena 13.16  0.12  

Phyllostachys edulis 23.65  0.08  

Pinus densata 0.00  0.45  

Picea asperata 10.50  0.16  

Quercus variabilis 25.02  0.74  

Populus spp. 37.00  0.07  

Populus davidiana 50.03  0.01  

Castanopsis eyrei 0.79  0.30  

Quercus aquifolioides 34.00  0.30  

Cupressus funebris 0.00  0.70  

Robinia pseudoacacia 20.00  0.05  

Pinus kesiya 0.00  0.45  

Eucalyptus 16.00  0.50  

Abies fargesii 0.10  0.20  

Camellia oleifera 0.11  0.03  

Castanopsis fargesii 0.00  0.30  

Hevea brasiliensis 0.09  2.22  

Citrus 0.00  0.40  

Picea likiangensis 5.91  0.35  

Betula 0.00  0.15  

Quercus spp. 34.00  0.30  

Castanea seguinii 0.00  0.30  

Betula dahurica 0.00  0.15  

Abies 0.10  0.20  

Quercus serrata 25.38  0.30  

Pinus armandii 0.03  0.78  

Pinus sylvestris 0.01  1.20  

Paulownia 0.00  0.15  

Picea spinulosa 5.00  0.35  

Schima superba 0.00  0.20  

Tilia tuan 0.00  0.20  

Acer pictum 0.00  0.13  

Fraxinus mandshurica 0.00  0.01  

Bambusoideae 12.00  0.08  

Pinus koraiensis 0.01  0.02  

Pinus elliottii 0.00  0.45  

Pinus hwangshanensis 0.00  0.45  
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Malus 0.00  0.04  

Juniperus tibetica 0.01  0.36  

Ulmus pumila 0.01  0.06  

Camellia sinensis 7.10  0.03  

Acacia confusa Merr. 0.62  0.30  

Abies georgei 0.10  0.20  

Populus tomentosa 61.53  0.08  

Tsuga dumosa 0.00  0.60  

Populus euphratica 37.00  0.07  

Tsuga 0.00  0.60  

Juglans 0.00  0.20  

Castanopsis carlesii 0.00  0.30  

Castanopsis calathiformis 0.00  0.30  

Castanea mollissima 0.00  0.30  

Juglans mandshurica 0.00  0.20  

Liquidambar formosana 33.00  0.40  

Castanopsis sclerophylla 0.00  0.30  

Illicium verum 0.01  0.01  

Cupressus torulosa 0.00  0.70  

Phellodendron amurense 0.00  0.40  

Populus ussuriensis 37.00  0.07  

Larix principis-rupprechtii 0.04  0.13  

Alnus nepalensis 0.00  0.02  

Castanopsis delavayi 0.00  0.30  

Abies delavayi sp. motuoensis 0.10  0.20  

Cryptomeria 0.01  0.86  

Terminalia myriocarpa 0.01  0.10  

Quercus chenii 34.00  0.30  

Pyrus communis 0.00  0.20  

Prunus persica 0.00  0.50  

Broadleaf Deciduous Boreal (Quercus) 14.00  0.30  

Alnus cremastogyne 0.00  0.02  

Litchi chinensis 0.01  0.45  

Betula utilis 0.00  0.15  

Pinus thunbergii 0.00  0.45  

Quercus glauca 94.70  0.33  

Platycladus orientalis 0.05  0.49  

Betula costata 0.00  0.15  

Cryptocarya concinna 10.70  3.01  
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Castanopsis chinensis 0.00  0.04  

Castanopsis tonkinensis 0.00  0.30  

Evergreen Cunninghamia lanceolata 0.01  0.33  

Pinus densiflora 0.00  0.68  

Toona ciliata 0.00  0.08  

Quercus semecarpifolia 34.00  0.30  

Lannea coromandelica 0.00  0.60  

Vernicia fordii 0.02  0.00  

Cyclobalanopsis glaucoides 94.70  0.33  

Castanopsis fargesil 0.00  0.30  

Ziziphus jujuba 11.75  0.16  

Larix potaninii 0.00  0.30  

Pistacia chinensis 1.00  0.10  

Albizia kalkora 2.00  0.25  

Larix mastersiana 0.00  0.30  

Pseudolarix amabilis 0.00  0.45  

Mangifera indica 32.50  0.60  

Cinnamomum camphora 0.00  0.00  

Zanthoxylum bungeanum 10.00  0.10  

Salix 37.00  0.10  

Bambusa emeiensis 12.00  0.08  

Picea likiangensis E.Pritz. 5.91  0.35  

Prunus mume 0.00  0.50  

Morus 0.00  0.10  

Fargesia 12.00  0.08  

Juniperus sabina 0.00  0.39  

Dacrycarpus imbricatus  0.00  0.45  

Dacrydium pectinatum 0.00  0.45  

Magnolia 0.00  0.20  

Pterocarya stenoptera 0.00  0.08  

Eucommia ulmoides 4.35  0.05  

Crataegus pinnatifida 0.00  0.10  

Eucalyptus maidenii 16.00  0.50  

Betula alnoides 0.00  0.15  

Pinus wallichiana 0.00  2.42  

Evergreen Pinus 0.80  0.50  

Rhus chinensis 5.00  0.60  

Lindera glauca 0.00  0.12  

Lithocarpus glaber 0.00  0.30  

https://doi.org/10.5194/egusphere-2026-3708
Preprint. Discussion started: 10 July 2026
c© Author(s) 2026. CC BY 4.0 License.



32 
 

Pinus palustris 0.00  0.45  

Populus nigra 45.30  0.21  

Acacia confusa 0.10  0.30  

Phoebe sheareri 0.00  0.12  

Cinnamomum pedunculatum 0.00  0.00  

Ginkgo biloba 0.01  0.44  

Dalbergia hupeana 7.03  0.30  

Quercus fabri 21.47  0.30  

Keteleeria 0.01  0.33  

Larix kaempferi 0.04  0.34  

Ficus microcarpa 16.00  0.08  

Phyllostachys reticulata 23.65  0.08  

Dendrocalamus latiflorus 12.00  0.08  

Bambusa sinospinosa 12.00  0.08  

Pinus taiwanensis 0.00  0.45  

Saraca Dysoxylum Eberhardtia 12.00  0.30  

Eucalyptus grandis 22.69  0.19  

Betula luminifera 0.01  0.15  

Populus adenopoda 37.00  0.07  

Sorbus 0.00  0.05  

Diospyros 0.00  0.10  

Casuarina 30.00  0.32  

Castanea henryi 0.00  0.30  

Populus szechuanica 37.00  0.07  

Metasequoia glyptostroboides 0.00  0.30  

Betula albosinensis 0.00  0.15  

Idesia polycarpa 37.00  0.10  

Prunus sect 0.00  0.50  

Quercus acutissima 0.02  0.30  

Canarium album 2.31  0.05  

Cyclobalanopsis oxyodon myrsinifolia 94.70  0.33  

Cotinus coggygria 0.00  0.60  

Houpoea officinalis 0.02  0.06  

Pinus caribaea 0.00  0.45  

Dendrocalamus giganteus 12.00  0.08  

Pinus latteri 0.00  0.45  

Phoebe zhennan 0.00  0.12  

Prunus americana 0.00  0.50  

Taiwania flousiana 0.01  0.33  
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Platyosprion platycarpum 10.00  0.16  

Osmanthus fragrans 0.04  0.00  

Sapium sebiferum 0.00  0.15  

Elaeagnus angustifolia 8.00  0.20  

Pinus taeda 0.00  0.45  

Ilex 0.10  0.20  

Eucalyptus globulus 23.82  1.35  

Fagus longipetiolata 0.00  0.15  

Melia azedarach 0.00  0.03  

Platycarya strobilacea 0.00  0.40  

Eucalyptus robusta 38.30  0.89  

Abies squamata 0.10  0.20  

Paulownia fargesii 0.00  0.15  

Fraxinus chinensis 0.25  0.02  

Moso bamboo 23.65  0.08  

Abies delavayi 0.10  0.20  

Dendrocalamus 12.00  0.08  

Alnus japonica 0.00  0.02  

Prunus sibirica 0.00  0.50  

Sassafras tzumu 0.00  0.03  

Carpinus turczaninowii 0.00  0.02  

Cornus controversa 0.50  0.03  

Picea crassifolia 5.00  0.35  

Christmas tree 12.00  0.30  

Populus lasiocarpa 0.00  0.20  

Dimocarpus longan 0.86  0.10  

Quercus stewardii 34.00  0.30  

Camphora septentrionalis 0.00  0.00  

Quercus variabilis Blume 13.16  0.12  

Phyllostachys heteroclada 23.65  0.08  

Machilus-Castanopsis 0.00  0.12  

Kandelia obovata 12.00  0.19  

Populus alba var. pyramidalis 37.00  0.07  

Eucalyptus urophylla 8.59  0.09  

Styphnolobium japonicum 6.02  0.03  

Phyllostachys bambusoides f. shouzhu 23.65  0.08  

Camptotheca acuminata 30.00  0.08  

Kalopanax septemlobus 12.00  0.30  

Phyllostachys bissetii 23.65  0.08  
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Phyllostachys glauca 23.65  0.08  

Chimonobambusa quadrangularis 12.00  0.08  

Toona sinensis 0.00  0.08  

Pinus henryi 0.00  0.45  

Leucaena leucocephala 0.00  0.01  

Cyclobalanopsis multinervis 94.70  0.33  

Coffea 0.00  0.15  

Phyllostachys reticulata 23.65  0.08  

Punica granatum 0.01  0.03  

Rhus verniciflua 5.00  0.60  

Pseudotsuga sinensis 0.00  0.20  

Machilus 0.00  0.12  

Trachycarpus fortunei 24.32  0.15  

Prunus pseudocerasus 0.00  0.50  

Taxus wallichiana 8.00  0.15  

Pyrus betulifolia 0.00  0.20  

Pleioblastus amarus 12.00  0.08  

Styphnolobium japonicum Schott 6.02  0.03  

Drepanostachyum fractiflexum 12.00  0.08  

Eriobotrya japonica 1.00  0.10  

Vachellia 0.00  2.00  

Macadamia integrifolia 12.00  0.30  

Ternstroemia gymnanthera 0.01  0.20  

Cornus walteri 0.50  0.03  

Larix speciosa 0.00  0.30  

Rhizophora stylosa 0.00  0.07  

Xanthoceras 0.00  0.12  

Other evergreen coniferous forests 0.80  0.50  

Other evergreen broad-leaved forests 12.00  0.30  

Other Broadleaf Evergreen forests 10.00  0.30  

Other Broadleaf Deciduous Tree 12.00  0.30  

Broadleaf Deciduous Tree 8.00  0.30  

Broadleaf Evergreen Tree 12.00  0.30  

 767 

Data availability 768 

The 1:1000000 forest type vector map from the 2013-2017 forest inventory is available at 769 

http://www.doi.org/10.12041/geodata.43370179401687.ver1.db (Chen et al., 2020). The MODIS Land Cover Type 770 

product (MCD12Q1) is obtained from https://doi.org/10.5067/MODIS/MCD12Q1.061 (Friedl et al., 2022). The 771 
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MODIS Terra/Aqua Leaf Area Index combined product (MCD15A2H) is available at 772 

https://doi.org/10.5067/MODIS/MCD15A2H.061 (Myneni et al., 2021). The Multi-resolution Emission Inventory for 773 

China is obtained from http://meicmodel.org.cn/ (Cheng et al., 2023). The Final Analysis dataset is available from 774 

https://doi.org/10.5065/D6M043C6 (NCEP, 2000). The monthly BVOC emission inventories generated in this study 775 

are publicly available at https://doi.org/10.5281/zenodo.20396128 (Liu et al., 2026) 776 
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