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Abstract. Isoprene is a reactive biogenic volatile organic compound whose atmospheric impacts depend strongly on spatio-

temporal emission patterns. Because Chinese inventories often rely on coarse or static land-cover information, we quantified 

how annual land-cover dynamics altered isoprene emissions across China during 2000–2025. Using a Google Earth Engine 10 

implementation of the Model of Emissions of Gases and Aerosols from Nature (MEGAN), driven by Landsat and Sentinel-2 

land cover, satellite leaf area index, and 0.1° ERA5-Land meteorology, emissions were calculated on native 10–30 m grids. 

These were aggregated to an hourly 100 m output and compared with a 0.25° coarse simulation. National emissions averaged 

9.87 ± 1.53 Tg yr-1, increasing from 8.49 in 2000 to 12.35 Tg yr-1 in 2025. Following a non-significant trend (2000–2012), 

emissions increased by 0.23 Tg yr-1 during 2013–2025 (p < 0.05), driven by temperature (40.4%) and land-cover change 15 

(39.6%). Crucially, fine land-cover data yielded a national mean only 6.2% lower than the coarse simulation, yet exposed 

massive regional contrasts: +101.2% in Beijing–Tianjin–Hebei and −20.2% in the Pearl River Delta. Regional seasonality also 

varied, with summer contributing 49.4% of emissions in Southwest China versus 78.8% in the Northeast. Therefore, national-

level agreement between inventories can mask substantial regional redistributions, with major implications for biogenic 

volatile organic compound inputs to atmospheric chemistry models. Estimates remain sensitive to satellite product transitions, 20 

default MEGAN emission factors, land-cover-to-plant-functional-type conversion, and meteorological forcing. 

 

1 Introduction 

Biogenic volatile organic compounds (BVOCs) constitute a major fraction of terrestrial non-methane volatile organic 

compound emissions, and isoprene is typically the largest individual component (Guenther et al., 1995, 2006; Arneth et al., 25 

2011; Guenther et al., 2012). Isoprene reacts rapidly with atmospheric oxidants and therefore influences both the oxidation 

capacity and the chemical lifetimes of the atmosphere (Atkinson and Arey, 2003; Lelieveld et al., 2008; Wells et al., 2020). Its 

oxidation can promote ozone (O3) production in the presence of NOx, while oxidation products can contribute to secondary 

organic aerosol (SOA) formation (Sillman, 1999; Claeys et al., 2004; Paulot et al., 2009; Lin et al., 2013). Consequently, the 
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atmospheric relevance of an isoprene inventory depends not only on its total annual mass, but also on the location and timing 30 

of emissions (Wells et al., 2020; W. Wang et al., 2024). 

The spatial and temporal structure of isoprene emissions is governed by the interaction between vegetation properties and 

canopy conditions. In MEGAN (Model of Emissions of Gases and Aerosols from Nature)-type formulations, plant functional 

type (PFT), vegetation composition and emission factor determine the standard emission potential, whereas leaf area index 

(LAI), leaf age, radiation, and temperature regulate the activity factor (Guenther et al., 2006, 2012). This factorization provides 35 

a physically interpretable framework, but it also makes the inventory sensitive to how vegetation is represented. Field 

measurements in China show substantial variability among plant species and ecosystems, and do not always agree with 

emission factors transferred from global databases (Klinger et al., 2002; Geron et al., 2006; Han et al., 2026). Land cover 

classification and the subsequent conversion to PFT can therefore change both the amount and the type of emitting vegetation 

assigned to a grid cell. For example, land cover and PFT choices produced larger differences in estimated emissions than 40 

alternative LAI products in Beijing (Mo et al., 2018; Wang et al., 2018). Thus, uncertainty and differences among inventories 

arise not only from the spatial resolution of land-cover inputs but also from classification errors that alter the composition of 

emitting vegetation and the resulting standard emission potential. 

Fine spatial representation is particularly important in heterogeneous landscapes. Coarse or static land cover inputs can mix 

forests, cropland, urban green space and forest edges within the same cell, smoothing emission gradients and redistributing 45 

source strength among neighbouring regions (Pfister et al., 2008; Wang et al., 2018; Li et al., 2019; Ma et al., 2022; Zhang et 

al., 2020; Zhang et al., 2025). Such redistribution matters for air-quality applications because the response of O3 to BVOCs 

depends nonlinearly on the local chemical regime, including the balance between VOC and NOx reactivity (Sillman, 1999; 

Jin and Holloway, 2015). China-wide sensitivity studies have consequently reported appreciable changes in simulated BVOC 

emissions and in the resulting O3 and SOA fields when land-cover and vegetation inputs are changed (Fu and Liao, 2014; Ma 50 

et al., 2023). These results do not imply that every difference between inventories is caused by nominal grid size alone. They 

do show that the spatial allocation of vegetation, especially in fragmented forests and urban landscapes, is a scientifically 

relevant part of the emission estimate. 

Under common meteorological forcing, it remains unclear whether finer, dynamically updated land-cover information 

produces only modest changes in national isoprene emissions or also redistributes emissions among regions and alters their 55 

long-term trends. This question is particularly relevant to China, which has undergone pronounced greening and land-system 

change, while warming, heat waves, ecological restoration, agricultural intensification and urban expansion have modified 

both vegetation distribution and the meteorological controls on emissions (Bryan et al., 2018; Chen et al., 2019; Ma et al., 

2019, 2022). Meteorology can dominate short-term variability, whereas persistent changes in land cover, LAI and vegetation 

composition can shift the longer-term emission baseline (Fu and Liao, 2012; Wang et al., 2021; Cao et al., 2024; H. Wang et 60 

al., 2024). Existing inventories have progressively improved their temporal coverage and vegetation representation, but they 

necessarily make different trade-offs. China-focused studies have used reconstructed biomass, periodic land-cover products or 

kilometer-scale vegetation fields, while global MEGAN-based products provide consistent long-term records at approximately 
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0.25–0.5° and commonly report monthly means or daily profiles rather than an hourly, vegetation-resolved field (Fu and Liao, 

2012; Wang et al., 2021; Cao et al., 2022; Sindelarova et al., 2014, 2022). Satellite inversions provide an additional 65 

observational constraint, but their available periods and retrieved quantities do not substitute for a continuous bottom-up 

emission field for regional modelling (Li et al., 2025). Cross-study comparisons therefore cannot readily isolate how vegetation 

representation shapes regional emission patterns and long-term trends. Regional changes of opposite sign may cancel in the 

national total, yet still alter the emission inputs relevant to regional atmospheric chemistry. 

To address this question, we used the Google Earth Engine-based Model of Emissions of Gases and Aerosols from Nature 70 

(GEE-MEGAN) to construct ISOP-China-100m, an hourly record of isoprene emissions across China from 2000 to 2025. The 

dataset was generated with the GEE-MEGAN, which retains the MEGAN version 2.1 (MEGAN2.1) emission response 

functions while integrating dynamic satellite observations within Google Earth Engine (Guenther et al., 2012; Gorelick et al., 

2017; Zhang et al., 2025). Annual Landsat and, where available, Sentinel-2 observations describe land cover on native 10–

30 m grids; these data are combined with satellite LAI and hourly ERA5-Land meteorology, and the resulting emissions are 75 

area-aggregated to a 100 m output grid (Muñoz-Sabater et al., 2021; Zhang et al., 2025). The resulting product combines three 

characteristics not jointly represented by the existing datasets considered here: 100 m vegetation-resolved output, hourly 

temporal resolution, and continuous 26-year coverage. We evaluate the underlying annual land-cover record against 

independent reference data, characterize spatial and temporal variability from national to prefecture scales, compare ISOP-

China-100m, generated using the default MEGAN2.1 emission factors, with a companion 0.25° MEGAN2.1-MODIS 80 

configuration, and use statistical decomposition to examine the factors associated with long-term changes. Together, these 

analyses clarify how dynamic vegetation representation shapes the spatial and temporal distribution of isoprene emissions 

relevant to regional atmospheric chemistry. 

2 Data and methods 

2.1 Dataset design 85 

We estimated hourly isoprene emissions using the Google Earth Engine-based Model of Emissions of Gases and Aerosols 

from Nature (GEE-MEGAN), a novel computational framework we developed as an extension of MEGAN2.1 (Guenther et 

al., 2012; Zhang et al., 2025). The core innovation of GEE-MEGAN is its ability to leverage the established MEGAN2.1 

emission algorithms while dynamically integrating annual, high-resolution (10–30 m) satellite-derived land cover and 

vegetation data. This advancement enabled an unprecedented 26-year (2000–2025) simulation of hourly emissions across 90 

China, including Taiwan, at a 100-m output resolution. Computationally, the domain was processed in 1°×1° tiles. Within each 

tile, key parameters like Plant Functional Type (PFT) fractions and standard emission potentials were resolved at the native 

10–30 m resolution of the satellite inputs before being aggregated to the final 100 m emission grid. It is important to note that 

while this captures fine-scale heterogeneity in vegetation, the meteorological forcing was resampled without adding sub-grid 

scale information. 95 
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To benchmark our high-resolution product and compare vegetation input configurations, we developed a companion 

simulation, termed MEGAN2.1-MODIS-0.25°. This simulation represents a more conventional approach, generating 

emissions at a coarser 0.25° resolution (~27 km). It used the same core emission equations and ERA5-Land meteorology but 

different land cover and LAI inputs. PFT fractions were derived from the standard MODIS land cover product (MCD12Q1.061; 

Friedl and Sulla-Menashe, 2022). For clarity, our high-resolution (100 m) isoprene product is formally named ISOP-China-100 

100m used the GEE-MEGAN satellite LAI workflow with MODIS supplementation (Table 1). The coarse-resolution 

companion dataset is denoted as MEGAN2.1-MODIS-0.25°. Table 1 summarizes the configurations of these two datasets.  

Table 1. Input datasets and output grids of ISOP-China-100m and the companion MEGAN2.1-MODIS-0.25° simulation. 

Dataset Model Meteorology Leaf Area Index Land Cover Output Grid 

ISOP-China-100m GEE-MEGAN 
ERA5-Land, 

hourly, 0.1° 

LAI retrieved from Landsat 

observations and with 

MOD15A2H.061, 

MCD15A3H.061, 

MYD15A2H.061  

Annual 

Landsat/Sentinel 

classification 
100 m 

MEGAN2.1-MODIS-0.25° MEGAN2.1 
ERA5-Land, 

hourly, 0.1° 

MOD15A2H.061, 

MCD15A3H.061, 

MYD15A2H.061 
MCD12Q1.061 0.25° 

2.2 GEE-MEGAN emission formulation  

The GEE-MEGAN framework calculates the hourly isoprene flux, E(x, t), for each grid cell (x) as the sum of emissions from 105 

all constituent Plant Functional Types (PFTs): 

𝐸(𝑥, 𝑡) = ∑ 𝛾𝑖(𝑥, 𝑡)×EFi×Fi(x,y)𝑛
𝑖=1           (1) 

In Eq.(1), where EFi is the standard-condition isoprene emission factor for PFTi (in μg m⁻2 h⁻1), Fi(x,y) is its fractional cover 

in a given year y, and γi is the dimensionless emission activity factor that modulates the base emission. Critically, this 

formulation ensures that the total grid-cell emission is a dynamically weighted sum based on the high-resolution PFT 110 

distribution, with non-vegetated fractions assigned zero emission potential. 

The activity factor, γ, encapsulates the environmental controls on emissions and is defined in Eq.(2):  

γ
i
(x,t)=CCE×LAI(x,t)×γ

P,i
(x,t)×γ

T,i
(x,t)×γ

A,i
(x,t)×γ

SM
(x,t)×γ

CO2
(x,t)      (2) 

Here, CCE is the canopy-environment coefficient, while P, T, and A represent the response functions for light, temperature, 

and leaf age, respectively. This study utilized the full multilayer canopy energy balance option within MEGAN2.1 to derive 115 

these terms. As a deliberate choice to isolate the primary biophysical drivers, the soil-moisture (γSM) and CO2 inhibition (CO2) 

terms were disabled by setting them to 1. A key component of our high-resolution approach is the dynamic LAI, generated via 
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the GEE-MEGAN satellite workflow (Zhang et al., 2025). Landsat observations with scene cloud cover below 20% were 

selected between the MODIS LAI dates bracketing each casslculation time and used to retrieve LAI. To create a temporally 

complete and robust LAI time series, gaps from cloud contamination or infrequent satellite revisits in our primary data were 120 

systematically filled using a hierarchy of MODIS products (MOD15A2H.061, MCD15A3H.061, MYD15A2H.061; Myneni 

et al., 2021a,b,c). The light and temperature algorithms were driven by current-hour meteorology as well as the 24-hour and 

240-hour historical conditions, consistent with the original MEGAN2.1 formulation (Guenther et al., 2012). 

2.3 Meteorology 

To drive the emission model, we used hourly meteorological data from the ERA5-Land reanalysis for the period 2000–2025. 125 

This dataset was selected for its high spatial resolution (0.1°) and its consistent, state-of-the-art data assimilation system 

(Muñoz Sabater, 2019; Muñoz-Sabater et al., 2021). The required variables included 2 m air temperature, 2 m dew-point 

temperature, surface pressure, 10 m zonal and meridional wind components, and downward surface solar radiation. Water-

vapour variable (QV; kg kg-1) was derived from dew-point temperature and surface pressure. 

A crucial preprocessing step involved converting the accumulated surface solar radiation (J m⁻2) from ERA5-Land into the 130 

Photosynthetic Photon Flux Density (PPFD, μmol m⁻2 s⁻1) required by MEGAN. First, hourly mean downward solar radiation 

(SRR; W m-2) was calculated by differencing consecutive accumulations. PPFD was then estimated using the established 

relationship: PPFD≈2.25×SRR. This coefficient approximates the conversion from total irradiance to photosynthetically 

active photon flux (McCree, 1972; Jacovides et al., 2004). The ERA5-Land SRR input includes direct and diffuse radiation 

and already represents cloud effects on radiation (Muñoz-Sabater et al., 2021). All meteorological fields, including their 24-135 

hour and 240-hour histories, were computed on an hourly time axis before being ingested by the emission model. 

2.4 Satellite observations and vegetation cover  

The foundation of our high-resolution emissions inventory is a set of annual land cover maps produced at 10–30 m resolution. 

To achieve unprecedented spatiotemporal consistency from 2000 to 2025, we developed a data fusion methodology within 

Google Earth Engine (Gorelick et al., 2017) that leverages the entire Landsat Collection 2 (Tier 1) and Sentinel-2 archives 140 

(Drusch et al., 2012; EROS Center, 2020a, b, c). This multi-sensor approach (Landsat 5/7/8/9 and Sentinel-2) maximized data 

availability, resulting in a dense collection of 370,929 quality-filtered optical scenes (Fig. S1). 

Rigorous pre-processing was applied to ensure the quality of the input data. Scenes with >20% cloud cover were excluded, 

and pixels contaminated by clouds, shadows, snow, or sensor saturation were masked using a combination of sensor-specific 

quality assurance (QA) layers. We elected six corresponding reflectance bands from each sensor (blue, green, red, NIR, SWIR1 145 

and SWIR2) and expressed them on a common numerical scale before constructing annual composites. For each year, these 

quality-controlled observations were aggregated into an annual median composite. To enhance the classifier's performance, 
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we derived a suite of five well-established spectral indices (e.g., NDVI, EVI) as additional predictor variables (Tucker, 1979; 

Huete et al., 2002; Rikimaru et al., 2002; Zha et al., 2003; Xu, 2006). 

Our land cover classification employed a random forest classifier (Breiman, 2001) trained using a novel data-fusion approach 150 

that synthesized training labels from multiple authoritative sources, including GLC_FCS30D, Copernicus land cover, 

MCD12Q1.061, and ESA WorldCover 2020 (Copernicus Climate Change Service, 2019; Zanaga et al., 2021; Friedl and Sulla-

Menashe, 2022; Liu et al., 2023; Zhang et al., 2024). This strategy overcomes the limitations of any single product. The training 

was further constrained using ancillary datasets on global canopy height, forest change, and impervious surfaces to improve 

the distinction between woody vegetation, built-up land, and areas of change (Hansen et al., 2013; Huang et al., 2021; Lang et 155 

al., 2023). All labels were cross-walked to the 17-class IGBP scheme. To ensure a complete time series, data from years outside 

the native range of these auxiliary products were carefully extrapolated. The final annual IGBP maps were then translated into 

16 PFT classes by integrating information on canopy height and Köppen–Geiger climate zonation (Beck et al., 2018), linking 

the mapped landscape to the biophysical parameters of the emission model. 

2.5 Standard isoprene emission potential 160 

From the annual PFT maps, we calculated the standard-condition isoprene emission potential, EP(x, y) in Eq.(3), which 

represents the baseline emission capacity of the landscape before environmental modulation. It was computed for each grid 

cell (x) and year (y) by weighting the PFT-specific standard emission factors (EFi, from Table S2) by their corresponding 

fractional area (Fi), following the methodology of MEGAN2.1 and GEE-MEGAN (Guenther et al., 2012; Zhang et al., 2025): 

EP(x,y)=∑ EFi
n
i=1 ×Fi(x,y)           (3) 165 

This key variable (in μg m⁻2 h⁻1) represents land cover changes in emission potential under fixed MEGAN2.1 emission factors, 

as it only varies annually with the PFT fractions. The final hourly emissions were then obtained by applying the environmental 

activity factor (γ, from Eq. (2)) to this baseline potential.  

2.6 Evaluation and statistical analysis 

We employed a multi-faceted strategy to rigorously evaluate our model and the resulting emission inventory. This involved 170 

(1) independent land cover accuracy assessment, (2) model sensitivity analysis using a machine learning surrogate, (3) robust 

statistical trend attribution, and (4) compared GEOS-Chem HCHO columns with satellite observations. 

First, to independently validate our annual land cover maps, we used the GLanCE training dataset (Stanimirova et al., 2023), 

a source explicitly not used during classifier training. We assessed the accuracy of our maps against 2,815 high-confidence 

reference sites (54,695 site–year records) across China from 2000–2020 using a confusion matrix approach (Olofsson et al., 175 

2014; Fig. S5). Performance was quantified using standard metrics including overall accuracy, balanced accuracy, macro-

averaged F1 score, and Cohen's κ to provide a comprehensive view of classification quality (Cohen, 1960; see Text S1). 
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Second, to probe the behavior of the computationally intensive GEE-MEGAN model and attribute emission drivers, we 

developed an Extreme Gradient Boosting (XGBoost) surrogate model (Chen and Guestrin, 2016). The surrogate's ability to 

faithfully reproduce monthly ISOP-China-100m outputs was confirmed using robust, spatially and temporally blocked cross-180 

validation, which prevents data leakage (Roberts et al., 2017). This validated surrogate then enabled both a one-at-a-time 

sensitivity analysis and a formal driver attribution using grouped Shapley values, which precisely quantifies the contribution 

of each input variable to the final emission estimate (Shapley, 1953; Lundberg and Lee, 2017; see Texts S2–S4). 

Finally, we analyzed spatiotemporal trends in the 26-year emission product using ordinary least squares, with the Theil–Sen 

estimator employed as a robust non-parametric check (Theil, 1950; Sen, 1968). To control for false positives in spatially 185 

explicit trend analysis, significance at the prefecture level was adjusted using the Benjamini–Hochberg false-discovery-rate 

correction (Benjamini and Hochberg, 1995). The stability of inter-annual variability was further confirmed using circular 

moving-block bootstrap resampling. 

As an additional large-scale evaluation, we conducted paired GEOS-Chem Classic v14.7.1 (Bey et al., 2001) full-chemistry 

simulations for each July from 2005 to 2025 at 4° × 5° resolution. Within China, the default biogenic isoprene emissions were 190 

replaced separately by hourly ISOP-China-100m (GEE-MEGAN) and MEGAN2.1-MODIS emissions, while emissions 

outside China and all other model inputs were kept identical. Model tropospheric HCHO columns sampled at 13:00–14:00 

local solar time were compared with the corresponding NASA OMI OMHCHOd V003 daily product on a 0.1° grid (Chance, 

2019). Satellite pixels were area-weighted to the model grid, and monthly cells required at least five matched days. 

Performance was evaluated using normalized mean bias (NMB), root-mean-square error (RMSE), the spatial Pearson 195 

correlation coefficient, and the interannual Pearson correlation coefficient. 

3 Data characteristics and discussion 

3.1 National spatial and temporal characteristics 

Our high-resolution ISOP-China-100m inventory reveals a profoundly heterogeneous isoprene emission landscape across 

China, with major source regions concentrated in the forested parts of the south, southeast, and northeast, contrasting sharply 200 

with the arid northwest and the Tibetan Plateau (Fig. 1a). At its 100 m resolution, the model output shows distinct emission 

features corresponding to mountain forests, fragmented vegetation, cropland boundaries, and urban green space. When these 

data are aggregated to a 0.25° grid, these fine-scale details are averaged into a single value. This within-grid heterogeneity is 

not resolved in inventories based on coarser-resolution data (Wang et al., 2018, 2021; Ma et al., 2022; Zhang et al., 2025). The 

underlying vegetation record was constructed from 370,929 optical satellite scenes, with Landsat 7 (29.3%) and Sentinel-2 205 

(28.0%) being the primary contributors by scene count (Fig. 1b and c; Fig. S1).  
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Figure 1 Multiyear mean isoprene emissions and remote-sensing data coverage over China. (a) Spatial distribution of the 2000–2025 

mean annual ISOP-China-100m dataset isoprene emission flux. (b) Temporal coverage of the Landsat and Sentinel-2 sensors. (c) 

Relative scene contributions of the five selected satellite sensors to the total used dataset (n = 370,929 scenes). 210 

At the national scale, total annual emissions from ISOP-China-100m increased from 8.49 Tg in 2000 to 12.35 Tg in 2025, with 

a 26-year average of 9.87 ± 1.53 Tg yr⁻1 (Fig. 2a). For comparison, a parallel simulation using MEGAN2.1 with MODIS 

(MEGAN2.1-MODIS-0.25°) vegetation data yielded an average of 10.51 Tg, making the ISOP-China-100m dataset estimate 

lower by 0.65 Tg (~6.2%). The difference between the two model outputs was not constant over the study period. For 2000–

2012, the ISOP-China-100m estimate was 1.13 Tg lower than the MEGAN2.1-MODIS-0.25° dataset estimate; for 2013–2025, 215 

this difference narrowed to 0.16 Tg. A discontinuity in the national emission time series was observed between 2012 and 2013, 

which coincided with the transition of the primary Landsat sensor from Landsat 5 to Landsat 8. For this reason, a segmented 

trend analysis was performed. The analysis yielded a slope of +0.022 Tg yr⁻1 for the 2000–2012 period (p>0.05) and +0.23 Tg 

yr⁻1 for the 2013–2025 period (p<0.05). The MODIS-driven comparison also showed an increasing similar trend during 2013–

2025 (Fig. 2a). Annual maps from both simulations and their differences are provided in Figs. S2-S4. 220 
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Figure 2 Temporal variability of isoprene emissions over China from 2000 to 2025. (a) Annual total emissions simulated by ISOP-

China-100m and MEGAN2.1-MODIS-0.25° dataset. Dashed lines indicate fitted linear trends, and shaded areas represent pointwise 

95% confidence intervals. (b) Mean monthly variation for both simulation frameworks, with shading representing ±1 standard 

deviation. (c) Mean daily annual cycle from ISOP-China-100m dataset, with shading representing ±1 standard deviation. (d) Mean 225 
hourly contributions to daily total emissions from ISOP-China-100m and MEGAN2.1-MODIS-0.25° dataset. 

In contrast to the complex interannual variability, the seasonal and diurnal emission cycles exhibit a robust and predictable 

pattern. Monthly emissions increased during spring, peaked in July at approximately 2.6 Tg month⁻¹, and declined after August 

(Fig. 2b). On a daily basis, emissions were close to zero at night and peaked near 13:00 China Standard Time, when one hour 

contributed about 13% of the daily total (Fig. 2d). The timing of these cycles aligns with the light and temperature response 230 

functions within the MEGAN2.1 model. Since both ISOP-China-100m and the comparative MEGAN2.1-MODIS-0.25° 

dataset used the same meteorological forcing data, the differences in emission magnitudes between them are attributable to the 

differences in the vegetation inputs and their respective spatial representations. 

3.2 Regional Heterogeneity in Emission Budgets and Phenology 

The national isoprene emission budget was unevenly distributed among the seven study regions. South China (SC), East China 235 

(EC), and Southwest China (SWC) were the dominant source areas, collectively accounting for approximately 69% of the total 
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China. SC contributed the largest share (2.89 ± 0.52 Tg), followed by EC (2.24 ± 0.40 Tg) and SWC (1.62 ± 0.31 Tg). In 

contrast, emissions from Northwest China (NWC) and the Tibetan Plateau (TP) were substantially lower, at 0.25 ± 0.05 and 

0.13 ± 0.02 Tg, respectively (Table 2; Fig. 3a–c). This spatial distribution aligns with the known influence of vegetation 

composition and the prevalence of high-emitting species on regional isoprene source strength in China (Klinger et al., 2002; 240 

Bai et al., 2006; Geron et al., 2006). 

 

Figure 3 Regional and seasonal variations in isoprene emissions across China (2000–2025). (a) Geographical definitions of the seven 

regional divisions. (b) Annual ISOP-China-100m dataset categorized by region. (c) Annual percentage contributions of each region 

https://doi.org/10.5194/egusphere-2026-5116
Preprint. Discussion started: 14 October 2026
c© Author(s) 2026. CC BY 4.0 License.



11 

 

to the combined emissions from the seven regions. (d) Regional annual emission totals and long-term trends comparing ISOP-China-245 
100m and MEGAN2.1-MODIS-0.25° dataset. Mean (e) monthly and (f) seasonal emission contributions by region. (g) Mean daily 

emission patterns. D10 and D90 denote the dates when cumulative annual emissions reach 10% and 90%, respectively; the interval 

D10 - D90 defines the main emission season. (h) Trends in peak emission dates, peak magnitudes, and the length of the emission 

season. Points and error bars represent Theil–Sen estimator slopes and their 95% confidence intervals. 

A key finding is that the ISOP-China-100m and MEGAN2.1-MODIS-0.25° datasets yielded divergent regional estimates, with 250 

the direction and magnitude of the difference varying by region (Fig. 3d). ISOP-China-100m estimates were lower than 

MEGAN2.1-MODIS-0.25° datasets in SWC (−23.9%), SC (−13.0%), and EC (−4.7%), but higher in NWC (+19.0%), the 

North China Plain (NCP; +27.2%), and the Northeast China Plain (NECP; +9.8%). These inter-model discrepancies correspond 

to systematic differences in land cover characterization between the ISOP-China-100m and MEGAN2.1-MODIS-0.25° dataset 

(Table S1). Specifically, the vegetation map used to produce ISOP-China-100m identified a greater fraction of tree cover 255 

(23.46% vs. 18.17%) and shrub (7.02% vs. 5.20%) cover, while reducing the grass fraction (20.15% vs. 35.19%). The net 

effect on emissions is determined by the balance between two competing mechanisms: 1) the explicit mapping of high-emitting 

woody vegetation previously unclassified in coarse pixels, and 2) the separation of lower- or non-emitting surfaces (e.g., 

cropland, non-vegetated land) from pixels formerly classified as mixed forest. The regional differences reflect the combined 

effects of fine-scale vegetation representation, LAI and spatial aggregation. 260 

Beyond magnitude, the regions exhibited distinct emission patterns (Fig. 3e, f). Northern regions such as NWC, NCP, and 

NECP were characterized by sharply peaked summer cycles, with over 74% of annual emissions occurring in June–August. 

In contrast, SWC displayed a broader spring-to-autumn season, with comparable contributions from July (18.8%) and August 

(19.1%), while the TP showed the broadest and latest seasonal distribution, peaking in August. These differences in seasonal 

breadth are mirrored in the timing of peak emissions (Fig. 3g, h). The mean peak date occurred earliest in the NCP (30 June) 265 

and latest on the TP (6 August). Correspondingly, the 10%–90% emission window was shorter in NWC, NCP, and NECP 

compared to SWC and the TP. 

Over the 26-year period, positive descriptive trends were observed across all regions, with the largest absolute increases 

occurring in SC (+0.055 Tg yr⁻¹), SWC (+0.034 Tg yr⁻¹), and NCP (+0.035 Tg yr⁻¹). Theil-Sen analysis of the seasonal cycle 

indicates that this long-term increase was primarily expressed as an amplification of the seasonal peak magnitude, rather than 270 

a systematic shift in the timing or duration of the emission season. This suggests that regional changes were driven more by 

factors influencing emission intensity than by those altering phenological timing. 

3.3 Heterogeneity of High-Resolution Effects at Regional and Sub-Regional Scales 

The discrepancies between ISOP-China-100m and MEGAN2.1-MODIS-0.25° dataset were more pronounced at the scale of 

key economic regions than at the national level (Fig. 4). The regional percentage differences below were calculated from the 275 

mean of annual emission ratios over 2000–2025, using MEGAN2.1-MODIS-0.25° emissions as the denominator. Estimates 

from ISOP-China-100m dataset were higher in the Beijing–Tianjin–Hebei region (BTH; +101.2%), the Yangtze River Delta 

(YRD; +13.1%), the Shandong Peninsula (SP; +446.4%), and the Central Plains (CP; +35.4%). Conversely, estimates were 
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lower in the Pearl River Delta (PRD; -20.2%), the Chengdu–Chongqing Economic Circle (CCEC; -15.3%), and the Middle 

Reaches of the Yangtze River (MRYR; -16.2%). The opposing signs of these regional differences indicate that the modest 6.2% 280 

national-level difference results from the cancellation of larger, countervailing effects at sub-national scales, rather than from 

uniformly small differences at the grid level. 

 

Figure 4 Spatial distribution and long-term differences in isoprene emissions across seven key regions. (a) Locations of the seven 

defined regions in China. (b–d) Annual emissions and linear trends for three distinct focus areas: the Beijing–Tianjin–Hebei (BTH) 285 
region, the Yangtze River Delta (YRD), and the Pearl River Delta (PRD). (e) Mean annual spatial emission ratios between ISOP-

China-100m and MEGAN2.1-MODIS-0.25° dataset across the domains. 

For BTH, the mean emission estimate from ISOP-China-100m was 0.182 ± 0.043 Tg, double the MEGAN2.1-MODIS-0.25° 

dataset of 0.091 ± 0.024 Tg (Table 2; Fig. 4b). The derived long-term trend was also larger in the high-resolution simulation 

(+0.0044 Tg yr⁻¹ vs. +0.0029 Tg yr⁻¹). In the YRD, while the difference in a mean emission was smaller, the ISOP-China-290 
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100m trend was +0.0092 Tg yr⁻¹ (p = 0.021), whereas the trend from the coarse simulation was not statistically significant 

(+0.0035 Tg yr⁻¹, p = 0.262) (Fig. 4c). This demonstrates that the choice of land cover and vegetation changes can influence 

not only the absolute emission magnitude but also the magnitude and statistical significance of derived long-term trends. 

Table 2 Annual mean isoprene emissions and descriptive full-period trends in typical regions, 2000–2025. 

Regions 
ISOP-China-100m 

mean ± SD (Tg yr⁻¹) 

ISOP-China-100m  

Trends (Gg yr⁻1) 

MEGAN2.1-MODIS-0.25°  

mean ± SD (Tg yr⁻¹) 

MEGAN2.1-MODIS-0.25°  

Trends (Gg yr⁻1) 

TP 0.13 ± 0.02 1.5 0.16 ± 0.02 0.9 

SWC 1.62 ± 0.31 34.3 2.13 ± 0.30 29.9 

SC 2.89 ± 0.52 55.1 3.32 ± 0.38 36.5 

EC 2.24 ± 0.40 31.2 2.35 ± 0.34 16.2 

NWC 0.25 ± 0.05 6.1 0.21 ± 0.03 3.5 

NCP 1.45 ± 0.31 34.6 1.14 ± 0.17 18.2 

NECP 1.12 ± 0.16 7.4 1.02 ± 0.13 8.1 

BTH 0.182 ± 0.043 4.4 0.091 ± 0.024 2.9 

YRD 0.803 ± 0.157 9.2 0.709 ± 0.117 3.5 

PRD 0.191 ± 0.040 4.4 0.238 ± 0.032 3 

CCEC 0.281 ± 0.103 10.3 0.326 ± 0.071 4 

MRYR 1.853 ± 0.384 34.4 2.199 ± 0.299 18 

SP 0.050 ± 0.037 4.2 0.008 ± 0.004 0.4 

CP 0.215 ± 0.059 6.3 0.157 ± 0.029 2.6 

SD is the sample standard deviation of annual emissions and represents interannual variability. SWC includes Sichuan, Chongqing, Guizhou 295 

and Yunnan; SC includes Guangdong, Guangxi, Hainan, Hubei, Hunan, Hong Kong and Macao; EC includes Shanghai, Jiangsu, Zhejiang, 

Anhui, Fujian and Jiangxi; NWC includes Xinjiang, Qinghai, Gansu and Ningxia; NCP includes Beijing, Tianjin, Hebei, Shanxi, Inner 

Mongolia, Shandong, Henan and Shaanxi; and NECP includes Liaoning, Jilin and Heilongjiang. TP represents Tibet and is excluded from 

South and North; Taiwan is included in the national totals but excluded from the seven-region summaries in this table. Hong Kong and 

Macao are included in SC. BTH covers Beijing, Tianjin and Hebei; YRD covers Shanghai, Jiangsu, Zhejiang and Anhui; PRD represents 300 

the nine-city Pearl River Delta core; CCEC (Chengdu–Chongqing Economic Circle) comprises Chongqing and 15 designated prefecture-

level units in Sichuan; MRYR (Middle Reaches of the Yangtze River) covers Hubei, Hunan and Jiangxi; SP (Shandong Peninsula) covers 

the whole of Shandong; and CP (Central Plains) covers the whole of Henan. 

The largest relative difference was observed in SP (ratio of 5.46), though its absolute emissions were minor (0.050 Tg vs. 

0.008 Tg). The high ratio is arithmetically influenced by the small denominator in the coarse-resolution estimate (Fig. 4e). At 305 

the prefecture level, positive and negative differences were frequently juxtaposed in neighboring areas (Fig. 5), with ISOP-

China-100m dataset generally higher in northern and northeastern China and lower in parts of the southwest and south. This 

spatially heterogeneous pattern may reflect differences in LAI as well as the dual effect of high-resolution mapping, which can 

either increase local estimates by resolving small patches of woody vegetation or decrease them by separating non-emitting 
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surfaces (e.g., cropland, built-up land) from coarse mixed-vegetation pixels (Wang et al., 2018; Ma et al., 2022; Zhang et al., 310 

2025). 

 

Figure 5 Prefecture-level isoprene emissions and multi-decadal trends (2000–2025). (a, b) Mean annual emissions derived from 

ISOP-China-100m and MEGAN2.1-MODIS-0.25° dataset (Gg yr⁻1; common logarithmic colour scale). (c) Absolute differences in 

mean annual emissions between the two datasets. (d, e) Decadal changes in annual emissions based on linear trends (Gg decade⁻1). 315 
(f) Spatial ratio of the trends between the two datasets.  

3.4 Attribution of Temporal Emission Changes 

To attribute the sources of temporal variation, a factorial decomposition was performed on the national emission time series. 

Consistent with the analysis in Section 3.1, the trend was analyzed in two segments. The trend for 2000–2012 was +0.022 Tg 

yr⁻¹ (p>0.05) and was not statistically significant. For the 2013–2025 period, the national trend accelerated to +0.23 Tg yr⁻¹ 320 

(p<0.05) (Fig. 6a).  
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Figure 6 Multiyear trends and exploratory statistical attribution of ISOP-China-100m dataset. (a) Annual national total emissions. 

(b) Robustness diagnostic checks for the overall 2000–2025 slope. (c) Segment-specific ordinary least-squares (OLS) slopes of the 

decomposed statistical components. Open circles and filled squares indicate the separate trend phases for 2000–2012 and 2013–2025, 325 
respectively. 

Decomposition analysis of the statistically significant 2013–2025 period identified changes in land-cover-related emission 

potential and temperature as the principal contributors to the trend (Fig. 6c). Their respective fitted slopes were +0.092 and 

+0.094 Tg yr⁻¹, which correspond to 39.6% and 40.4% of the total trend, collectively accounting for 80% of the simulated 

increase. Contributions from LAI (+0.008 Tg yr⁻¹), radiation (+0.005 Tg yr⁻¹), and other meteorological variables (+0.013 Tg 330 

yr⁻¹) were smaller. These findings align with previous studies that have linked long-term emission changes in Asia to vegetation 

dynamics, afforestation policies, and meteorological forcing (Fu and Liao, 2012; Stavrakou et al., 2014; Zhang et al., 2016; 

Wang et al., 2021; Gai et al., 2024). We assessed the sensitivity of the full-period attribution using a model accounting for a 

level shift in 2013 and a separate analysis excluding 2013 (Text S4). The contribution of standard emission potential associated 

with land cover to the 2000–2025 trend decreased from 63.8% to 50.0% after the level shift adjustment (Fig. 6b), whereas 335 

excluding 2013 yielded a contribution of 63.8%. This component remained a major positive contribution in both robustness 

tests. 

It is noted that this decomposition represents a statistical attribution within the model's framework. The input variables (land 

cover, LAI, meteorology) can covary, and any effects associated with the 2012–2013 input data transition may be distributed 
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among correlated components or the residual term. Furthermore, the simulation did not account for soil-moisture stress or CO₂ 340 

inhibition. The reported contributions should therefore be interpreted as a closed statistical description of the simulated change, 

not as a complete attribution of all underlying physical drivers. 

3.5 Comparison with Existing Inventory and Evaluation of Model Limits 

The ISOP-China-100m dataset is distinguished by its synthesis of high spatial resolution (100 m), continuous annual coverage 

(2000–2025), and hourly temporal frequency. Existing China-specific inventories are typically constructed at coarser spatial 345 

resolutions (approx. 1–250 km) or for non-continuous years (Tie et al., 2006; Fu and Liao, 2012; Li et al., 2020; Wu et al., 

2020; Wang et al., 2021; Cao et al., 2022; Ma et al., 2022; Gai et al., 2024). Global and regional inventories that cover China 

generally use grids of approximately 11.1–277.5 km (Fig. 7) (Guenther et al., 1995; Arneth et al., 2007; Sindelarova et al., 

2014, 2022; Stavrakou et al., 2014; Woo et al., 2020; Opacka et al., 2021; Opacka and Stavrakou, 2026a; Opacka et al., 2026b; 

H. Wang et al., 2024; Müller et al., 2024; Li et al., 2025, Sfendla et al., 2026). 350 

 

Figure 7 Spatial resolution and calendar coverage of existing isoprene emission inventories covering China. Comparison across (a) 

China-focused regional studies and (b) Global and Asian gridded products. 
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The ISOP-China-100m dataset multiyear mean estimate of 9.87 Tg yr⁻1 falls within the lower spectrum of published national 

totals for China, which range from approximately 7.5 to 37.5 Tg yr⁻1 (Fig. 8). The estimate is comparable to the 10.87 Tg yr⁻¹ 355 

mean for 2001–2006 from Fu and Liao (2012) but is lower than the 15.94 ± 1.12 Tg yr⁻¹ for 2001–2016reported by Wang et 

al. (2021) and substantially lower than estimates for 2018 from Gai et al. (2024; 26.94 Tg) and Li et al. (2020; 37.45 Tg). This 

wide range in published values is a known consequence of methodological differences in emission factors, PFT maps, 

meteorological drivers, canopy models, and the inclusion of biophysical responses (e.g., soil moisture, CO2). The position of 

any single estimate within this range is therefore not a direct measure of its accuracy. 360 

 

Figure 8 Comparison of annual isoprene emission estimates for China across different studies. 

To characterize the uncertainty of the simulated emissions and evaluate the spatial validity of ISOP-China-100m, we combined 

internal model-component evaluation, sensitivity experiments, and an atmospheric-chemistry comparison against satellite 

HCHO columns. First, the dynamic land cover maps, when compared against the independent Global Land Cover Estimation 365 

(GLanCE) validation dataset, achieved an overall accuracy of 80.71%, a balanced accuracy of 77.38%, and a Cohen’s κ of 

0.747 (Fig. S5). These results support the reliability of the land-cover classification used to derive vegetation composition and 

standard emission potential.  

Second, the XGBoost surrogate model, which emulates the full MEGAN2.1 model, demonstrated high fidelity in blocked tests, 

yielding area-weighted R2 values between 0.98 and 0.99 and national mass biases between −2.22% and −0.18%. These tests 370 

indicate that the surrogate model can reproduce the full-model response sufficiently well for the prescribed sensitivity 

experiments. Based on this surrogate-model evaluation, we conducted grouped one-at-a-time sensitivity experiments, with 

detailed perturbation settings provided in Text S3. National isoprene emissions were most sensitive to temperature, radiation, 
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and standard emission potential. A ±1 K temperature perturbation changed national emissions by −12.03% and +14.0%, while 

a ±2 K perturbation changed them by −22.14% and +29.72%. Radiation perturbations of ±10% and ±20% changed emissions 375 

by −12.88% to +14.49% and −23.43% to +28.10%, respectively. Standard emission potential showed an almost proportional 

response, with ±10% and ±20% perturbations producing −9.96% to +9.94% and −19.83% to +19.70% changes. These 

perturbations assess sensitivity to standard emission potential, not the effects of alternative PFT or local species emission factor. 

LAI had a moderate effect, with ±10% and ±20% perturbations causing −3.72% to +3.35% and −7.97% to +6.47% changes. 

Water vapour had a weaker effect, with ±10% and ±20% perturbations causing −2.91% to +2.68% and −5.78% to +4.99% 380 

changes. Wind speed and pressure had limited individual effects, changing national emissions by less than 0.5% even under 

the larger perturbations. These results indicate that temperature, radiation, and standard emission potential are the dominant 

uncertainty-sensitive drivers, while LAI and water vapour play secondary roles and wind speed and pressure contribute little 

individually. 

Finally, the large-scale atmospheric consistency was evaluated by propagating ISOP-China-100m and MEGAN2.1-MODIS 385 

emissions through GEOS-Chem and comparing the simulated July HCHO columns with OMI observations for 2005–2025. 

ISOP-China-100m achieved a pooled spatial correlation of 0.904, a mean annual spatial correlation of 0.913, and an RMSE of 

0.402 × 1016 molec cm-2, compared with 0.890, 0.899, and 0.417 × 1016 molec cm-2, respectively, for MEGAN2.1-MODIS. 

ISOP-China-100m also produced the higher spatial correlation in all 21 years. These results provide indirect atmospheric 

evidence supporting the large-scale consistency and relative spatial validity of the ISOP-China-100m emission allocation 390 

across the July simulations for 2005–2025. 

4 Conclusions 

We developed ISOP-China-100m, a model-derived hourly isoprene emission dataset for China covering 2000–2025. Using 

the 2000–2025 ISOP-China-100m record and its companion MEGAN2.1-MODIS-0.25° simulation, we compared isoprene 

emissions estimated with finer and coarser vegetation representations. The difference in the national total was modest, whereas 395 

regional estimates differed substantially and in opposite directions. National emissions from ISOP-China-100m averaged 9.87 

± 1.53 Tg yr⁻¹ (mean ± sample SD), with annual values ranging from 8.25 Tg yr-1 in 2008 to 13.07 Tg yr⁻¹ in 2022. No 

significant trend was detected for 2000–2012, whereas emissions increased by 0.23 Tg yr⁻¹ during 2013–2025. In the latter 

period, land-cover-related standard emission potential and temperature accounted for 39.6 % and 40.4 %, respectively, of the 

fitted trend. These percentages are contributions within the fitted statistical decomposition, not independent causal effects. 400 

Relative to the companion MEGAN2.1-MODIS-0.25° configuration, the national mean was 6.2 % lower, but regional 

differences were larger and could have opposite signs, including a 101.2% higher estimate in the Beijing–Tianjin–Hebei region 

and a 20.2 % lower estimate in the Pearl River Delta. These contrasting regional responses indicate that finer vegetation 

representation primarily reshapes the spatial allocation of isoprene emissions, even when its influence on the national total is 

limited. 405 
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The robustness of these results was assessed using independent land-cover validation, blocked surrogate-model tests, 

prescribed sensitivity experiments, and an atmospheric-chemistry comparison. The dynamic land-cover maps achieved an 

overall accuracy of 80.71% and a Cohen’s κ of 0.747 against the independent GLanCE reference data. The XGBoost surrogate 

reproduced the full-model response with area-weighted R² values of 0.98–0.99 and national mass biases between −2.22% and 

−0.18%. The sensitivity experiments identified temperature, radiation, and standard emission potential as the dominant 410 

uncertainty-sensitive drivers, with LAI and water vapour exerting secondary effects. In the 2005–2025 OMI HCHO evaluation, 

the GEOS-Chem simulation driven by ISOP-China-100m achieved a pooled spatial correlation of 0.904, compared with 0.890 

for MEGAN2.1-MODIS. It also produced the higher spatial correlation in all 21 years. These complementary evaluations 

support the internal consistency of the modelling framework and the relative large-scale spatial validity of the ISOP-China-

100m emission allocation, with the HCHO comparison providing indirect atmospheric support at the 4° × 5° scale. 415 

The improved representation of regional emission patterns has implications for atmospheric-chemistry applications because 

ozone and secondary organic aerosol formation depend on the spatial co-location of BVOCs emissions with anthropogenic 

emissions, oxidants, radiation, and boundary-layer conditions. The nominal 100 m resolution should also be interpreted as the 

spatial resolution of vegetation and emission allocation rather than that of environmental forcing, which remains constrained 

by the 0.1° ERA5-Land hourly data. The emission estimates, regional contrasts, temporal trends and attribution fractions are 420 

conditional on the default MEGAN2.1 emission factors. Additional uncertainties arise from conversion from land cover classes 

to PFTs, satellite LAI gap filling, the 2012–2013 satellite data input transition, and the omission of soil-moisture stress and 

CO2 inhibition. Future integration with direct flux and concentration measurements, higher-resolution satellite retrievals, and 

atmospheric inverse modelling will be important for further constraining emission magnitudes and evaluating their effects on 

atmospheric composition. 425 
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