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1 Executive Summary 

The two main objectives of WP7, Task 7.1 were:   

1. Update of the biogenic VOC (BVOC) emissions system of the EMEP-MSC-W model 
2. Integrate the BVOC emissions system into the IFS 

 

In the first part of this document (Sect. 4, dealing with item 1) we made use of databases and 
methods from EMEP BVOC system, and have outlined work towards an updated database of 
BVOC emissions databases, with a focus on the underlying land-cover and LAI data sets, and 
on emission potentials (EPs) for some key species. This work showed that there is a major 
need for improved land-cover maps, which provide well defined ecosystem and ideally 
species-level coverage, together with plant functional type (PFT)-specific LAI values. There 
are major problems with these land-cover issues for the purposes of both BVOC emissions 
and for deposition modelling.  

The current EPs for isoprene and monoterpenes seemed reasonable for some key species, 
but the EPs used for sesquiterpenes (SQT) likely needs to be increased for some species, for 
example Norway spruce, and the temperature functions used in EMEP EPs for SQT may need 
modification. The EPs for semi-natural vegetation are highly uncertain, also because of the 
widely differing definitions used in different land-cover datasets. 

The main product of this EMEP-based work is a python-based software system that has been 
constructed to modify and improve global landcover datasets for use in BVOC inventories. 
The system starts with a global land-cover dataset and modifies the PFTs to provide data 
more appropriate for both BVOC and deposition modelling. The modifications include 
replacement of: bare land with desert, some semi-natural regions with Mediterranean scrub, 
some forests with PFTs more appropriate to the Mediterranean. Although currently being 
tested with the ECOSG datasets, the aim is to also enable IFS and other global data to be 
used in due course.  

Some recommendations for improved handling of these updated BVOC emissions to the IFS 
modelling can be made from the item (1) activities. The recommendations include: 

○ Use of PFT-specific LAI data as far as possible 
○ Increased consideration/evaluation of the LAI data in use. 
○ Application of European/“EMEP” emission potentials (EPs) for boreal forest 

conifers to Eurasian boreal regions (at least Russia) of the outer MEGAN 
domain, thus ensuring seamless EP maps across the region. This 
recommendation also follows from the fact that the species dominating this 
area (Norway spruce, Scots pine) are ubiquitous across much of Eurasia. 

 

As for the global model component (item 2), we have addressed uncertainties related to the 
EP specification for isoprene, and implemented the option to use EP information for isoprene 
from an offline dataset. Additionally we assessed uncertainties related to activity factors as 
based on Guenther et al. (2006). We performed evaluations of our parameterisation at a local 
site in Belgium, and globally, in IFS-COMPO, against satellite observations of formaldehyde 
and isoprene. This led to the following conclusions: 

● Based on local observations, we find an overall good match of the activity factors used 
in IFS-COMPO, although the peak values associated with high-temperature events are 
somewhat under-estimated. This gives confidence in the chosen parameterization for 
normal summertime conditions. 
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● When using EP for isoprene which was taken from CAMS-GLOB-BIO v3.1, instead of 
attributing EP for different vegetation types, then indeed our emission totals and its 
seasonal cycle, can closely follow the one produced by CAMS-GLOB-BIO v3.1. 
However, when evaluating this change in an IFS-COMPO simulation against satellite 
retrievals for isoprene and HCHO the results are more mixed, and no obvious 
improvement can be detected globally. This stresses the remaining uncertainties in 
assumed EP data as discussed above, but also the fact that the use of TROPOMI 
HCHO for model evaluation is challenging due to uncertainties in the data product (the 
need for a bias correction), and also consideration of the many contributing factors that 
govern simulated HCHO, apart from changes in isoprene emissions.  
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2 Introduction 

2.1 Background 

 

The European Union’s flagship Space programme Copernicus provides a key service to the 
European society, turning investments in space-infrastructure into high-quality information 
products. The Copernicus Atmosphere Monitoring Service (CAMS, 
https://atmosphere.copernicus.eu) exploits the information content of Earth-Observation data 
to monitor the composition of the atmosphere. By combining satellite observations with 
numerical modelling by means of data assimilation and inversion techniques, CAMS provides 
in near-real time a wealth of information to answer questions related to air quality, climate 
change and air pollution and its mitigation, energy, agriculture, etc. CAMS provides both global 
atmospheric composition products, using the Integrated Forecasting System (IFS) of ECMWF 
- hereafter denoted the global production system -, and regional European products, provided 
by an ensemble of eleven regional models - the regional production system. 

The CAMS AERosol Advancement (CAMAERA) project will provide strong improvements of 
the aerosol modelling capabilities of the regional and global systems, on the assimilation of 
new sources of data, and on a better representation of secondary aerosols and their precursor 
gases. In this way CAMAERA will enhance the quality of key products of the CAMS service 
and therefore help CAMS to better respond to user needs such as air pollutant monitoring, 
along with the fulfilment of sustainable development goals. To achieve this purpose 
CAMAERA will develop new prototype service elements of CAMS, beyond the current state-
of-art. It will do so in very close collaboration with the CAMS service providers, as well as other 
tier-3 projects. In particular CAMAERA will complement research topics addressed in CAMEO, 
which focuses on the preparation for novel satellite data, improvements of the data 
assimilation and inversion capabilities of the CAMS production system, and the provision of 
uncertainty information of CAMS products. 

 

2.2 Scope of this deliverable 

2.2.1 Objectives of this deliverables 

The two main objectives of WP7, Task 7.1 were:   

3. Update of the BVOC emissions system of the EMEP-MSC-W model 
4. Integrate the BVOC emissions system into the IFS 

 

2.2.2 Work performed in this deliverable 

In this deliverable the work as planned in the Description of Action (DoA, WP7 T7.1) was 
performed. Details of this work are provided in Sections 3-5 below, with conclusions presented 
in Section 6. 

2.2.3 Deviations and counter measures 

No deviations have been encountered. 
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2.2.4 CAMAERA Project Partners: 

 

HYGEOS HYGEOS SARL 

ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER 
FORECASTS 

Met Norway METEOROLOGISK INSTITUTT 

RC.io RESEARCHCONCEPTS IO 

BSC BARCELONA SUPERCOMPUTING CENTER-CENTRO 
NACIONAL DE SUPERCOMPUTACION 

KNMI KONINKLIJK NEDERLANDS METEOROLOGISCH INSTITUUT-
KNMi 

SMHI SVERIGES METEOROLOGISKA OCH HYDROLOGISKA 
INSTITUT 

FMI ILMATIETEEN LAITOS 

MF METEO-FRANCE 

TNO NEDERLANDSE ORGANISATIE VOOR TOEGEPAST 
NATUURWETENSCHAPPELIJK ONDERZOEK TNO 

INERIS INSTITUT NATIONAL DE L ENVIRONNEMENT INDUSTRIEL 
ET DES RISQUES - INERIS 

IOS-PIB INSTYTUT OCHRONY SRODOWISKA - PANSTWOWY 
INSTYTUT BADAWCZY 

FZJ FORSCHUNGSZENTRUM JULICH GMBH 

AU AARHUS UNIVERSITET 

ENEA AGENZIA NAZIONALE PER LE NUOVE TECNOLOGIE, 
L'ENERGIA E LO SVILUPPO ECONOMICO SOSTENIBILE 
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3 Biogenic VOC emissions - overview of current status 

Terrestrial vegetation is known to emit trace gases in many different structures of 
hydrocarbons. They are typically highly reactive, and form about 90% of the total atmospheric 
Volatile Organic Compounds (VOC) as found in the atmosphere.    

Biogenic emissions of volatile organic compounds (BVOC) are an important player in 
atmospheric chemistry. Apart from affecting the gas-phase chemistry, in the scope of the 
CAMAERA project their relevance to the aerosol budget is highlighted as partial reaction 
products can condensate and form secondary organic aerosol (SOA) particles. Nevertheless, 
the gas-phase chemistry is also relevant. Production of formaldehyde (HCHO) and, in turn, 
CO from biogenic sources can be used to provide constraints on BVOC emissions, as these 
tracers can be observed from space.  

The largest portion of BVOC emissions is known to be emitted in the form of isoprene (C5H8), 
with a value of about 440 Tg yr-1 (Sindelarova et al., 2022), followed by monoterpenes, 
methanol, and a range of other aromatic compounds. The emission magnitude and variability 
of these different BVOC’s varies depending on environmental conditions (vegetation type, 
meteorology, atmospheric composition), which implies that these emissions vary significantly 
in space and time. Any of these trace gases can be characterized by different physical 
properties such as reactivity, volatility and solubility, and therefore different fate once emitted 
in the atmosphere.  

The modelling of BVOC emissions can be treated through the more process-based 
parameterization (e.g. LPJ-GUESS; Hantson et al., 2017) or the more empirical algorithms 
(e.g. MEGAN, Guenther et al., 1995, 2006, 2012). In any of these parameterizations the 
effective emission of individual trace gases depends on a reference emission factor (EF) (or 
emission potential, EP) for a specific plant functional type (PFT) under standard conditions, 
which is modulated depending on environmental conditions. In the atmospheric composition 
modelling community the MEGAN module is amongst the most popular approaches to 
simulate BVOC emissions, although different research groups apply variations of the basic 
parameters depending on model specifics. Here, for brevity we refer to the Guenther et al 
(1993, 1995, 2006 and 2012) papers and algorithms as G93, G95, G06 and G12. 

However, there are very large uncertainties in all estimates of biogenic VOC emissions. For 
example, Messina et al. (2016) illustrated that global isoprene emissions from different 
sources varied from about 250 – 600 Tg(C)/yr, and estimates of monoterpenes varied from 
ca. 10 – 140 Tg(C)/yr. In the USA, estimates made by the BEIS3 (Environmental Protection 
Agency Biogenic Emissions Inventory System 3) (http://www.epa.gov/asmdnerl/biogen.html) 
and MEGAN systems have shown factors of 2-3 differences (Warneke et al., 2010; Wang et 
al., 2017), despite the fact that both systems originated in the USA and have access to the 
same databases. In Europe, major differences have been found between MEGAN and 
national estimates (e.g. Rinne et al., 2009), which can largely be attributed to the fact that the 
species which underlie the MEGAN EPs do not reflect the species present in Europe. For 
example, Guenther et al. (1994) and Geron et al. (1994) assigned an emission potential of 14 
ug/g/h (G93 standard definitions, i.e. 30 deg C, 1000 uE PAR) for N. American spruce, but 
this value is far higher than those measured for Norway spruce (Picea abies) which dominates 
most European spruce landscapes (Simpson et al., 1995, 1999; Rinne et al., 2009; Keenan et 
al., 2009; Hakola et al., 2023). Indeed, in the EMEP model Simpson et al. (1995) used 1.75 
ug/g/h for Norway spruce, and this value was further reduced to 1 ug/g/h for the latest EMEP 
inventory (Simpson et al., 2012). As shown in Langner et al. (2012), a CTM model which used 
MEGAN for BVOC emissions predicted twice as much isoprene over Europe as the EMEP 
CTM model. 

 

As well as uncertainties in EPs, other significant uncertainties are associated with the 
algorithms used. For example, issues with respect to the temperature response have been 
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recently reported by Emmerson et al. (2020) for Australian Eucalyptus trees, and also by 
DiMaria et al. (2023), who use flux observations and in-situ concentrations of isoprene as 
constraints. While the default temperature response parameterization works well for a site in 
the UK, it largely under-estimated this response for a site in the Amazon, suggesting that 
ecosystem-specific parameterizations are required. Furthermore, it was also indicated that 
biases in the meteorological drivers, such as surface temperature, can lead to biases in the 
resulting emissions. These can be compensated by alternative response-functions depending 
on the assumed meteorology. 

  

An important, though complex question concerns the question how to constrain, and validate 
such modelling attempts. Measurements of direct fluxes of BVOC emissions are sparse, and 
when available they are difficult to interpret for model validation purposes, because of the 
inherent local nature: the observations have limited representativity compared to the generally 
coarse size of the grid boxes, due to the combination of large variations in vegetation types 
within a typical model grid box, and the short lifetime of the emitted trace gas.   

Likewise, measurements of VOC concentrations of emitted trace gases such as isoprene and 
terpenes, can be used to infer emissions. In-situ, ground-based observations are less sparse 
than the emission flux measurements, but still suffer from similar shortcomings associated 
with representativity. Recently, satellite-based observations of isoprene have been presented 
(Fu et al., 2019; Wells et al., 2022). These have the potential to provide a representative 
distribution of C5H8 across large regions. A limitation to the use of these observations to infer 
their emissions is that this still requires assumptions on their lifetime, particularly their 
dependency on local OH abundance, which may be rather uncertain itself. 

A larger amount of observations (both in-situ and satellite-based) have been published for 
trace gases which are produced from oxidation of emitted BVOCs: CHOCHO, HCHO and CO. 
For instance, from images of HCHO and CHOCHO satellite retrievals a clear footprint of 
biogenic emissions activity can be identified. In-situ observations suffer from similar limitations 
as described above, while both in-situ and remote-sensing observations of these trace gases 
are additionally depending on uncertainties due to emissions from other sources, and 
uncertainties associated to the chemistry mechanism which links the precursor emissions with 
these observed quantities.   

 

In this report, in Section 4 we provide a brief review of some updates concerning EPs for 
European ecosystems, and focus on investigations of the land-cover and LAI data underlying 
the BVOC emission inventory. This work is being tested within the EMEP framework, but the 
results are intended for later use in IFS-COMPO and other CTMs. We will refer to the land-
cover and BVOC data sets under development here as “CAMAERA/EMEP”. Then, in Section 
5, we continue with reporting on efforts done in IFS-COMPO, with emphasis on the evaluation 
and improvement of the existing MEGAN-style implementation of BVOC emissions. We 
describe the default, and updated model configuration, and provide evaluation results from 
local measurements at a site in Belgium. Section 6 summarises these efforts and outlines 
ideas for next steps in the BVOC inventory improvement. 
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4 Towards updated emissions databases and algorithms for BVOC 
modelling. 

 

4.1 BVOC inventories: EMEP and CAMS-GLOB-BIOv3.1 

 

In the CAMS-GLOB-BIOv3.1 inventory of BVOC emissions (Sindelarova et al., 2022), monthly 
mean and monthly averaged daily profile emissions were calculated by the Model of Emission 
of Gases and Aerosols from Nature (MEGANv2.1, Guenther et al. 2012). This model was 
driven by meteorological reanalyses of the European Centre for Medium-Range Weather 
Forecasts over years from 2000 onwards. Furthermore, European isoprene emission potential 
data were updated using high-resolution land cover maps and detailed information of tree 
species composition and emission factors from the EMEP MSC-W model system (Simpson et 
al., 1999, 2012). 

The motivation for using the EMEP emissions over the European area was that (i) the EMEP 
system made use of far more detailed vegetation data over the region than MEGAN, and (ii) 
that several studies have shown large discrepancies between emissions calculated using 
species-specific emission factors and those calculated by MEGAN-based inputs (Rinne et al., 
2009; Langner et al., 2012; Jiang et al., 2019). 

For Europe these BVOC emission potentials are built upon a complex system which makes 
use of procedures developed over many years for the EMEP model (Simpson et al., 1995, 
1999, 2012). As well as species-specific estimates of emission potentials, this system utilises 
maps of 115 forest species from 30 countries (from Köble and Seufert, 2001). These data 
were merged with land-cover data from the European Environment Agency (EEA) Corine Land 
Cover 2000 maps, and further processed to the EMEP grid by the Stockholm Environment 
Institute at York in order to add data from other countries in the (2000 era) EMEP domain and 
for non-forested vegetation (Cinderby et al., 2007). In later years the EMEP domain was 
significantly expanded to the east, and data for the expanded area and indeed globally make 
use of a merger of the GLC_2000 dataset 
(https://forobs.jrc.ec.europa.eu/products/glc2000/products.php) and data from the Community 
Land Model (https://www.cesm.ucar.edu/models/clm/, Oleson et al. 2010; Lawrence et al. 
2011) as described in Simpson et al. (2017). 

In order to provide a manageable number of plant functional types (PFTs) for use in MEGAN, 
tree species were aggregated in six classes, as summarized in Table 4.1, and for each grid 
cell the average EP was derived from the area-weighted EPs of each forest-species (Simpson 
et al., 2012). Thus, the emission potential for a specific land-cover category (e.g. 
boreal/temperate coniferous forests, CF) can differ substantially from cell to cell, depending 
on the mix of tree species within the cells, and such potentials are read in as gridded maps for 
the model. 

For non-forest vegetation types (e.g. grasslands, seminatural vegetation) in Europe, or for 
forest areas not covered by the Köble and Seufert maps (e.g. for eastern Russia), default 
emission factors taken from Simpson et al. (2012) were applied.  

The crop category is the most difficult to deal with in terms of BVOC emissions, not least 
because the types of crops are not well known (and can change significantly over the years), 
and the growing seasons are very difficult to specify. In EMEP work to now we have used a 
simple system which defines the phenology and emission factors of crops using EMEP model 
definitions. For use with MEGAN, the EMEP model’s temperate crop (e.g. wheat), 
Mediterranean crop (e.g. maize) and root crop (e.g. potato) were aggregated into one crop 
PFT. 

https://forobs.jrc.ec.europa.eu/
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Figure 4.1 illustrates the results of this CAMS-GLOB-BIO – EMEP merge over Eurasia and 
nearby areas. This figure also shows one of the issues that we hope to solve with the new 
CAMAERA/EMEP approach. The isoprene EPs shown here have an obvious discontinuity at 
about 65 degrees East, which is the edge of the EMEP domain. Within the EMEP domain the 
EMEP EPs and land-cover are used, and outside the domain EPs are directly from MEGAN. 
A less visible and irregular discontinuity is that the EMEP model made use of detailed forest 
species data for EU countries, but had to use much more aggregated data for non-EU 
countries within the domain. 

 

Table 4.1. Generic PFTs used for European emission potential maps provided to CAMS-
GLOB-BIO, based on EMEP. From Sindelarova et al. 2022. 

 

 

 
Fig. 4.1 Emissions potentials for isoprene in CAMS-GLOB-BIOv3.1 system (data from 
Sinderalova et al., 2022). 

 

4.2 Emission potentials, definitions 

 

There are several widely-used approaches to BVOC emission modelling, but the main 
approaches can be summarised as either using the G95 algorithms or the MEGAN algorithms. 
In both approaches emission potentials are defined at some specified standard conditions. 
With G95 (also used in the EMEP model), the standard conditions are defined as 30 degrees 
C and a photosynthetically active radiation (PAR) levels of 1000 µmol/m2/s.The standard 
conditions for the MEGAN model (Guenther et al., 2006) include a leaf area index, LAI, of 5, 
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a canopy with 80% mature, 10% growing and 10% old foliage; current environmental 
conditions including a solar angle (degrees from horizon to sun) of 60 degrees, photosynthetic 
photon flux density (PPFD) transmission (ratio of PPFD at the top of the canopy to PPFD at 
the top of the atmosphere) of 0.6, air temperature=303 K, humidity=14 g/kg, wind speed=3 
m/s and soil moisture=0.3 m3/m3; average canopy environmental conditions of the past 24 to 
240 h include leaf temperature=297 K and PPFD=200 µmol/m2/s for sun leaves and 50 
µmol/m2/s for shade leaves. A somewhat simpler big-leaf version of MEGAN (the PCEEA 
algorithm, see Guenther et al. (2006), also used in IFS-MEGAN, see Sect. 5) uses fewer 
parameters, only requiring LAI, solar transmission, and monthly temperature and PPFD. 

Apart from the definition of standard conditions, another difference in these methods is the 
specification of the emission potential (EP), which gives the emissions at these standard 
conditions. In the G95 system, EPs are specified as mass based, gram(BVOC) per gram 
foliage (dw) per hour, i.e. g/gdw/h. In the MEGAN system EPs are specified as gram(BVOC) 
per m2 land-area per h, i.e. g/m2/h. (Emissions are sometimes specified as gram species and 
sometimes as grams of carbon. Here we use simply grams. Other uncertainties are much 
larger.) 

For any vegetation or PFT i emissions are calculated at each model time-step using: 

 

   (4.1) 

 

for the G95/EMEP system, and: 

 

  (4.2) 

 

for the IFS-MEGAN system. Here Di is the foliar biomass density (grams of dry weight leaf), 
AFi is the area fraction of vegetation i, and CCEi is the canopy environment correction factor 
(accounting for the instantaneous temperature and PAR levels, as well as other factors for 
MEGAN). Because of the different standard conditions in the two approaches, EPs from one 
system cannot be converted consistently to EPs of the other, but Alex Guenther (pers. comm., 
2025) has informed that a simple conversion factor between the G95 and MEGAN EPs is used 
for cases where data are insufficient for specifying the MEGAN-type EPs directly: 

 

       (4.3) 

 

Where SLWi is the specific leaf weight (assumed 150 g/m2 for needleleaf, 100 g/m2 for 
broadleaf), and LAIstd is 5 m2/m2.  

Another major difference between the EMEP model BVOC calculations and those of MEGAN 
is that MEGAN uses the grid-average LAI for all PFTs within a grid-cell, whereas the EMEP 
model uses PFT-specific LAIs. The advantage of the MEGAN approach is simplicity, in that 
satellite-derived LAI can be used without further processing or assumptions, but the 
disadvantage is that deciduous trees will be assigned LAI values even when they should have 
zero foliage. In practice the MEGAN LAI simplification may not be too important for BVOC 
emissions as temperatures are low in the winter months, but on the other hand warm periods 
are possible (e.g. springtime), and LAI has important impacts on deposition modelling. 
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4.3 Emission potentials, update 

 

The emission potentials used in the EMEP model and hence CAMS-GLOB-BIOv3.1 stem to 
a large extent from measurements and studies made in the 1990s or previously. For the 
CAMAERA project we have conducted a literature search for some of the key species in order 
to determine if and where changes in these EPs are needed. Some of the material is still being 
evaluated, but here we summarise findings for two of the key species of the boreal forest, and 
also for the important oak species. (The main issues identified for oaks actually relate to land-
cover; efforts to resolve this are discussed below and in Sect. 4.4.2.) 

Considering the boreal forests first, this accounts for ca. 30% of the world’s forest cover, with 
a limited number of species (pines, spruces and larch for needleleaf, Betula sp., Alnus sp., 
and Populus sp. for broadleaved, Hakola et al., 2023). Although the EPs are usually low for 
both isoprene and monoterpenes, the spatial coverage is large, and  biomass density can be 
much larger than for deciduous species. In the European part of the boreal forest by far the 
most common species are Norway spruce (Picea abies) and Scots pine (Pinus sylvestris), and 
especially Norway spruce may be responsible for a significant fraction of isoprene emissions 
(Simpson et al., 1999, Keenan et al., 2009).  

 

1.1.1 Norway spruce 

 

Hakola et al. (2023) collected all available emission rate data of Norway spruce in Europe 
that could be used for emission potential calculations and investigated if the growing location 
or age of a tree would control emission rates, among other things. Some important 
conclusions from this study were that (a) emissions of sesquiterpenes (SQT) exceeded those 
of isoprene and monoterpenes (MT), i.e. the EP for SQT might be far higher than we currently 
assume in models, (b) there is a large variability in EPs even within same tree species, (c) 
on average, older trees (>80 years) emitted about ten times more isoprene and MTs than 
younger ones (<80 years), but no clear difference was seen in SQT emissions. and (d) EPs 
for MTs seemed to be highest in spring, declining towards the autumn. 

Figure 4.2 illustrates the summertime EPs for isoprene and monoterpenes documented by 
Hakola et al. (2023). The current EMEP EPs are also shown. The scatter seen in these plots 
is a good illustration of the major uncertainties underlying EP estimation for these BVOC, 
and, combined with the many confounding and not understood factors mentioned in e.g. 
Hakola et al. (2023), there seems to be little reason to change the current EP defaults in the 
EMEP model for either isoprene or monoterpenes. 

One major discrepancy did arise though from these comparisons. In the default EMEP setup 
we set sesquiterpene emissions to be 10% of the monoterpene emissions. van Meeningen 
et al. (2017) suggested a ratio of 20%, and MEGANv2.1seems to suggest 16% for the 
Finnish locations (Hakola et al., 2023). The new measurements from Hakola et al. (2023) 
suggest much larger ratios, however, with SQT emissions far exceeding those of MT 
(SQT/MT = 800-1200%!). The latest data files for MEGANv3  
(https://zenodo.org/records/10939297) also suggest a high ratio, 100%. It seems that this 
ratio cannot be specified with any certainty, but there are grounds to increase the SQT/MT 
ratio in forthcoming BVOC emission datasets. 

Finally, one other issue arose when reviewing these Norway spruce EPs. The EMEP model 
assumes a foliar biomass density of D = 1400 g/m2 for Norway spruce up to 60°N (from Veldt, 
1989), whereas the MEGAN defaults would assign a value of SLW of 150 g/m2 (for all 
needleleaf) and default LAI of 5 m2/m2, giving D = 750 g/m2; almost 50% lower than EMEP. 
For comparison, the US EPA BEIS system uses SLW of 75 g/m2 for broadleaf, 214 g/m2 for 
spruce, and 233 g/m2 for pines (Alex Guenther, pers.comm., 2025). Keenan et al. (2009) 

https://zenodo.org/records/10939297
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suggested SLW of 235 g/m2 for Norway spruce. Such higher values might help to explain 
this discrepancy between EMEP and MEGAN, though it should be noted that Hakola et al. 
(2023) used SLW of 150 g/m2 also. 

  

Fig. 4.2. Emission potentials (at G95 standard conditions) for (a) isoprene and (b) 
monoterpenes, from summer (JJA) values compiled by Hakola et al. (2023). Codes and 
colours represent sources (H= Hakola et al. 2023, Bo=Bourtsoukidis et al. 2014 vM=van 
Meeningen et al. 2017) and sites ( NF2, Hyy and Fi-Pii are Finnish sites, DE, DK are German 
and Danish sites, SE-Hyl and SE-Nor are Swedish sites). The EMEP default EPs are shown 
as the grey dashed line. For more details see Hakola et al. (2023). 

 

1.1.2 Scots pine 

 

For Scots pine the EMEP model currently assumes EP values (G95-style) of 0.1 ug/g/h for 
isoprene, and 3 ug/g/h for monoterpenes (with a light dependent fraction, LDF = 0.33). Rantala 
et al. (2015) studied PTR-MS data for BVOC fluxes since 2010, using a tower over the Scots 
pine dominated Finnish Hyytiälä site, thus providing a very long time-series. Although 
dominated by Scots pine, some other species (Norway spruce, aspen and birch) were thought 
to be responsible for at least some of the isoprene fluxes. The data showed that the Guenther 
1991/1993 algorithms worked quite well in predicting the measured fluxes, especially when a 
fraction of the emissions were assumed to be from synthesis and not just from the terpene 
pools. Although they found some variations in the standardised EPs from month to month, we 
can derive summertime’s (JJA) EMEP-style EPs for monoterpenes of 1.8 ug/g/h (with LDF of 
0.44). 

These values are thus somewhat smaller than the EMEP model’s current settings. However, 
other studies show a spread of values. Rinne et al. (2009) compiled data from several studies, 
and reported observed MT EPs of between 0-5–2.5 ug/g/h (high summer values) from 
observations. Tarvainen et al. (2007) suggested 2.39 ug/g/h in the April-June period, and 1.46 
ug/g/h in July-October, though the LDF was assumed to be zero. (They also suggested an 
isoprene EP of 0.1 ug/g/h.) Karl et al. (2009) suggested 0.1 ug/g/h for isoprene, and 5 ug/g/h 
(with LDF=0.5) for monoterpenes. Emissions have also been shown to be extremely sensitive 
to assumptions concerning the impact of new shoots (with extremely high MT emissions) 
(Aalto et al., 2014, 2015; Taipale et al., 2011), though such effects have very limited 
experimental support and cannot yet be reliably quantified for CTM usage. 

Thus, the EMEP values EPs for monoterpenes from Scots pine seem a little high compared 
to recent estimates from Finnish data, but not unreasonable when compared to data from 
other regions. Again, the main unresolved question is likely to what extent SQT emissions 
need to be modified. 
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1.1.3 Oaks 

 

The oak genus displays a wide range of EP across the different species, with the EPs of some 
of the important European ones shown in Table 4.2. The EMEP PFTs in this table are DF = 
boreal/temperate deciduous broadleaf, and BF = evergreen broadleaf, which is common in 
southern Europe (Simpson et al., 1999). Despite sharing the same genus, the different classes 
of oaks have significantly different BVOC characteristics. The two DF species emit isoprene 
in significant quantities, but little MT. The two BF species emit little isoprene, but are significant 
emitters of MT. Indeed, both Simpson et al. (1999) and Keenan et al. (2009) have shown that 
the few species which comprise the DF oaks account for a very large fraction of European 
isoprene emissions. Conversely, Holm oak was found to be one of the most significant MT 
emitters in Europe in both studies. 

Langford et al. (2017) reviewed five observational datasets of isoprene fluxes from a range of 
oak forests in the UK, Italy and France, and compared EPs estimated using a range of 
MEGAN-like definitions and averaging strategies. They were also able to account for the 
fraction and types of oaks at each site, providing a thorough comparison and evaluation on 
the range of Guenther/MEGAN type algorithms. The calculated bias of the different methods 
ranged between +29 and −4 % for the G93 algorithm and between +9 and −40 % for the 
MEGAN 2.1 approaches. The bias for the G93 algorithm is typically positive, which reflects 
the fact that the algorithm performs well at the reference conditions which represent typical 
daytime conditions but performs worse in the morning and afternoon, overestimating emission 
fluxes due to its inability to account for the attenuation of light and temperature through the 
canopy. 

Using the G93 algorithms, they obtained isoprene EPs of 85 ± 75 and 78 ± 25 µg/g/h for Q. 
robur and Q. pubescens, respectively. These are essentially identical to the EPs used in 
EMEP (or Keenan et al., 2009), adding valuable new data in support of these EP values.  

We can note that by far the biggest issue we found when investigating data for CAMAERA 
was that most land-cover databases do not account for the BF-type oaks. This is discussed 
further in Sect. 4.4.2 below. 

 

Table 4.2 EMEP Emission potentials (G95-style) for Isoprene and monoterpenes (MT) from 
oak species, from Simpson et al., 2012. 
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1.1.4 Semi-natural low vegetation 

 

Table 4.3 shows the EPs used in the current EMEP model. There are very large differences 
in EPs between these different semi-natural categories, which is a serious problem for BVOC 
inventories since different land-cover data sets differ considerably in their coverage and 
definitions of these categories.  In fact, each PFT typically encompasses many different 
species and ecosystems.  A large number of papers have been published on such ecosystems 
(especially from northern latitude sites) since the Simpson et al. 1999 review (Kramshøj et al., 
2016; Langford et al., 2022; Rinnan et al., 2013, 2020; Simin et al., 2021; Staudt et al., 2017; 
Vedel-Petersen et al., 2015, e.g.), and these also often show both EPs and temperature 
responses that differ from the standard G95 and MEGAN approaches. These data are 
currently being compiled and compared, but the biggest difficulty is likely to decide if a 
particular land-area should be defined as tundra, shrub, moorland, or other ecosystem. For 
example, land defined as grass in one data set may well be defined as moorland or shrubs in 
another; Sect. 4.4.1 discusses this issue further. 

 

Table 4.3 EMEP Emission potentials (G95-style) for Isoprene and monoterpenes (MT) from 
semi-natural vegetation. 

 

 

4.4 Land-cover data sets 

 

An essential input to all BVOC emission data sets, and indeed to CTMs, is the land-cover.  
Typically CTMs require only a limited number of plant functional types (e.g. deciduous or 
coniferous forest, grass, etc.), but for BVOC emissions it is advantageous to have more details 
of the ecosystem and ideally species characteristics. We have investigated a large number of 
global land-cover (LC) databases, some of which have indeed been used in CTMs and for 
biogenic emission development. These include systems with 300m global resolution such as 
the ECLand system used in IFS (Boussetta et al., 2021), the European Space Agency (ESA) 
CCI (ESA, 2017) and ESA PFT (Harper et al., 2023) systems, and the ECOCLIMAP-Second 
generation (opensource.umr-cnrm.fr/projects/ecoclimap-sg/wiki, Munier et al. 2018; Druel et 
al. 2022), also known as ECOSG. The Olson land-cover map (Olson, 1992) provided 57 
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ecosystem types and was used for the global BVOC estimates of Guenther et al. (1995). The 
2001 update of this map was processed for use in the GEOS-Chem CTM 
(http://wiki.seas.harvard.edu/geos-chem/index.php/Olson_land_map), and is used in the 
current EMEP modelling system to distinguish base-land from deserts (Simpson et al., 2023). 
The MEGAN-type inventories have typically used the land-cover data set of the Community 
Land Model (CLM, http://www.cgd.ucar.edu/models/clm/, Oleson et al. 2010; Lawrence et al. 
2011). As described in Simpson et al. (2012), the standard EMEP model uses fine-scale (5 
km resolution) European data which merges the CORINE land-cover maps with data from the 
Stockholm Environment Institute at York (SEIY) which had more detail on agricultural land-
cover (Cinderby et al., 2007). 

We identified several major issues when investigating how to update and improve the BVOC 
emissions system for IFS and EMEP: 

 

1. None of the available land-cover databases provided the detail and/or appropriate 
land-cover classes we require for both BVOC and deposition modelling, either on a 
global or European basis. 

2. Some of the databases provide dominant land-cover, rather than the fractional land-
cover which is more suitable for BVOC emissions and CTM models. In these cases 
cross-walk tables are required to convert the assigned LC to CTM-suitable PFTs 
(Poulter et al., 2015). 

3. Important categories of vegetation, especially evergreen broadleaf forests (e.g. olive, 
eucalyptus, Holm oak, Cork oak), are not visible in southern Europe, presumably being 
incorrectly classified as broadleaf deciduous. This is important as such species 
constitute a substantial fraction of the forest cover in some southern European 
countries (Simpson et al., 1999), and can have very different BVOC emission rates to 
the broadleaf species. 

4. The various databases are often inconsistent with one another. For example, the ESA 
PFT database (Harper et al., 2023) defines shrublands as having heights of over 3 m, 
whereas most other LC datasets (e.g. IGBP classifications, 
https://fluxnet.org/data/badm-data-templates/igbp-classification/, CLM), define shrubs 
as below this height. 

5. We identified serious problems with the satellite-derived leaf-area index (LAI) typically 
used with the available data-bases. Particular problems were found with needleleaf 
forests and croplands. 

 

Table 4.3 provides a brief summary of some of the pros and cons of the main databases 
considered or used in this study. We will consider two of the main issues in sections 4.4.1 -  
4.4.2, and also look at LAI in Sect. 4.5 below. The land cover data sets shown in Table 4.3 
have all been converted to netcdf files on a regular lat/lon grid, which enables easier side-by-
side comparisons. 

 

  

http://wiki.seas.harvard.edu/geos-chem/index
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Table 4.3 Pros and cons of some global land-cover (LC) datasets as a basis for biogenic 
emissions and deposition modelling in CTMs. 

 

 

 

4.4.1 Landcover - low seminatural categories 

 

Figure 4.3 shows the various semi-natural low vegetation categories in the current EMEP 
model, and Figs. 4.4 and 4.5 give equivalent results from the ECLand and ECOSG data sets. 
Major differences are readily seen. For example, for Norway the EMEP data has an extensive 
coverage of Tundra (“TU”) and wetlands (“WE”), whereas for ECLand the tundra areas seem 
to be defined as short grass and semi-desert. The ECLand “bogs and marshes” seems roughly 
equivalent to EMEP’s wetlands. The ECOSG dataset has extensive areas of both temperate 
grassland and shrubs over Norway, but then the somewhat strange (in this area) classification 
of flooded grassland seems to be equivalent to EMEP wetlands or ECLand bogs and marshes. 
As noted in Sect 4.3 above and Table 4.3, these differing classifications can have substantial 
implications for BVOC emissions.   
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Fig. 4.3 Default EMEP land-cover categories (from Simpson et al., 2012) for low seminatural 
vegetation. 
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Fig. 4.4 IFS (ECland) land-cover categories for low semi-natural vegetation. 
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Fig. 4.5 ECO-SG land-cover categories for low seminatural vegetation. 
 
 

4.4.2 Landcover - southern European forests (evergreen broadleaf etc.) 

 

EMEP has four categories of forests: DF = boreal/temperate deciduous (e.g. beech, English 
oak), CF = boreal/temperate coniferous (e.g. Norway spruce, Scots pine), BF = Mediterranean 
evergreen broadleaf (e.g. Holm oak, Walnut), and NF =  Mediterranean evergreen conifers 
(e.g. Maritime pine, juniper). Examples As noted inSect. 4.3 (Oaks) and Table 4.2 the emission 
potentials for the types of evergreen broadleaf oaks common in southern Europe (Holm oak, 
Cork oak, in the EMEP BF class) are very different to those of deciduous oaks more typical in 
central and northern Europe. There are several other evergreen species which have significant 
forest cover in southern Europe and also rather different BVOC rates to the temperate/boreal 
species, such as olive or eucalyptus (Simpson et al., 1999).   However, Figure 4.6 shows that 
the ECLand model has essentially zero coverage of evergreen broadleaf species over Europe, 
and the same is true of both ESA CCI and ESA PFT, and also ESOSG and CLM. In contrast, 
Figure 4.7 shows the coverage of the EMEP PFTs, and this has a significant coverage of the 
Mediterranean BF and NF classes. This coverage also matches better the compilation of forest 
statistics presented in Simpson et al. (1999). 

 

It seems likely that the satellite derived global maps are misinterpreting BF as deciduous 
broadleaf, and the particular species from EMEP’s NF are simply part of the evergreen 
needleleaf categories. In order to preserve the different contributions of these BF and NF 
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forests to BVOC emissions (and also to deposition-related characteristics), even when starting 
with e.g. the IFS or ECOSG global datasets, we have constructed a system to re-allocate 
some of the global model deciduous or evergreen needleleaf forests to the EMEP categories. 
This re-allocation is only done within the Mediterranean area though (including Portugal). 

 

Figure 4.6: Forest categories in Europe from the IFS/ECLand system. 
 

 

Fig. 4.7. Forest categories in the EMEP land-cover system. 
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4.5 Leaf area index (LAI) 

In the current EMEP model (as used for the CAMS-GLOB-BIOv3.1 data set), each landcover 
(LC) is assigned a maximum value of LAI, LAImax . In "European" mode, the start and end of 
growing seasons (SGS,EGS), together with some shape parameters, are set for each LC and 
a simple polygon function determines LAI on a daily basis. For global runs we use the same 
LAImax values, but monthly variations in LAI are derived from the LPJ-GUESS ecosystem 
model (Smith et al., 2001; Schurgers et al., 2009). However, such global LAI values were only 
available for the forest PFTs, and C3 and C4 "grasslands". 

For CAMAERA we initially planned to make use of satellite-derived LAI, or at least temporal 
variations in LAI, for the major PFTs. Given the increasing availability of such data, and 
improvements in retrieval algorithms, it was hoped that LAI could be specified for all the major 
PFT classes. Two datasets were investigated in detail, that of Yuan et al. (2011) (and a PFT-
specific extract of this data, kindly provided by Dr. Yuan, 2025), and that of ECOSG Munier et 
al. (2018). (The Yuan et al. 2011 data were used in Sindelarova et al. (2022).) 

Both data sets have advantages and disadvantages, and for deciduous forests both data sets 
look realistic. However, two particular categories stood out as problematic: (a) evergreen 
needleleaf forests, and (b) crops. 

 

4.5.1 Forest LAI 

Both the Yuan et al  and ECOSG data sets showed seasonal variations for evergreen needleaf 
trees that are not fully realistic. As seen in Fig. 4.8, the LAI values in wintertime become very 
low in these retrievals. Similar results can be found for ECOSG, GEOV2 and other retrievals 
(Garrigues et al., 2008; Baret et al., 2006; Verger et al., 2023). Likely causes of the low LAI 
values in wintertime include issues due to snow cover, low zenith angles, and to mixtures of 
deciduous and evergreen vegetation within the areas designated as evergreen. Given these 
issues, however, we cannot recommend the use of satellite-derived LAI for evergreen forests, 
and the EMEP/CAMAERA land-inputs will instead assign constant LAI values. 

  

Fig. 4.8. Time-series plot of pixel mean LAI values at three locations. From Yuan et al. (2011). 
The black and green lines are from MODIS and ‘improved MODIS’. The coloured bars 
represent quality control markers, e.g. blue =  “main algorithm”, yellow=”back-up”  - see Yuan 
et al. (2011) for further explanation. 

 

4.5.2 Crops,  LAI 

Croplands dominate large areas of the globe, and represent a significant fraction of the LAI 
across populated land-areas. Although generally not large BVOC emitters, crops are essential 
for food, and in CTM modelling they also represent an important deposition sink for reactive 
gases. In the MEGAN system LAI contributions from crops are part of the grid.average LAI 
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used to estimate BVOC. In the EMEP model we have traditionally represented crops with three 
generic vegetation types: temperate/boreal crops (TC, representing wheat-like C3 crops), 
root-crops (RC, e.g. potato), and Mediterranean crops (MC, representing maize-like C4 
crops). These three crop types were assigned growing seasons and deposition parameters 
based upon tabulations and functions detailed in Emberson et al. (2000) and Simpson et al. 
(2012). For regions outside of Europe, crops were simply treated as grassland, since we did 
not find appropriate data for the growing seasons or crop types in regions outside of Europe. 

For the revised landcover inputs we wish to apply a uniform system across the globe, and to 
make use of the improvements in satellite and other data which have taken place over the last 
years. Here we show comparisons between four different methodologies for estimating LAI 
variations: 

● EMEP2012 - uses the methods of Emberson et al. (2000) and Simpson et al. (2012). 
This methodology is only applicable in Europe. 

● GGCMI-Spam - combines data on:  
(a) crop planting and maturity dates from the Agricultural Model Intercomparison and 
Improvement Project’s Global Gridded Crop Model (GGCMI, Jägermeyr et al., 2021). 
For each of the crop types provided, we have fit a 2-parameter beta distribution 
between the planting day and the maturity day, assuming that the maximum LAI occurs 
at a point 80% in between these two dates. (This simple procedure was found to fit the 
data for wheat presented in Pande et al. 2024 rather well, but of course its applicability 
to other crops and regions is questionable.),   
(b) crop location and physical area from the ‘Spatial Production Allocation Model’ 
(MapSPAM), version SPAM 2020 V1r0 (Yu et al., 2020; International Food Policy 
Research Institute , IFPRI, 2024). 

● Yuan - the LAI dataset of Yuan et al. (2011) reprocessed MODIS collection 5 data to 
provide time-varying maps at high spatial resolution, and over many years. The 
published dataset provides LAI per grid-cell, and thus can represent many PFTs. For 
this work Hua Yuan has kindly provided data which were calculated for specific PFTs, 
and here we consider C3-crops, and C4-grass as a surrogate for C4-crops. 

● ECOSG - The ECOCLIMMAP Second Generation dataset (Munier et al., 2018), 
provides 300m global resolution land-cover and 10-daily (approx) LAI data for a 
number of PFTs, including winter C3 crops, summer C3 crops, and C4 crops. These 
data look very promising for EMEP model usage, since we can simply associate these 
LAI data with the ECOSG land-cover PFTs. 

 

The comparisons have entailed a rather detailed look at these different LAI methodologies. 
We start with a look at Fig. 4.9 (Denmark). The caption explains the figure contents, but we 
can make some points: 

1. The top row shows that rape (and wheat, sadly hidden) have a much earlier 
development compared to barley and maize. 

2. The net LAI in this grid cell (middle row) starts to show a complex pattern for C3 crops, 
and the mean LAI is now significantly less than the crop-specific maximum value of 5 
m2/m2. 

3. The lowest row shows that Yuan and ECOSG have rather similar LAI developments, 
though differ in magnitude. (All values should be for one-sided LAI, but this question is 
a common source of confusion.) 

4. The Yuan/ECOSG system suggests a simpler (single-peak) seasonal variation in LAI 
compared to the GGCMI-Spam estimate.  

5. The EMEP TC (boreal/temperate crop) estimate looks very crude. This highlights that 
the EMEP model assumes a single crop which follows the phenology specified in the 
ICP-Vegetation suggestion for wheat (UNECE 2017), whereas the satellite and crop-
calendar estimates allow for multiple crops within the same grid-cells. 
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Figures 4.10 and 4.11 provide further examples, from the USA and China respectively. The 
USA example is interesting in that the Yuan/ECOSG C3 LAI seems to peak earlier than the 
crop-calendar based estimates, and the C4 from ECOSG peaks much earlier. Such issues 
may be caused by differences in climate between years, or even by the use of different crops 
to those assumed. Fig. 4.11 for China shows an interesting double peak for C4 crops in the 
satellite data, but not from the crop-calendar method; likely due to some omitted crop in the 
calendar approach. 

Many other examples have been investigated. In many cases (especially in areas with 
extensive agricultural coverage such as western Europe) the satellite-derived LAI looks 
reasonable as far as seasonality is concerned, though the absolute values of LAI can be 
puzzling (e.g. that LAI in Finland is greater than in France). In some other cases (e.g. some 
South American cells) almost no seasonality was seen (not shown). A likely confounding issue 
in these cases is that other vegetation categories (buses, trees) are contributing to the LAI 
assigned as cropland. 

 

 

Fig. 4.9 LAI comparisons, for a site in Denmark. Left column is for C3 crops, right for C4 crops 
(or grass for Yuan), and we have assumed that all crops have a maximum LAI of 5 m2/m2. The 
percentage area covered by each crop (compared to C3/4 total area) is given in the legend. 
Only crops contributing more than 5% are shown. The top row shows the LAI development 
from GGCMI-Spam for each crop, regardless of crop coverage in grid cell. (Note that here the 
wheat (wwh_r) line is masked by that of rape (rape_r). The suffixes (i or r) refer to irrigated or 
rainfed vegetation from SPAM. The middle row shows the PFT-average development (over all 
C3 or C4 crops areas) as a black solid line, plus the area-weighted LAI from each of the crops 
shown in the top row. The bottom row shows the PFT-average LAI from Yuan and ECO-SG 
(S=summer crop, W=winter crop), as well as from the original EMEP model.  
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Fig. 4.10. As Fig. 4.9, but for a site in central USA. 
 

 

Fig. 4.11 As Fig. 4.9, but for a site in China. 
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For the updated EMEP/CAMAERA dataset, the preliminary decision is to make use of the 
satellite-derived LAI for crops, accepting that the values cannot be accurate everywhere, and 
that the LAI used may be an average over several crop types in the same grid-cell. 

 

4.6 Use of HCHO? 

 

Although most efforts have so far been aimed at improving the land-cover and EP system, 
some attempts have been made to investigate satellite-derived isoprene emissions. This work 
will continue in phase 2 of the project, but Fig. 4.12 provides an example of the importance of 
BVOC emissions for modelled HCHO in Europe for July 2019. When considering the surface 
HCHO only (left-hand fig.), the BVOC emissions do make substantial contributions (> 50%) to 
the modelled HCHO, at least in southern Europe, but in much of Europe the contribution is 
less. When considering the column HCHO (right-hand fig.), which is more relevant for 
comparison with satellite data, the BVOC contribution is everywhere less than 50%, and in 
many areas less than 20%. This lack of sensitivity will make it challenging to use HCHO as a 
tracer for BVOC emissions. In phase 2 we will follow up on these comparisons, but also make 
use of CrIS data (Wells et al., 2022) which provides isoprene columns directly - these data are 
discussed in relation to IFS COMPO in Sect. 5.4. 

 

 

Fig. 4.12 BVOC contribution (in %) to modelled modelled HCHO for July 2019. Left figure 
shows results for surface concentrations; right figure shows results for column HCHO. 
Calculations with EMEP MSC-W model. 

 

4.7 Putting it all together: revised BVOC system 

 

As noted above, a large number of data sets have been examined as candidates for the 
revised BVOC emission system. It is clear that no one dataset fulfills all requirements, so a  
system  (python based) has been constructed with the following features: 

● The global dataset (here denoted GLOB-PFT) is first converted (if needed) to a netcdf 
format with lat/long projection. 

● The set of desired PFTs is created, here denoted NEW-PFT. 
● A mapping table is created between the PFTs from GLOB-PFT to NEW-PFT. Where no 

direct mapping is possible, a code is used to suggest which modification is needed. 
Currently these codes allow: 
○ conversion of “bare” land to deserts, based upon Köppen-Geiger categories. 
○ conversion of “flooded trees” (from ECOSG) to tropical, temperate or boreal trees, 

depending on the Köppen-Geiger categories. 
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○ conversion of seminatural GLOB-PFTs to EMEP’s mediterranean scrub (MS) 
category where appropriate (from EMEP land-cover). 

○ conversion of deciduous and coniferous forests to EMEP BF and NF categories (from 
EMEP land-cover). 

● Use of satellite-derived LAI for deciduous PFTs, grassland and semi-natural. 
● Use of  satellite-derived LAI for crops. 
● Retain constant LAI values for evergreen species. 

 

This system will certainly be updated in the future, especially if issues with LAI can be resolved, 
but the current system works and produces new files readable by the EMEP model as 
intended.  Although currently being tested with the ECOSG data sets, the aim is to also enable 
IFS and other global data to be used in due course.  

Emission potentials for isoprene and terpene have so far remained unchanged since the EPs 
seem consistent with recent data, but further analysis of the EPs for seminatural ecosystems 
is warranted (however, again, the main problem is likely with land-cover definitions). For 
sesquiterpenes an increase in the EP is anticipated, but results from more PFTs will be 
assembled before making this change. 

Given the difficulties found with especially the land-cover definitions, use of satellite data to 
constrain and improve the basic maps of EP would be extremely useful. This should be a 
priority for the next steps in developing improved BVOC inputs. 
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5 Development of online BVOC modeling in IFS-COMPO 

In a previous effort, a technical implementation of online emission calculation in ECMWF’s 
Integrated Forecasting System (IFS) has been achieved, as described in Huijnen et al. (2023). 
In this approach, the BVOC emission rate E of chemical compound j is described by: 

   (5.1) 
 
where γ is a dimensionless activity factor, f  is a fraction of a grid box covered by PFTi and ɛij 
is the emission factor which represents amount of the emission under standard conditions in 
units [µg m-2 h-1]. The values for ɛij used here are based on MEGAN PFTs as specified in G12, 
except for α-pinene, which use a factor 2 lower values than reported there (Messina et al., 
2016). This implementation is referred to as IFS-MEGAN, and is based on the G06 and G12 
parameterizations. The net activity factor is computed based on an emission response to light, 
temperature, leaf area index leaf age and CO2 inhibition, essentially following G06 with a 
Parameterized Canopy Environment Emission Activity (PCEEA) algorithm.  

Specifically, the net activity factor is computed based on an emission response to light (γP), 

temperature (γT), leaf area index (γLAI) leaf age (γA) and CO2 inhibition (γC) following: 

        (5.2) 

The BVOC emissions parameterization is implemented as a separate module as part of 
ECLand (Boussetta et al., 2021), i.e. the land component of the IFS. Here we have addressed 
both uncertainties related to the emission factor description (Sec 5.1), as well as uncertainties 
related to the activity factor (Sec 5.2). Finally, we have tested the default, and updated model 
configuration in IFS-COMPO, and confronted these simulations against independent satellite 
observations (Sec. 5.3). 

 

1.2 5.1 Vegetation description and emission factors  

The MEGAN PFT categories are different from the ones that are available in ECLand, which 
implies that a set of conversions is required. The ECLand scheme uses a set of Biosphere-
Atmosphere Transfer Scheme (BATS) classes. In  CY49R1, these classes are converted from 
a version of ESA CCI data (ESA, 2017) using a dedicated cross-walking table (Boussetta et 
al., 2021). Here “residual” (non pure) vegetation types such as the interrupted forest (which 
covers about 25% of the land points in the current ECMWF maps) are removed compared to 
earlier distribution of BATS classes. This was done as an attempt to filter for more actual/pure 
plant types, to better allow for the characterization of the model parameters (Boussetta et al., 
2021). Two BATS-type vegetation tiles are available in the IFS: “high vegetation” and “low 
vegetation”. These two tiles come with specifications of the type of high/low vegetation. 

For the purpose of estimating BVOC emission, the vegetation types in the BATS classes have 
to be converted to MEGAN-type PFTs, in order to identify the relevant ɛij. Specifically, MEGAN 
employs 16 PFT categories derived from the Community Land Model (CLM4). These 16 
categories capture the diversity of vegetation by grouping species with similar traits, such as 
broadleaf deciduous trees, needleleaf evergreen trees, grasses, and shrubs. For the 
conversion of ECLand BATS classes towards MEGAN PFTs a very basic set of rules was also 
defined, see Huijnen et al. (2023), which was based on a rough analysis of the distribution of 
ECLand vegetation categories compared to the distribution of PFT categories as used in 
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CAMS-GLOB-BIO. Particularly in IFS-MEGAN simplifications have been made: the Köppen-
Geiger classification maps, which govern the climate zone, have been represented by very 
basic latitudinal bands. This implies particularly that both longitudinal variations in vegetation 
types, and vegetation in high-altitude (mountainous) regions are currently poorly represented. 

In CAMAERA we have invested in the implementation of a better way to describe the 
distribution of  isoprene emissions, which is one of the most important BVOC emissions. 
Instead of using an emission factor per land use category we make use of a gridded map of 
emission potential data. This means that the equation (5.1) reduces to:  

      (5.3) 

Here EPC5H8 refers to the emission potential for isoprene and f the gridbox fraction covered by 
vegetation. Here we use a gridded dataset which is the same as the one used in CAMS-
GLOB-BIO v3.1 (Sindelarova et al., 2022), except that also for Europe we adopt a constant 
value throughout the year. The implementation required technical investments in order to (1) 
convert the input netcdf dataset into grib, which is the default data format for input/output data 
of the IFS; (2) design and implement a structure for the IFS to ingest this new dataset; (3) 
implement the code infrastructure to make the dataset available to the BVOC emissions 
module and (4) validate and evaluate the new parameterization. After evaluation, it was found 
that an additional scaling factor of 1.5 is needed to match the regional total isoprene emissions 
as simulated in IFS-COMPO to those from CAMS-GLOB-BIO v3.1. The reasons for this 
discrepancy are so far not understood, and subject of further research. 

 

1.3 5.2 Parameterisation of activation factors  

The net activity factor is computed based on equation 2 given above, essentially following G06 
with a Parameterized Canopy Environment Emission Activity (PCEEA) algorithm. The 
parameterization of the light response to emissions (γP) is simulated as: 

      (5.4) 

  

with LDFj the light-dependent fraction specific for each emission compound, and γP_LDF 

(following the corrigendum to G06): 

 

          (5.5) 

 

Here a is a solar angle and Pdaily represents the daily average above canopy photosynthetic 
photon flux density (PPFD) representative of the simulation period (week or month). In IFS-
MEGAN CY49R2 Pdaily is approximated through a climatological value of the PPDF, which has 
a seasonal cycle only. Furthermore,  is the above canopy PPFD transmission, which is 
estimated as 

       (5.6) 

Here P is above-canopy PPFD, and Ptoa is the PPFD at the top of the atmosphere. For this we 
adopt the expression given in G06, which depends on the day of the year (DOY) only: 
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  (5.7) 

For the temperature activity factor we follow G06: 

     (5.8) 

where 

       (5.9) 

with  and . Thr 
represents hourly average air temperature (K), Tdaily as daily average air temperature (K) 
representative of the simulation period, CT1 (=80 kJ mol-1) and CT2 (=200 kJ mol-1) empirical 
coefficients. In IFS-MEGAN, Thr is taken the instantaneous temperature at the lowest model 
level in the atmosphere, while Tdaily is taken from the 3rd level (28-100 cm) soil temperature. 
DiMaria et al. (2023) note that this temperature response function is actually highly uncertain. 

For emission response to leaf area index variations, γLAI, we again follow G06 using the 
formulation 

       (5.10) 

  

 

 

Figure 5.1. Illustration of instantaneous activation factors for LAI, γLAI (left), as function of LAI 
(horizontal axis), and pre-factor (color), Temperature γT (middle), as function of air temperature 
(horizontal axis) and soil temperature (colors) and radiation γP (right), as function of PPFD 
(horizontal axis). 

 

Following G06, the dependency of the activity factors to the various input variables (LAI, 
temperature and radiation aspects) is given in Figure 5.1, showing the different types of 
sensitivity to these variables. In Figure 5.2 we also present maps with instantaneous values 
for these activation factors, giving an impression of the spatial variation of the given factors. 
While LAI is also high at the high latitudes, due to the lower temperatures (and radiation) there 
the effective emissions will still be lower. Conversely, over the Sahara the solar radiation and 
temperature are highest, but in absence of vegetation there are no BVOC emissions to be 
expected. 
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Figure 5.2. Illustration of instantaneous activation factors for LAI (left), Temperature (middle) 
and radiation (right), here for 1 July 2019, 12 CET, here for isoprene. 

 

The emission response to leaf age, γA, also follow G06, while for  γC, i.e. the CO2 inhibition, 
equation 14 in G12 is adopted. However, both activity factors are very close to unity for default 
IFS-COMPO ‘present day’ simulations. γA  is close to unity everywhere because it is 
parameterized as a function of temporal variation in LAI, while the LAI input data in the IFS 
shows only very weak variations as this is governed by climatological data. The γC  is close to 
unity because the parameterization is normalized towards a CO2 concentration of 400 ppmv, 
which is the present-day concentration. Therefore we do not consider these activity factors 
any further. Nevertheless, in the next subsection we test the validity of the activation factors 
that govern the isoprene emissions against in-situ observations, with emphasis on the 
temperature and light-response. 

 

In Figure 5.3 we present the resulting isoprene emissions for the original, and updated model 
implementation, and compare them with CAMS-GLOB-BIO. Indeed, when using the emission 
potential map for C5H8, together with the 1.5 scaling, the match with CAMS-GLOB-BIO 
improves a lot, especially over Africa and South America. Still, over Australia we find a large 
discrepancy, which is likely associated to differences in the modeling of activation factors. Also 
the regional totals show improved consistency between CAMS-GLOB-BIO and IFS-MEGAN 
using the EP, Figure 5.4. Especially over Europe a large decrease is seen, consistent with the 
updated EP in CAMS-GLOB-BIO v3.1.  
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Figure 5.3. Comparison of monthly mean isoprene emissions for January (top) and July 
(bottom) estimated using fixed emission factor per land-use category (LU/EF, left), and when 
using an emission potential map (EP, middle), compared to CAMS-GLOB-BIO v3.1 emissions 
(right) 

 

Figure 5.4. Comparison of daily mean isoprene emissions for the year 2019 estimated using 
fixed emission factor per land-use category (LU/EF, red), and when using an emission 
potential map (EP, orange), compared to CAMS-GLOB-BIO v3.1 (green), for various regions 
in the world 
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5.3 Evaluation of box model simulations against in-situ observations 

 

The Vielsalm flux observations 

The Vielsalm eddy-covariance site (50.30°N, 5.90°E) is located in the Belgian Ardennes amid 
a temperate forest canopy and serves as the reference for VOC flux measurements (Amelynck 
et al., 2024). This dataset contains volatile organic compound concentrations and fluxes 
obtained above the canopy of a mixed forest from a flux tower at 52 m a.g.l. at the 
corresponding ICOS ecosystem site, from May to October 2009 and from March to October 
2010, i.e. during the growing season. The dataset contains both concentration measurements 
and flux data, as described in Laffineur et al. (2011, 2012; 2013). Here we use these 
observations to assess the performance of our parameterization.  

The isoprene fluxes were measured above the canopy by an eddy-covariance system 
comprising a PTR-MS (Proton-Transfer-Reaction Mass Spectrometer) at ~29 m height and a 
3D sonic anemometer. Data were recorded at half-hourly to hourly intervals, then subjected 
to u* threshold filtering and spike removal to ensure diurnal and daily-mean reliability. The 
observational flux datafiles used here ( ‘vie_2009_voc_database.csv’) includes hourly VOC 
flux observations in units μg m-2 s-1. The data for isoprene fluxes have been extracted to 
compute both hourly time series and monthly averaged diurnal cycles.  

Apart from composition and flux observations, meteorological data is also provided, including 
T2m (2 m air temperature in K) and SSRD (surface-downward shortwave radiation in J m-2 
accumulated over 3 h), but these are not used here. 

The flux observation data have been used previously to evaluate the MEGAN–MOHYCAN 
simulations (Bauwens et al., 2018), to assess the model’s ability to simulate the diurnal and 
seasonal emission estimates. Observed daily-mean isoprene emissions were shown to peak 
near 5 mg m-2h-1, while the monthly average isoprene fluxes reach a value of about 1.2 mg m-

2h-1. In their H3 simulation, adopting a locally observed emission factor of SEF = 2.88 mg m-

2h-1, the mean bias was  -8.5% (r = 0.92) in 2009 and –1.0% (r = 0.91) in 2010, confirming a 
strong agreement in the diurnal‐ cycle (Bauwens et al., 2018). 

The MEGAN emissions module has been extracted from the IFS-COMPO code, and 
converted into a python code to allow assessment of the parameterization with local input 
data. Specifically the model is forced every hour with 2 m air temperature (K) and surface 
downward shortwave irradiance, converted to photosynthetic photon flux density (PPFD) via 
a factor of 4.6 µmol J-1, taken from the Copernicus European Regional ReAnalysis (CERRA) 
dataset, Schimanke et al. (2021). 

Within this box, canopy isoprene emissions are calculated online using the unmodified 
MEGAN v2.1 algorithm, which applies: 

● Temperature response factors CT1 =80 kJ mol-1 and  CT1 =200 kJ mol-1 used in the 
computation of γT 

● A top-of-atmosphere PPFD constant value of 3000 µmol m-2s-1 

● A fixed leaf‐ area index (LAI) of 3.0 m2m-2 

● the observed EF set at 2.88 mg m-2h-1 

● Ambient CO2 set to 410 ppm 

We note that the EF used in this analysis is to some extent different from the one used in the 
IFS-COMPO model simulations, which runs on about 40 km horizontal resolution. When 
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interpolated to the observation location the EF field used here is only 1.7±0.3 mg m-2h-1, which 
would cause an underestimate in total simulated emissions by about 40% locally. This 
underscores the importance of using locally observed EF to evaluate the parameterization 
against observations, and also the critical importance, of realistic (representative) maps of EF 
in the global model.   

We compared modeled against observed isoprene emissions using four complementary 
diagnostics at Vielsalm, during May – October 2009. The daily time‐ series (Figure 5.5) 
demonstrates that the model reproduces synoptic‐ scale variability in emissions (e.g. week‐
to‐ week changes), although extreme peaks (e.g. heat‐ wave days) are muted. This is 
confirmed by the scatter plots of daily‐ mean values (Figure 5.6), which reveals a generally 
linear relationship but with the model systematically underestimating higher‐ flux days.  

 

Figure 5.5. Time series of daily mean isoprene flux from May through October 2009. Solid 
blue line depicts model; dashed orange line depicts observations. Synoptic‐ scale variability 
is reproduced, but observed extreme high‐ emission events exceed model values. 

 

Figure 5.6. Scatter of observed vs. modeled daily average isoprene emissions for July – 
October, 2009. Each point represents one calendar‐ day mean. 
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Monthly averages (Figure 5.7) show that the model captures the seasonal decline from 
summer into autumn, yet underpredicts the emission magnitudes in July and August by ~10–
15 %. Diurnal‐ cycle panels (Figure 5.8) confirm that the timing of the sunrise‐ to‐ noon ramp 
and afternoon decline is well represented, but that peak amplitudes remain too low, particularly 
in midsummer. Together, these plots indicate that the default MEGAN v2.1 configuration 
captures the broad diurnal and seasonal patterns at Vielsalm but underestimates absolute flux 
levels during high‐ emission periods. 

 

 

Figure 5.7. Monthly average emissions in 2009, comparing observed (blue bars) and modeled 
(red bars) values for July–October. Bars show the mean across all hours in each month.  

 

Figure 5.8. Diurnal cycle of isoprene flux (hourly means) for each month from May to October 
2009. Red lines/circles are model results; blue dashed lines/squares are observations. While 
the timing of the daily peak is well captured, the model peak amplitude remains systematically 
lower. 

 

The simulated results reveal that indeed radiation and temperature drive the bulk of the 
emission variability. Temperature directly influences the enzymatic processes responsible for 
BVOC synthesis; even slight temperature changes can exponentially alter isoprene production 
rates. Similarly, light - quantified as photosynthetically active radiation (PAR) - is a primary 
driver of photochemical reactions and closely controls the dynamic response of isoprene 
emissions. A realistic estimation of these factors is critical for the model’s ability to reproduce 
the observed variability. Particularly during midday when both temperature and PAR peak, the 
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combined sensitivity emphasizes their importance for simulating realistic diurnal emission 
profiles, and their changes from day-to-day. 

Parameter optimization 

To assess the sensitivity of the model to the input parameters, and test for methods to better 
capture the high-emission conditions, we optimized the temperature‐ dependence factor  γT, 
through a fitting procedure. The temperature activity factor is governed by eqn 5.8 above, with 
the input parameters described as: 

Topt=Topt,0+β(Tdaily-T0)  and 

Eopt=D0 exp(α(Tdaily-T0))  

Default values as proposed by Guenther et al. (2006) given in Table 5.1. 

The fitting targeted daily‐ mean isoprene fluxes over July–October 2009 at the Vielsalm site. 
We performed a grid search, systematically varying: 

● Reference optimum temperature (Topt,₀ ) from 310 K to 320 K in 1 K increments. 

● Exponential amplitude sensitivity (α) from 0.07 K⁻ ¹ to 0.09 K⁻ ¹ in 0.002 K⁻ ¹ 
increments. 

For each parameter pair, the model computed hourly fluxes driven by observed air 
temperature, soil temperature, and surface solar radiation. Hourly outputs were averaged to 
daily means to match the observational dataset. The fit objective was to minimize the root‐
mean‐ square error (RMSE) defined as: 

  
RMSE =  sqrt((1/N) Σ [Fmodel - Fobs]²) 

  
where, N is the number of days and F represents the daily‐ mean (modeled/ observed) 
emission flux. This selection emphasizes the diurnal cycle average rather than instantaneous 
hourly peaks, providing a robust evaluation of model performance at the daily scale. 

For observation data for the year 2009 the optimization converged on values for Topt,₀  = 311.0 
K and  α = 0.07 K-1, while all other parameters remained at their default values. This 
configuration achieved an RMSE of 0.14 mg m-2h-1, a ~15% improvement over the RMSE 
when using default values (~0.16 mg m-2h-1). By refining the γT parameterization, particularly 
lowering the reference optimum temperature and adjusting the exponential sensitivity, the 
model more accurately captures the interdaily emission peaks, see Figure 5.9. 

 

Table 5.1 Definitions and default values of parameters in the γT formulation. 

Parameter Symbol Default Value optimized value (2009) 

Reference optimal temperature Topt,0 313.0 K 311.0K 

Linear sensitivity of Topt β 0.60 unchanged 

Soil‐temperature offset T₀ 297.0 K unchanged 

Exponential amplitude sensitivity α 0.08 K-1 0.07 K-1 

Base amplitude D₀ 1.75 unchanged 
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Figure 5.9. Daily‐ mean isoprene emission fluxes (July–October 2009) at Vielsalm: observed 
(blue circles), model with default temperature‐ sensitivity parameters (green triangles, 
dash‐ dot), and model with optimized parameters (red squares, dashed).  

 

When adopting the tuned parameters for the 2010 data the emission peaks in mid‐ July and 
mid‐ August are also better reproduced than the default version, Figure 5.10, which are 
associated with the warmest days of the season. So the optimized temperature‐ response (γT) 
based on 2009 data remains effective for 2010.  

This improved peak fitting is also evident in the scatter plot (Figure 5.11), where daily observed 
emissions are plotted against modeled values. High‐ emission days (upper‐ right cluster) lie 
noticeably closer to the 1:1 line with the optimized parameters than with the default settings, 
in particular, for high-emission events. At lower emission values, the optimized values result 
in slightly larger over-estimates, suggesting the need for an adaptation of the underlying 
default emission potential. In a follow-up activity the performance statistics, and its changes, 
will be quantified in more detail. 

 

Figure 5.10.  Daily average isoprene emission (July–October 2010) time series comparing 
observed values (blue circles) with the default model version (green triangles) and the 
optimized parameters based on 2009 data (orange diamonds).  
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Figure 5.11. Scatter plot of observed vs. modeled daily average isoprene emission (July–
October 2010) for the default model (blue circles), and the 2009 parameters applied to 2010 
data (orange diamonds).  

 

5.4 Evaluation against satellite observations 

We test the use of the emission potential map originating from CAMS-GLOB-BIO v3.1, as 
compared to the original option, which uses fixed emission factors per land use class, in a set 
of IFS-COMPO global model simulations for the year 2019, and compare these to satellite 
observations of isoprene (C5H8) and formaldehyde (HCHO). The simulations have been setup 
to run with tropospheric chemistry only, using a CY49R1 branch that contains many of the 
composition modeling updates that are planned for CY50R1. Also, the isoprene chemistry has 
been revisited to include a more realistic recycling of OH, based on an intercomparison of the 
chemistry mechanism implemented in IFS-COMPO against MAGRITTE, which is planned to 
be activated in a future cycle as well. The ifs-source branch used for these experiments is 
nk9_CY49R1.M_COMPO_50R1_R4_C5H8chem. 

Anthropogenic emissions are taken from CAMS-GLOB-ANT v6.2, which have additionally 
been scaled to better match the observed long-term trends in CO, NOx and SO2 over the NH, 
US and China. 

Two experiments are reported here (see Table 5.2), and are compared against a range of 
observation data. For this, we select isoprene total column data from the for the Cross-track 
Infrared Sounder (CrIS) instrument (Wells et al., 2022), complemented with HCHO 
observations from TROPOMI.  
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Table 5.2 Definition of experiments evaluated in this report 

label Configuration expid 

LU/EF old default option, using EF per LU for all BVOC 
emissions  

b2rj 

EP Updated configuration, where for isoprene an EP 
map is adopted 

b2qp 

 

Isoprene (C5H8) 

 

We start the evaluation of C5H8 columns against a CrIS retrieval dataset, provided by Wells et 
al (2022).  They reported on a machine-learning based isoprene retrieval product from the 
CrIS instrument at a comparatively high spatial resolution. In this comparison we use the CrIS 
climatological monthly mean C5H8 columns (2012-2020) and compare this to monthly mean 
columns at 13:30h Local Time (i.e. CrIS overpass time) for our simulations for the year 2019. 
The data product does not provide information on the averaging kernel, which implies that 
different profile shapes in our model and in the model (implicitly) used in the retrieval are not 
accounted for. 

Figure 5.12 shows the evaluation for January 2019. While for simulation ‘EP’ the positive bias 
over South America and central Africa is reduced, there are still large differences visible on a 
global scale, suggesting persistent uncertainties that are remaining. For instance, over the 
Amazon basin, and southeast Asia, the model still shows a positive bias. Also over Yucatan, 
a region in Mexico known for its special vegetation, the CrIS observations suggest markedly 
lower C5H8 emissions than suggested by either of the model versions. Remarkably, over 
Australia the model simulations show an average positive bias wrt CrIS C5H8. 

These evaluations suggest the potential of using CrIS observations to further constrain, and 
optimize, the prior isoprene emission fluxes on a global scale. 

Figure 5.13 shows a similar evaluation, but for July 2019. Again, a marked reduction in positive 
bias against CrIS is seen over South America when using the EP, while over south-east Asia 
(mainly Indonesia) the model version with EP shows actually an increase in the positive bias. 
Over the NH mid-latitudes the C5H8 columns increase over the south-eastern part of the US, 
while they decrease over Eurasia. Both aspects can mostly be considered an improvement 
with respect to the CrIS observations. 
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Figure 5.12. Evaluation of monthly mean C5H8 simulated columns against CrIS retrievals for 
January 2019. Top: CrIS climatological values; middle row, left: IFS-COMPO using LU/EF; 
right: IFS-COMPO using EP. Bottom: model bias against CrIS for the two simulations.  
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Figure 5.13. Evaluation of monthly mean C5H8 simulated columns against CrIS retrievals for 
July 2019. Top: CrIS climatological values; middle row, left: IFS-COMPO using LU/EF; right: 
IFS-COMPO using EP. Bottom: model bias against CrIS for the two simulations.  

 

 

Formaldehyde (HCHO) 

 

In this study we adopt the re-processed HCHO retrievals (v2.04) from TROPOMI, as reported 
in Vigouroux et al. (2020).  Comparisons of satellite HCHO vertical columns with ground-based 
data have revealed that low HCHO columns are found to be generally too high whereas high 
HCHO columns are most often too low (Vigouroux et al. 2020; De Smedt et al. 2021; Zhu et 
al. 2020). The definite source of this bias is unknown, but it is generally assumed to be related 
to the retrieval procedure of the satellite HCHO column densities. For this reason we adopt a 
recommended bias correction prior to comparing the retrieval product to the model HCHO 
columns, following, for instance, Müller et al. (2024): 

ΩBC = 1.61×Ω - 1.84×1015 molec cm-2, 
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in which Ω and ΩBC are the retrieved and bias-corrected TROPOMI HCHO columns in molec 
cm-2

 , respectively. The application of this correction leads to strongly increased columns over 
source regions, and a reduction of the columns over remote, clean regions.  

 

Figures 5.14 and 5.15 show an evaluation of the two IFS-COMPO model simulations against 
the TROPOMI retrievals for January 2019. Whereas the patterns with elevated HCHO 
columns are well captured, over the source regions there are considerable differences 
between the model simulations and TROPOMI. Over southern and western Africa and 
Australia the model is consistently biased low, while over the Amazon and south-east Asia it 
is biased high.  

The differences between the two approaches for describing the emissions are relatively small, 
with some reduction in columns over the Amazon in IFS-COMPO experiment EP. This is 
further quantified in Figure 5.15, which shows a reduction in the mean bias from 1.5x1015 
molec cm-2 towards 0.5x1015 molec cm-2  for this region, together with some improvement in 
the correlation. For Australia the model remains persistently biased low, particularly over the 
mainland and western part of the continent. This appears in contradiction with the evaluation 
against CrIS retrievals of C5H8, where the model was mostly biased high - but this mostly 
concerns the area towards the east-coast of Australia. 

 

 

 

 

Figure 5.14. Evaluation of monthly mean HCHO simulated columns against bias-corrected 
TROPOMI HCHO retrievals for January 2019. Top left: TROPOMI HCHO columns; middle: 
IFS-COMPO using LU/EF; top right: IFS-COMPO using EP. Bottom row: corresponding model 
bias.  
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Figure 5.15. Scatter density plots of daily instantaneous HCHO columns simulated with IFS-
COMPO, against bias-corrected TROPOMI HCHO retrievals for January 2019. Top row: IFS-
COMPO LU/EF; bottom row: IFS-COMPO EP. Three regions are considered here, as 
indicated in Figure 5.14 above. From left to right: Amazon, south-east Asia and Australia.  

 

Similarly, Figures 5.16 and 5.17 show an evaluation for July 2019, which allows to assess the 
performance during the NH summer season. Again, over Eastern US, southern Europe and 
eastern Asia the model is mostly biased low. The differences between the two approaches for 
describing the emissions are again relatively small. Over the south-eastern part of the US the 
columns show an increase, resulting in a reduction in the mean bias with respect to the 
TROPOMI observations. This is confirmed in Figure 5.17, which shows a reduction in the 
mean bias from -6.2x1015 molec cm-2 towards -5x1015 molec cm-2  for this region, although the 
correlation is not improved. For the other regions no significant change in model performance 
could be detected. 
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Figure 5.16. Evaluation of monthly mean HCHO simulated columns against bias-corrected 
TROPOMI HCHO retrievals for July 2019. Top left: TROPOMI HCHO columns; top middle: 
IFS-COMPO using LU/EF; top right: IFS-COMPO using EP. Bottom row: corresponding model 
bias.  
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Figure 5.17. Scatter density plots of instantaneous HCHO columns simulated with IFS-
COMPO, against bias-corrected TROPOMI HCHO retrievals for July 2019. Top row: IFS-
COMPO LU/EF; bottom row: IFS-COMPO EP. Three regions are considered here, as 
indicated in Figure 5.16 above. From left to right: Amazon, south-east US and south-east Asia.  

 

 

Impact on other trace gases and aerosol 

The impact on air quality aspects, measured by simulated PM2.5, PM10, and ozone during 
the summer period of 2019, evaluated against air quality networks in the US and Europe, is 
marginally affected by these changes (not shown here). A review of secondary organic aerosol 
formation, and a closer evaluation of model parameter choices on the impact on simulated 
organic aerosol, will be subject of the follow-up activities in this project. 
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6 Conclusion 

In this document we have reported progress from WP7 Task 7.1 of the CAMAERA project.  

In Section 4 we have outlined work towards an updated database of BVOC emissions 
databases, with a focus on the underlying land-cover and LAI data sets, and on emission 
potentials for some key species. Some conclusions from this activity can be summarised: 

 

● There is a major need for improved land-cover maps, which provide well defined 
ecosystem and ideally species-level coverage, together with PFT-specific LAI values. 
There are major problems with these land-cover issues for the purposes of both BVOC 
emissions and for deposition modelling. 

 

● The current EPs for isoprene and monoterpenes seem reasonable for some key 
species, but: 

○ The EPs used for sesquiterpenes (SQT) likely needs to be increased for some 
species, for example Norway spruce. 

○ The temperature functions used in EMEP EPs for SQT may need modification 
○ The EPs for semi-natural vegetation are highly uncertain, also because of the 

widely differing definitions used in different land-cover datasets. 

 

● We have made a first test on the contribution of BVOC emissions to the total HCHO 
column. Generally this is below 20% over Europe, which makes it hard to use satellite-
based retrievals to provide constraints on the emissions. Nevertheless, new data 
products, including those from CrIS, will be assessed for their usefulness on the 
European scale.    

● The main product of this work is a python-based software package that has been 
constructed to modify and improve global landcover data sets for use in BVOC 
inventories. The system starts with a global land-cover data set, and modifies the PFTs 
to provide data more appropriate for both BVOC and deposition modelling. The 
modifications include replacement of: bare land with desert, some semi-natural regions 
with Mediterranean scrub, some forests with PFTs more appropriate to the 
Mediterranean. 

● This system will certainly be updated in the future, especially if issues with LAI can be 
resolved, but the current system works and produces new files readable by the EMEP 
model as intended.  Although currently being tested with the ECOSG data sets, the 
aim is to also enable IFS and other global data to be used in due course.  

● Some recommendations for improved handling of these updated BVOC emissions to 
the IFS modelling can be made. The recommendations include: 

○ Use of PFT-specific LAI data as far as possible 
○ Increased consideration/evaluation of the LAI data in use. 
○ Application of European/“EMEP” emission potentials (EPs) for boreal forest 

conifers to Eurasian boreal regions (at least Russia) of the outer MEGAN 
domain, thus ensuring seamless EP maps across the region. This 
recommendation also follows from the fact that the species dominating this 
area (Norway spruce, Scots pine) are ubiquitous across much of Eurasia. 

 

It should also be stressed that updating BVOC emission factors is a complex enterprise, and 
much depends on work done by other groups - for example from the various land-cover 
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groups. Regarding emission potentials, the MEGANv3 system looks promising as a method 
of merging EMEP’s species-specific EPs within a global system, but so far this system remains 
undocumented and so hard to evaluate. 

 

As for the global model component discussed in Sec. 5, we have assessed various 
components which feed into the BVOC emissions model as implemented in ECLand, the land 
component of IFS. Specifically we have addressed uncertainties related to the emission 
potential (EP) specification, as well as uncertainties related to the activity factor associated 
with temperature variations. Finally, we have tested the default, and updated model 
configuration in IFS-COMPO with respect to an update of the isoprene emission potential, and 
confronted these simulations against independent satellite observations. We derive the 
following conclusions: 

2 The main driver for temporal variability in the emissions is governed by the temperature 
activity factor. When using local observations at a site in Vielsalm (Belgium), we find that 
overall this is well simulated with the parameterization suggested by Guenther et al. 
(2006), although the peak values associated with high-temperature events are somewhat 
under-estimated. This could be slightly improved using alternative factors that drive the 
temperature response parameterisation.  

3 The specification of a map that describes the EP for different trace gases is associated 
with very large uncertainties, which drive the overall uncertainty in BVOC emission 
estimates. When using EP for isoprene which was taken from CAMS-GLOB-BIO v3.1, 
then indeed the emission totals and its seasonal cycle can closely follow the one produced 
by CAMS-GLOB-BIO v3.1. Still a global upscaling factor of 1.5 for the isoprene emissions 
(not any of the other BVOC’s) is needed to match the IFS-COMPO emissions, which is 
so far not understood. 

4 However, when testing this change in EP in an IFS-COMPO simulation, and comparing 
the results to satellite retrievals for C5H8 and HCHO, the results are more mixed, and no 
obvious improvement can be detected globally. Regionally there are some changes, with 
improved performance over South America with respect to CrIS C5H8, associated with a 
reduction in performance over Indonesia. The use of TROPOMI HCHO for model 
evaluation is additionally challenging due to uncertainties in the data product (the need 
for a bias correction), and also the many contributing factors that govern simulated HCHO, 
apart from changes in isoprene emissions, as also highlighted above.  

 

A first assessment on the impact of these changes towards secondary organic aerosol (SOA)  
formation, as well as for trace gases was done, and suggested minor changes so far. One 
reason for this is that sensitivities in terpenes emissions, which have a larger contribution to 
SOA, have not been considered so far. This will be the subject of the next phase in the 
CAMAERA project. 
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