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1.1 Previous developments in Sense4Fire

The Sense4Fire project, funded by the European Space Agency (ESA), aims to increase the
scientific understanding of fire dynamics and their role in the carbon cycle by integrating
observations from the Sentinels into new Earth observation products. Fire dynamics
encompass a broad range of processes, including pre-fire conditions of the land surface
(i.e. fuel loads and fuel moisture), fire behaviour (fire ignitions, spread, speed, size, burnt
area, fire type, and radiative power), combustion and production of fire emissions
(combustion completeness, dry matter burnt, combustion efficiency, and composition of
emissions) and the effect of fire emissions on atmospheric composition.

Previously, the Sense4Fire project provided estimates of fuel loads, live fuel moisture
content, fire types, dry matter burnt, emission factors and fire emissions from three
complementary approaches in three versions of Databases for four study regions, namely
South America (Amazon and Cerrado region), southern Africa, a region in eastern Siberia
and southern Europe (Mediterranean) (Table 1). The main focus of the scientific analyses
was the Amazon and Cerrado region, which resulted in a series of high-level scientific
publications (Andela et al., 2022; Forkel et al., 2025; de Laat et al., 2026).

Table 1: Overview of the study regions and test areas used in Sense4Fire. The southern Africa region
highlighted in bold is used for the versions described in this ATBD.

Study region or test area East/West extent North/South extent Datl:l;:la:zvie:gion
f;:tf?ii;'; Africa study region 10°E - 30°E 5°S - 25°S DBv1, DBv2, DBv4.0
Southern Africa test area 23°E - 28°E 11°S - 16°S DBv1, DBv2, DBv4.0
Sahel study region 10°E - 43.3°E 0°-18.1°N DBv4.1
Sahel-small test area 23°E - 43°E 3°N - 15°N DBv4.1
Amazon/Cerrado study region 40°W - 80°W 25°S-10°N DBv2, DBv3
Europe study region 10°W - 29.5°E 34.5°N - 49°N DBv1, DBv2
Siberia test area 132°E - 138°E 60°N - 71°N DBv1, DBv2

Sense4Fire provides two bottom-up fire emission approaches (GFA-S4F and TUD-S4F) and
a set of approaches (summarised as KNMI-S5p) to provide a top-down benchmark of the
estimated fire emissions:

e The GFA-S4F approach is based on the Global Fire Atlas (GFA) algorithm and uses
observations of active fires from the VIIRS instrument and Sentinel-2-derived
burnt area maps to provide near-real time estimates of burnt area and performs
a mapping of fire types to estimate fire emissions (Andela et al., 2019, 2022).
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e The TUD-S4F approach is a data-model fusion approach that combines several
Earth observation products from the Sentinels, from ESA’s Climate Change
Initiative (CCl) and from the Copernicus Global Land Service (CGLS) to estimate
fuel loads, fuel moisture, fuel consumption, and fire emissions (Forkel et al., 2025).

e KNMI-S5p is a set of approaches that uses observations of atmospheric CO and
NOx with Integrated Forecasting Model (IFS) to evaluate bottom-up fire emission
estimates. The approaches have been used in Forkel et al. (2025) and in de Laat et
al. (2026) to evaluate emissions estimates from GFA-S4F and TUD-S4F, among
others.

The development of the three Sense4Fire approaches along with their versioning,
application to different study regions, and the related deliverables and publications are
shown in Table 2.

1.2 Scope of this ATBD

The fourth version of the Algorithm Theoretical Baseline Document (ATBDv4)
provides an updated and complete description of the most recent versions (GFA-
S4F-v0.3, TUD-S4F-v0.3, KNMI-S5p-v0.2) of three approaches used in Sense4Fire.

The three approaches were previously described in ATBDv2.1 and ATBDv3 (Forkel et al.,
2023b, 2024) as well as in the corresponding scientific publications (Andela et al., 2022;
Forkel et al., 2025; de Laat et al., 2026). ATBDv4 documents advancements since ATBDv3,
reflecting the integration of new Earth observation datasets and methodological
developments in the approaches. Specifically, it describes the setups of GFA-S4F and TUD-
S4F to provide fire emission estimates with low latency, i.e. as provisional (PRV) analysis
up to the previous year or as near-real time (NRT), here defined as providing fire
emission estimates with a latency of <1 month. In addition, ATBDv4 documents the
approach to apply the TUD-S4F approach at high spatial resolution (HR, 20 m).

The ATBDv4 accompanies the fourth version of the Sense4Fire Database (DBv4,
continuously updated from April to September 2026), which applies the approaches to the
study region in southern Africa (Table 1). ATBDv4 also serves as the methodological
foundation for the datasets that will be evaluated and inter-compared in the fourth
version of the Product Validation Report (PVRv4, in September 2026), including the near-
real time and high-resolution setups.

The Sense4Fire project's deliverables, including datasets and scientific publications, are
accessible through the project's website (https://sense4fire.eu/).
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Table 2: Development of the Sense4Fire approaches with the related versions of Algorithm Theoretical
Baseline Documents (ATBD), Product Validation Reports (PVR), Impact Assessment Reports (IAR), Databases
(DB) and publications.

A . 'Z‘_‘r':tDed Study region and Related Dabtla"
BRCoC inti S, temporal coverage elate pLlellR
and version Short description PVRs and P L g DB cation
IARS Publication date
GFA-S4F- Based on GFA-S4F-v0.1 but | ATBDv4, S-Africa 2019-2025 DBv4 Apr 2026
v0.3 with updated estimation of | PVRv4
(this ATBD) NRT .burnt area b.ased on
Sentinel-2 for Africa Sahel 2019-2025 DBv4 Sep 2026
GFA-S4F- Based on GFA-S4F-v0.1 but | ATBDv2.1, | Amazon/Cerrado DBv2 Oct 2023
v0.2 with improved ATBDv3, 2019-2023 (Forkel et
parametrisation for NOx IARV2.1 al., 2025)
emissions and prolonged
time series (2019-2024) Amazon/Cerrado 2024 | DBv3 Dec
(de Laat et al., 2026) 2024
GFA-S4F- Original description of the ATBDv1, Amazon/Cerrado, DBv1 Nov
v0.1 GFA-S4F approach based PVRv3 Europe, S-Africa, and 2021
on Andela et al. (2022) Siberia 2020
TUD-S4F- Based on TUD-S4F-v0.2 but | ATBDv4, S-Africa 2014- DBv4 Apr 2026
v0.3 with new input datasets PVRv4 202472025
(this ATBD) and reprgsentatlon of
surface live woody Sahel 2014-2024/2025 | DBv4 Sep 2026
vegetation
TUD-S4F- Initial near-real time setup | IARv2.1 Amazon/Cerrado 2024 | DBv3 Dec
vNRTO1 based on a machine (de Laat et al., 2026) 2024
learning model trained
against TUD-S4F-v0.2
TUD-S4F- Default setup of TUD-S4F ATBDv2.1, | Amazon/Cerrado DBv2 Oct 2023
v0.2 for all study regions ATBDv3, (Forkel et al., 2025),
PVRv3, Europe, S-Africa, and
IARv2.1 Siberia 2014-2021
TUD-S4F- Initial version of the TUD- ATBDv1, Amazon/Cerrado, DBv1 Nov
v0.1 SAF approach, replaced by | PVRv2.1 Europe, S-Africa, and 2021
(deprecated) | TUD-S4F-v0.2 Siberia 2014-2021
KNMI-S5p- | Revised setup of the IFS ATBDv4, S-Africa, Sahel -- (DBv4) | Sep 2026
v0.2 model PVRv4
(this ATBD)
KNMI-S5p- Initial description of ATBDv2.1, | Amazon/Cerrado DBv1/v2 | Nov
v0.1 approach ATBDv3, (Forkel et al., 2025; de 2021
PVRv3 Laat et al., 2026),
Europe, S-Africa, and
Siberia 2020
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2 GFA-S4F-v0.3

21 Overview and updates

The Global Fire Atlas provides an object-based approach to estimate global fire emissions.
The approach builds upon the recently developed Global Fire Atlas (Andela et al., 2019)
and “Amazon dashboard” (Andela et al., 2022), that tracks individual fires and their
behaviour (e.g., perimeters, speed, duration, radiative power) based on near real time
detection of active fires from the VIIRS sensors on-board NOAA20 and Suomi-NPP.
Emissions are modelled through the identification of fire types, and development of fire
type specific scaling factors for burned area and fuel consumption. Here we describe the
specific model configuration for Africa, though the model has been tested and evaluated
for other geographic areas as described in earlier ATBDs.

Here we present a revised model for southern hemisphere Africa that introduces burned
area scaling based on the ESA Sentinel-2 burned area product (FireCCISFD20) and
subsequent calibration of emissions scaling factors that translate fire radiative energy per
area burned (M) m) to fuel consumption (g m?). We generate results for 2019 - 2025 and
compare results against GFED5.

2.2 Input datasets

This section provides an overview of the datasets used. Active fire detections from the
VIIRS instruments onboard S-NPP and NOAA20 are used to track individual fire events and
characterise their behaviour. Because active fire detections provide only information
about actively burning fires at cloud free satellite overpass, we use burned area products
from Sentinel-2 to develop scaling factors and estimate the burned area associated with
each fire event. Finally, we use land cover information to classify fires into different fire

types.

2.2.1 VIIRS active fire observations

We use VIIRS VNP14IMG 375-m resolution active fire detections from the Suomi-NPP
(SNPP) and NOAA-20 satellites (Schroeder et al., 2014). SNPP VIIRS active fire detections
are available from February 2012 onwards and NOAA-20 active fire detections are
available only from April 2018. The active fire detections were gridded onto an 0.005°
(approximately 500 metre resolution) annual global grid, binning all active fire detections
falling within each grid cell. Finally, we create a Boolean (values 0 or 1) grid indicating the
occurrence of at least one active fire detection per year within each 0.005° grid cell. This
Boolean active fire grid was produced for 2019 to 2025 by combining the active fire
detections from VIIRS SNPP and NOAA-20. Two additional Boolean active fire grids were
produced for the evaluation of burned area scaling factors, the first is based on SNPP
VIIRS only for 2016 and 2019, and the second on NOAA-20 VIIRS only for 2019.
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2.2.2 ESA FireCCISFD20 burnt area

The FireCCISFD20 (Small Fire Dataset v2.0) product is a burnt area dataset for the year
2019 at 20 m spatial resolution based on the Sentinel-2 MSI (Multi-Spectral Instrument)
sensor, developed within the ESA Fire Climate Change Initiative (Fire CCl) project (Chuvieco
et al., 2022). This product was specifically designed to exploit the relatively high spatial
resolution of the Sentinel-2 MSI sensor, representing a significant improvement in spatial
detail compared to the coarser resolution FireCCI51 (~250 m, MODIS-based) and
FireCCIS311 (Sentinel-3-based) products. This 20 m spatial resolution enables the
detection of small fires that are often omitted by coarse-resolution burnt area products,
which is particularly relevant in regions where small-scale agricultural burning and
fragmented fire regimes dominate. FireCCISFD20 is the successor of FireCCISFD11, a
similar dataset for the year 2016 with an earlier version of the burnt area detection
algorithm.

2.2.3 ESA WorldCover v200

For the African study region, we separated three fire types based on the WorldCover V200
dataset (Zanaga et al., 2022). If tree cover fraction (WorldCover V200) within the fire
perimeter exceeded 50% a fire was classified as woodland fire. Any fire not meeting this
criterion, was classified as cropland or grassland and savannah fire, depending on the
dominant land cover type within the fire perimeter.

2.3 Fire event monitoring

This section provides an overview of how we identify and track individual fire events. The
VIIRS active fire detections provide a point cloud of active fire detections and associated
detection dates at a daily temporal resolution. Here we cluster these active fire detections
into fire events based on the Fire Atlas algorithm (Andela et al., 2019). The Global Fire Atlas
algorithm was initially applied to the MCD64A1 collection 6 burned area product, a daily
estimate of global burned area at 500 m resolution (Giglio et al., 2018).

Burned area data have two important limitations compared to active fire detections for
the development of an algorithm to track fires and associated emissions. First, burned
area data are not available in near-real time, as burned area algorithms rely on time series
of data before and after the fire, leading to a typical two to three-month delay in the
production of global products. Second, coarse resolution (e.g., 500 m) satellite
observations are often unable to accurately map the burned area associated with small
fire types or low-intensity forest fires burning beneath a dense forest canopy (Morton et
al., 2011).

Previous studies have demonstrated that active fire data can provide a robust estimate of
burned area in forested ecosystems based on a persistent thermal signal within each
larger grid cell from the slow spread rates and residual smouldering (Oliva and Schroeder,
2015; Veraverbeke et al., 2014). To map individual fire perimeters from VIIRS active fire
detections, we first gridded active fire detections at a 0.005° (~550 m) resolution based on
the centre of each fire pixel (Figure 1). We selected this spatial resolution to accommodate
Sense4Fire ATBDv4 Page 12 of 84
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typical forest fire spread rates of 300 to 500 m day-1 and reduce potential effects of
geolocation error from the VIIRS Sensor.

To prepare the data for the Fire Atlas algorithm, we select the earliest active fire detection
within each 550 m grid cell (Figure 1). Following the Global Fire Atlas approach, we then
apply a spatial filter to remove inconsistencies in the estimated burn date within each fire
to identify the ignition location (Andela et al., 2019). Inconsistencies can originate from
gaps in the observation record, e.g., due to cloud cover. An additional threshold is
required to separate adjacent fires that burned at different times during the fire season.
This threshold sets the maximum number of days for a fire to spread into an adjacent grid
cell; here, we set this threshold as <5 days after the last active fire detection within any
given 550 m grid cell.
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Figure 1: Example of the spatial and temporal evolution of VIIRS active fire detections for Amazon
deforestation and forest fires provides an estimate of daily burned area needed for the Global Fire Atlas
algorithm. Day of active fire detections (circles) from both VIIRS instruments for (a) a large forest fire and (c) a
deforestation fire in Brazil. Panels (b) and (d) show the estimated daily fire progression on a 0.005° (~550 m)
grid. The background depicts fractional tree cover (Hansen et al., 2013). Black lines indicate the fire perimeters
derived from active fire detections and red lines show the corresponding burned area estimates from the
MCD64A1 C6 product (Giglio et al., 2018) in (a) and (c) and Landsat-derived burned area estimates from
MapBiomas in (b) and (d).
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In Figure 1c and Figure 1d, a deforestation fire in an adjacent field burned into the
understorey of neighbouring forest area, resulting in fire detections adjacent to our
example fire on day 220, eight days before the example fire was ignited. In this case, the
algorithm successfully classified these as two separate fire events despite their spatial
proximity. In contrast to forest fires, savannah and grassland fires typically spread several
kilometres per day, resulting in artificial fragmentation of individual events in our finer
550 m grid. We therefore use land cover data to distinguish grassland, forest and cropland
fires and develop a burned area scaling factor to estimate associated burned areas for
each fire type.

2.4 Fire types, burned area and emissions
2.4.1 Burned area scaling factors

A new approach was developed to estimate historic and near-real time burnt areas using
scaling factors and VIIRS active fire detections. Scaling factors were computed based on
the ratio between FireCCISFD20 Sentinel-2 burnt area and the Boolean active fire grid
based on VIIRS SNPP and NOAA-20 for the year 2019. For this purpose, each Boolean grid
cell with value one (i.e. at least on active fire detection within a year) is considered to be
fully burned, representing roughly 500 x 500 m = 0.25 km? of burnt area at the equator.
The scaling factors were based on an iterative region-growing algorithm (like Andela et al.
2022), initially creating scaling factors for all 0.25° grid cells that contained at least 50 km?
burnt area for both FireCCISFD20 (aggregated to 0.005°) and the Boolean VIIRS active fire
grid. Next, we clustered the remaining 0.25° grid cells that did not meet the criteria to 0.5°
and evaluated the larger regions using the same threshold of 50 km?. These grid cell
aggregation and evaluation steps were repeated at 1°, 2°, and 4° resolutions. Finally, all
remaining grid cells were combined into a single continental-scale region for the final
evaluation step. Separate scaling factors were computed for three different fire types:
forest fires, grassland and savannah fires, and cropland fires. Figure 2 shows the resulting
scaling grid for 2019, as a composite of the three fire types.
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Figure 2: Scaling grid for 2019 southern Africa using an iterative region-growing algorithm, based on the ratio
of FireCCISFD20 and VIIRS SNPP and NOAA-20 active fire detections.

Evaluation of scaling factors

The scaling grid is created only for 2019, the only year for which both FireCCISFD20 and
VIIRS active fire data from the SNPP and NOAA-20 sensors are available. Therefore, scaling
for more recent years, including near-real-time estimates, assumes that the 2019-based
scaling grid remains representative. In order to test this, we used FireCCISFD11 to
compare how well our scaling method represents spatial burnt area patterns in 2016
versus 2019. This exercise is limited to VIIRS SNPP for creating the Boolean active fire grid,
since the NOAA-20 sensor had not yet been launched in 2016. As a result, scaling factors
are roughly a factor two higher, omitting about half of the active fires counts due to the
absence of NOAA-20 detections. For this test, VIIRS SNPP active fires for 2016 are scaled
using the 2019 scaling factors and compared to 2016 FireCCISFD11 burned area. Secondly,
active fires for 2019 are scaled using the 2016 scaling factors and compared to 2019
FireCCISFD20 burnt area. Figure 3 and Figure 4 show the cross-comparison of burnt area
after scaling.
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Figure 3: Comparison of FireCCISFD11 burned area for 2016 and scaled VIIRS SNPP burned area using a 2019-
based scaling factor for the southern African domain (Figure 2).
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Figure 4: Comparison of FireCCISFD20 burned area for 2019 and scaled VIIRS SNPP burned area using a 2016-
based scaling factor for the southern African domain (Figure 2).

2.4.2 Emissions

We estimate fuel consumption for each fire event based on fire type specific conversion
factors. Conversion factors translate Fire Radiative Energy (FRE) per area burned (M} m?)
to fuel consumption per area burned (g C m?).

For each fire event, we derive FRE (MJ) from VIIRS fire radiative power (FRP, MW) by
summing all FRP values of a single fire and multiplying this by the average duration
between satellite overpasses: FRE (MJ) = (FRP in MW * 43,200 seconds). Subsequently, we
derive FRE per area burned (M) m-2) by dividing by the burned area associated with the
fire event. Active fire data in this study are not corrected for cloud cover, since statistical
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models used in other studies to account for cloud cover cannot be easily attributed to
specific fire events (e.g., Kaiser et al., 2012).

For fuel consumption, we rely on the dataset of fuel consumption observations compiled
by van Wees et al. (2022). For each fire type, we reviewed the database to include the most
relevant field observations of fuel consumption (g C m?) and match these to the
distribution fire FRE per area burned (M) m) using the method explained in Andela et al.
(2022).

Finally, we convert carbon to trace gas emissions. We review emissions factors compiled
by Andrea et al. (2019) to derive fire type specific emissions factors of CO, summarised in
Table 3. For the fire types we consider, we noticed that the standard deviation of CO
emissions factors ranged between 10 to 30% of absolute values, and we therefore expect
that the uncertainty arising from emissions factors is likely smaller than the uncertainty
introduced by conversion factors.

Table 3: Overview of emissions factors used in the GFA.S4F approach.

Fire type CO2gkg! CO g kg NOx (NO) g kg™’
Deforestation fires 1641 95.5 1.7

Tropical forest fires 1510 104.0 2.0

Small clearing and 1431 76.2 2.4

agricultural fires

Temperate forest fires 1647 88.0 1.9

Boreal forest fires 1489 127.0 0.9

Savannah and grassland 1656 69.2 2.5

fires

Cropland fires 1585 102 3.1

2.43 Benchmarking against GFED5

We compare burned area and carbon emissions estimates derived here (GFA-S4F-v0.3)
against those from GFED5 (Figure 5) (Chen et al., 2023; van der Werf et al., 2025). Both
approaches are calibrated against Sentinel-2, and therefore our average annual burned
area estimate of 228 Mha compares closely to the 217 Mha estimated by GFED5 between
2019 to 2024. Both methods also show reasonable agreement (r-squared of 0.62) in the
inter-annual variability of burned area over the same period. The emissions scaling
implemented here deviates from the emissions model of GFEDS5, resulting in substantially
higher (35%) emissions of 1211 Tg C annually, compared to 894 Tg C repored by GFED
(2019 - 2022). While the aim of our model is not to replicate GFED5 emissions, we are
planning to re-calibrate our emissions model before September 2026 based on a greater
number of field observations and development of scaling factors (M) m-2 to g C m-2) that
are more representative of the regions field observations are located in. Currently, a
single calibration is carried out including all of southern Africa, despite field observations
being predominately located in part of the study region.
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Figure 5: A comparison of burned area and carbon emissions estimates derived using the current Global Fire
Atlas S4F algorithm presented here (GFA-S4F-v0.3) and those of GFED5. Note that burned area and fire
emissions estimates from GFED5 were not available for the full period.
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3 TUD-S4F-v0.3

31 Overview
3.1.1 TUD-S4F approach in a nutshell

TUD-S4F is a data-model fusion approach that integrates different Earth observation
products such as land cover, leaf area index (LAI), soil water index (SWI), and burnt area
within a simple ecosystem model to estimate the spatial patterns and temporal dynamics
of biomass, fuel loads and fuel moisture, combustion completeness, fuel consumption,
combustion efficiency, emission factors, and fire emissions (Figure 6). The following
description is largely based on text from the Supplementary Information in Forkel et al.
(2025), with updates described in Section 3.1.2 and in the text.

Proba-V ESA
Sentinel-3 Worldcover ASCAT/Copernicus FireCCI51 2001-2020
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Figure 6: Schematic structure of the TUD-S4F-v0.3 approach to estimate fuel loads, fuel moisture, fuel
consumption and fire emissions. Various satellite datasets are used a forcing (top) or for training of machine
learning models and the calibration of model parameters (right).

The TUD-S4F core model represents different biomass and fuel components such as tree
leaves, branches and stems, herbaceous vegetation, surface live woody biomass (SLW, i.e.
shrubs and understorey), surface litter, and fine and coarse woody debris (FWD, CWD).
Biomass in trees and SLW vegetation is estimated from canopy height, LAl and land cover
using allometric equations that are calibrated based on satellite products of canopy
height and above-ground biomass. The accumulation of surface fuels is then estimated
from changes in land cover and from seasonal and long-term temporal changes in LAI,
which affect the turnover of herbaceous and leaf biomass to litter, and of branches and
stems to FWD and CWD, respectively. Fuel moisture content (FMC) is estimated from SWI
and LAl for leaves and herbaceous biomass (i.e., live-fuel moisture content, LFMC) and
from SWI for live woody biomass. Additionally, SWI is used as a proxy for the dead fuel
moisture content (DFMC) of surface fuels. The estimated FMC is then used to estimate
combustion completeness.
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Unlike in other fire emission inventories, TUD-S4F estimates emission factors dynamically
dependent on the chemical composition of biomass and fuel components and fuel
moisture by using a chemical-based combustion model. The combustion model is
calibrated against field and laboratory databases of emission factors and against satellite
observations of fire radiative energy.

3.1.2 Summary of updates in version TUD-S4F-v0.3

Here we describe the most recent version TUD-S4F-v0.3. The previous version TUD-S4F-
v0.2 has been described in ATBDv2.1 and ATBDv3 (Forkel et al., 2023b, 2024) and in the
Supplementary Information of Forkel et al. (2025). In summary, TUD-S4F-v0.3 includes the
following major updates and details can be found in the indicated Sections:

Use of new input datasets: All used input datasets for TUD-S4F are described in Section
3.2. In TUD-S4F-v0.3, we replaced the previously used Plant Functional Types (PFTs) from
the ESA CCl Land Cover map with the ESA CCl WorldCover land cover map and plan to also
test the ESA CCl High-Resolution Land Cover map (ESA HRLC) in factorial experiments.
Both WorldCover and HRLC have a higher spatial resolution of 20 m than the previously
used ESA CCl Land Cover dataset. For burnt area we now use the FireCCIS311 and
FireCCIS211 products additionally to the previously used FireCCI51 product to run the
model with prolonged time series (2014-2024/2025) and higher resolution (up to 20 m),
respectively (Section 3.2).

Pre-processing of LAl time series: LAl time series from the Copernicus Global Land
Service (CGLS) product based on Proba-V and Sentinel-3 satellite observations are one of
the main input datasets in TUD-S4F. Although this dataset includes a simple filtering of
noise and interpolation of missing values, it can still contain gaps and changes in LAI
between 10-daily periods that appear as artefacts or noise. Those short-term changes in
LAl can propagate in the TUD-S4F model to unrealistic changes in leaf and herbaceous
biomass and hence in surface litter. Therefore, we apply a forward-backward Gaussian
filter to fill remaining gaps and to smooth the CGLS LAI time series (Section 3.2.3).

Implementation of surface live woody (SLW) vegetation: SLW vegetation such as
shrubs in open shrublands or understorey woody vegetation in forests represent a major
surface fuel in forest fires. Previously, SLW was not considered in TUD-S4F and shrublands
were assigned to the forest land cover and hence modelled as “small” forests. In TUD-S4F-
v0.3, we implemented a specific allometry model for SLW vegetation to estimate the
biomass and fuel consumption of SLW woody and leaf biomass (Section 3.3.4).

Improved calculation of canopy height: Previously, we tested several alternative linear
regression models to estimate canopy height from tree cover and long-term changes in
mean LAI. This has been revised by using generalised linear models with a Gamma
distribution, which is a better suited to model strict positive skewed data such as canopy
height. In addition, temporal changes in the fractional cover of trees and SLW vegetation
were included as additional predictor variables for canopy height (Section 3.3.1-3.3.2).
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Improved calibration of emission factors: Vernooij et al. (2023) compiled biomass
burning emission factors of several gas species and related ancillary information for
Savannahs in a database. This database (hereinafter called “V23") contains more than
4600 measurements of emission factors for CO,, CH4 CO, N.O and the Modified
Combustion Efficiency (MCE) from savannahs in Australia, Brazil and southern African
countries, many from within the southern Africa study region used in Sense4Fire. We used
this database to calibrate parameters that affect the computation of emission factors in
TUD-S4F-v0.3. This is a major advancement over the previous use of the emission
database from Andreae et al. (2019) (A19), which contained only around 110
measurements for savannahs and grasslands. However, we still use also the A19 database
as this includes emission factors for particulate matter (PM) and NO.

Please note that we previously used satellite datasets of Vegetation Optical Depth (VOD)
to calibrate parameters in TUD-S4F-v0.2 (Forkel et al., 2025), which we did not include
TUD-S4F-v0.3. While the calibration of parameters against VOD time series was helpful to
constrain estimates of vegetation water content (VWC) in TUD-S4F, it did not strongly
influence the estimated biomass, fuel dynamics and fire emissions. A critical aspect
thereby was also the mismatch in resolution between the 0.25° resolution of VOD
datasets and the approx. 300 m resolution of TUD-S4F. The assessment of the actual
benefit of using VOD data to constrain TUD-S4F requires more detailed analyses and data-
model fusion experiments, including testing the effect of the resolution mismatch and the
formulation of the observation operator to integrate VOD data, which is currently out of
scope in the development for TUD-S4F-v0.3. Therefore, we did not use VOD data in TUD-
S4F-v0.3, although VWC and VOD are still computed internally in TUD-S4F.

3.1.3 Latency and maturity setups of the TUD-S4F-v0.3 approach

TUD-S4F-v0.3 is implemented so that it can provide estimates of fuels and fire emissions
in setups (Table 4). We define four product latency and maturity levels:

o DEF: The default setup represents a fully reprocessed, newly calibrated model
setup with state of the art input datasets (e.g. with burnt area from FireCCl). DEF
setups can be only provided with 2-3 years delay, depending on the availability and
latency of the input datasets. Results from this setup are recommended for
statistical, seasonal and multi-annual analyses.

e PRV:The provisional setup provides temporally complete annual coverage of the
previous year and has moderate latency of approx. 4 months after year end. PRV
setups rely on burnt area estimates (like from GFA-S4F) which is available a few
days to weeks after a fire but make use of observed LAl data, which has currently
atime lag of 60 days for the CGLS LAI product. Results from this setup can be used
for an assessment of the previous wildfire seasons.

¢ NRT: The near-real time setup provides estimates of fuels and fire emissions of
recent fire events, available within 2-4 weeks after a fire event. This setup relies on
incomplete input data and specifically requires NRT estimates of burnt area and
LA
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e EXP: Experimental setup are model runs that reflect sensitivity experiments with
TUD-S4F, for example to test the effect of different input datasets or to assess the
effect of new model developments.

Table 4: Overview of the setups of the TUD-S4F-v0.3 approach.

Spatial
Approach, .
i resolution, L. L.
version and Main input data Product latency level and description
temporal
setup
coverage
TUD-S4F- 0.0025° ESA WorldCover 2020 DEF: Default setup with observed LAI, new
v0.3-S311 representation of surface live wood
2014/2019- | CGLS LAI prese . y
vegetation, new land cover input (ESA
2024 FireCCI5T BA 2014-2018 + WorldCover) and prolonged burnt area
FireCCIS311 BA 2019-2024 time series (FireCCIS311 from 2019
onwards)
TUD-S4F- 0.0025° ESA WorldCover 2020 EXP: Experimental setup in addition to
v0.3-S211 TUD-S4F-v0.3-S311 by using burnt area
2014/2017- | CGLS LAl . s 8
from Sentinel-2 (FireCCIS211)
2025 FireCCI51 BA 2014-2016 +
FireCCIS211 BA 2017-2025
TUD-S4F- 0.0025° ESA WorldCover 2020 PRV: Provisional setup of TUD-S4F-v0.3 with
v0.3-GFA observed LAl and near-real time burnt area
- | CGLS LAl
201472019 from GFA-S4F
2025 FireCCI51 2014-2018 + GFA-
S4F NRT BA 2019-2025
TUD-S4F- 0.0025° ESA WorldCover 2020 NRT: Near-real time setup case for selected
v0.3-NRT 9014/2019. | CGLS LAI + NRT LAI flre. events of TUD-S4F-v0.3 with NRT LAl
estimate and NRT burnt area from GFA-S4F
2025 FireCCI51 2014-2018 + GFA-
S4F NRT BA 2019-2025
TUD-S4F-0.3- | 0.0002° ESA WorldCover 2020 EXP: Experimental high-resolution setup
HR-S2 0172025 | Sentinel-2 LAI of TUD-S4F-VO.3 with LAl derived from
Sentinel-2
FireCCIS211 BA 2017-2025
TUD-S4F-0.3- | 0.0002° ESA WorldCover 2020 EXP: Experimental high-resolution setup
HR-S3 50172025 | Downscaled CGLS $3 LAI of TUD-S4F-vO:3 with LAI downscaled from
the CGLS Sentinel-3 LAl dataset
FireCCIS211 BA 2017-2025
TUD-S4F-0.3- | 0.0002° ESA HRLC30 2015/2019 EXP: Experimental high-resolution like
HR-HRLC 2017-2075 Downscaled CGLS S3 LAI TUD-S4F-0.3-HR-S3 but Wlth land coyer
taken from the ESA CCl High Resolution
FireCCIS211 BA 2017-2025 Land Cover 2015/2019 dataset

In summary, the different latency levels and setups differ by the used input datasets. For
example, the default setup TUD-S4F-v0.3-S311 uses coarse resolution (0.0025°, approx.
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250 m) burnt area from MODIS and Sentinel-3 from the FireCCI51 (for years before 2019)
and FireCCIS311 (2019-2024) products, respectively, while the experimental TUD-S4F-
v0.3-S211 uses burnt area from Sentinel-2 from the FireCCIS211 (2017-2025) product at
0.0025° resolution. The provisional TUD-S4F-v0.3-GFA setup provides emission up to the
end of the previous year by using the NRT GFA_S4F burnt area estimate. TUD-S4F-v0.3-
NRT is the near-real time setup at coarse resolution that makes use of a NRT estimate of
leaf area index (LAI) and NRT burnt area from GFA-S4F-v0.3. TUD-S4F-v0.3-HR are
experimental setups at 0.0002° (approx. 20 m) spatial resolution that differ by the used
input data for LAl or land cover. Please note that although we refer to the resolution of
0.0025° as ‘coarse’ resolution that this resolution represents one of the large-scale fire
emission datasets with the highest spatial resolution available.

3.2 Input datasets and data pre-processing
3.2.1 Data pre-processing for all datasets

Input datasets are either used as static or dynamic datasets. Static datasets neither show
seasonal variations throughout the year nor contain more than one time step per year;
they provide a single annual snapshot (e.g. land cover, canopy height, above-ground
biomass). In contrast, dynamic datasets capture processes that change over time, feature
multiple observations each year, and exhibit distinct sub-annual temporal variability (e.g.
LAI, SWI, burnt area, LFMCQ).

All input datasets are resampled onto a common geographical grid for spatial consistency.
The grid uses the WGS84 coordinate system (EPSG:4326) and covers the entire Areas of
Interest. It is divided into regular tiles measuring 0.5° longitude x 0.5° latitude. For the
coarse resolution setup, each tile has a spatial resolution of 0.0025°, forming a 200 x 200
grid. This setup ensures seamless spatial alignment within and across tiles, preventing
resampling artefacts. For the HR setup, tiles have a spatial resolution of 0.0002°.

Temporal resampling applies only to dynamic datasets, whose resolutions range from
daily to 10-daily steps. The target temporal grid uses the 10-daily resolution of the CGLS
LAl product. Thereby, the days in date definitions always correspond to conditions in the
10 days before. For example, the date 2020-01-10 correspond to average state variables
(e.g. LAI, LFMC) or biomass pools (e.g. tree biomass) or to the total accumulated area (for
burnt area) or flux (e.g. dry matter burnt or fire emissions) over the period 2020-01-01 to
2020-01-10. The spatial and temporal resampling method used for each dataset depends
on its characteristics (Table 5). Water bodies are masked using the water class from the
ESA WorldCover 2021 dataset. Grid cells identified as water are set to NaN.
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Table 5: Overview of pre-processing steps applied to all datasets.

Dataset Category Spatial Resampling Temporal Resampling

CGLS LAI dynamic Bilinear interpolation None required — native 10-daily
temporal resolution grid aligned
with target grid (10th, 20th, and
last day of each month)

FireCCI51 dynamic Average resampling to derive | Resampled to 10-daily LAl target
burnt area fractions grid; binary classification
indicating fire or no fire per time-

step
FireCCIS311 dynamic Average resampling to derive | Resampled to 10-daily LAl target
burnt area fractions grid; binary classification
indicating fire or no fire per time-

step
FireCCIS211 dynamic Average resampling to derive | Resampled to 10-daily LAl target
burnt area fractions grid; binary classification
indicating fire or no fire per time-

step

ESA WorldCover Static Average resampling to derive | N/A

landcover fractions

ESA CCI HRLC Land | static Average resampling to derive | N/A
Cover landcover fractions
ESA CClI Above- | static Bilinear interpolation N/A

Ground Biomass

3.2.2 CGLS Proba-V/Sentinel-3 leaf area index (LAI)

The Copernicus Global Land Service (CGLS) Leaf Area Index (LAI) product provides global
time series of LAI, defined as half the total area of green elements of the canopy per unit
horizontal ground area. The dataset is available at a spatial resolution of approximately
300 m and a temporal frequency of 10 days. From January 2014 to June 2020, the product
was derived from PROBA-V satellite observations. Following the decommissioning of
PROBA-V, the dataset continuity has been ensured by the Sentinel-3 satellite mission,
specifically using data from the Ocean and Land Colour Instrument (OLCI) and the Sea
and Land Surface Temperature Radiometer (SLSTR). This transition from PROBA-V to
Sentinel-3 was designed to guarantee long-term, sustained global land surface monitoring
at moderate resolution. The LAI estimates are produced in near real time at global scale,
making the dataset well suited for operational vegetation monitoring and land surface
modelling applications. The product is also commonly referred to as GEOV3 in the
scientific literature (Baret et al., 2016; Fuster et al., 2020; de Muck et al., 2025).

The CGLS LAI product is one of the main inputs to TUD-S4F and defines the period and
temporal resolution of model applicability (starting 2014, 10-daily).
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3.2.3 LAl time series filtering and gap-filling

The Copernicus Global Land Service (CGLS) LAl product is derived from optical satellite
observations, which are inherently subject to data gaps caused by cloud contamination.
Even after standard pre-processing, residual deficiencies persist in satellite-derived
vegetation index time-series due to atmospheric disturbances, cloud cover, and sensor
limitations. A fundamental characteristic of the CGLS Version 2.0 (GEOV2) algorithm is that
its neural networks are not trained directly on ground-truth measurements but rather on
existing CYCLOPES V3.1 and MODIS Collection 5 LAI products, which serve as reference
datasets (Baret et al., 2007; Weiss et al., 2007). This design choice introduces an inherited
error structure of uncertain magnitude, as the upstream products themselves carry
substantial and differing uncertainties, with reported theoretical uncertainties
(quantitative quality indicators) of approximately 0.19 for MODIS and 0.54 for CYCLOPES,
and are known to diverge considerably for specific biome types, most notably Evergreen
Broadleaf Forests. The two reference products also adopt fundamentally different LAI
definitions: CYCLOPES provides an effective LAl that accounts for horizontal aggregation
but incompletely corrects for vertical aggregation, whilst MODIS estimates a closer
approximation to true LAI, resulting in systematic inter-product discrepancies that
propagate into the GEOV2 training process. Furthermore, CYCLOPES exhibits saturation
of LAl values around 4.0-5.0, attributed in part to lower a priori values for dense canopies
in its neural network training owing to a lack of field data. Validation of these upstream
products has itself largely relied on indirect intercomparison rather than systematic
comparison against actual ground measurements, meaning that the error budget
inherited by the CGLS product remains only partially characterised.

Beyond this inherited uncertainty, the CGLS Version 2.0 processing chain, comprising
neural-network-based instantaneous LAl retrieval from Top-of-Canopy reflectances (Step
A) followed by compositing, smoothing, and gap-filling (Step B), introduces further
product-level artefacts that persist even in the fully consolidated RT6 product. For
Evergreen Broadleaf Forest (EBF) pixels, the forward-propagation rule P(D) = P(D-1) of the
algorithm, applied when fewer than 10 valid observations are available within the
asymmetric compositing window, produces characteristic step-like artefacts in the time-
series. For non-EBF pixels, the weighted second-degree polynomial fit may yield
inconsistent estimates under limited valid-observation conditions (Verger and Descals,
2025). A further well-recognised limitation is LAl saturation, whereby surface reflectance
becomes insensitive to further increases in LAl beyond approximately 5-6, at which point
the canopy becomes optically opaque (Baret and Guyot, 1991). At high canopy densities,
small perturbations in atmospheric conditions, viewing geometry, or sensor noise can
produce disproportionately large fluctuations in the retrieved signal that do not reflect
genuine biophysical change. The CGLS LAl product belongs to the GEOV product family
(PROBA-V/GEOV3 continuing the GEOV1/GEOV2 processing chain) and has a reported
RMSE of 0.87-1.40. Since short-term fluctuations between consecutive decadal time-steps
are typically much smaller than this uncertainty, they are very likely attributable to
retrieval noise rather than to real changes in leaf area (Baret et al., 2016; Fang et al., 2019).
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Moreover, the RT6 product, whilst representing the most accurate consolidated estimate,
is delivered at a latency of 60 days, which is incompatible with the near-real-time (NRT)
requirements of TUD-S4F. Critically, neither the EBF nor the non-EBF compositing
approach is designed to reconstruct smooth, continuous time-series optimised for time
series forecasting, which demands temporally consistent seasonal patterns as input.

To address these residual deficiencies, a constrained cubic spline interpolation is first
applied to each pixel-wise LAl time-series to fill remaining data gaps. To prevent physically
implausible values, the spline is log-constrained to the range defined by the 15t and 99*
percentiles of finite values within each respective time-series. The resulting gap-free time-
series are then smoothed using a forward-backward Gaussian filter (Gustafsson, 1996;
Oppenheim and Schafer, 2010), operating with a two-month rolling window and a
standard Gaussian kernel parameterised with y =9 and o = 3. The symmetric (forward-
backward) application of the filter ensures zero-phase smoothing, thereby preserving the
temporal alignment of the time-series. The choice of a zero-phase strategy is motivated
by a critical methodological gap in the existing literature: established noise-reduction
techniques for vegetation index time-series, spanning temporal filters (e.g., Savitzky-
Golay, mean-value iteration, 4253H Twice, ARMD3-ARMADS), function-fitting methods (e.g.,
asymmetric Gaussian, double logistic) and frequency-based approaches (e.g., FFT, HANTS,
wavelet transform), either introduce phase distortion or do not explicitly prevent it. The
dependence of the method's performance on noise level, bias, and metric choice has been
established empirically (Hird and McDermid, 2009), whilst a broader review (Li et al., 2021)
documented category-specific limitations, including sensitivity to window size in temporal
filters and poor performance of function-fitting methods during short growing seasons or
winter periods. The forward-backward Gaussian filter adopted here addresses zero-phase
filtering. This is of particular important for the applied forecasting of LAl to bridge the 60-
day RT6 latency in the NRT setup of TUD-S4F. For the LAl forecasting a Seasonal
Autoregressive Integrated Moving Average (SARIMA) model is used, which requires phase-
preserving time series to learn correct seasonal. By preserving the temporal position of
phenological events, zero-phase smoothing ensures that the modelled seasonal
component remains consistent with underlying vegetation dynamics, e.g. accurately
capturing the timing and magnitude of seasonal leaf production and subsequent litter fall
driving fuel-bed accumulation. Together, the constrained cubic spline interpolation and
the forward-backward Gaussian smoothing yield temporally consistent, gap-free LAl time-
series suitable for subsequent forecasting and trend analysis.

3.2.4 ESAFireCCI51 and FireCCIS311 Burned Area

The FireCCI51 and FireCCIS311 datasets are global burnt area (BA) products developed
within the ESA Fire Climate Change Initiative (Fire CCl) programme, which aims to produce
long-term, consistent datasets of burnt area information from satellite observations.

FireCCI51 provides monthly global burned area information at an approximate spatial
resolution of 250 m, covering the period from 2001 to 2020. The product is derived from
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MODIS (Moderate Resolution Imaging Spectroradiometer) satellite data (Chuvieco et al.,
2018; Lizundia-Loiola et al., 2020; Pettinari et al., 2021).

The FireCCIS311 dataset is the successor burnt area product, extending the temporal
record with observations from the Sentinel-3 SYN (Synergy) instrument (Chuvieco et al.,
2024; Lizundia-Loiola et al., 2022). It provides global burnt area information covering the
period from 2019 to 2024, thereby ensuring continuity with the earlier FireCCI51 record.

Together, FireCCI51 and FireCCIS311 form a complementary pair of burnt area datasets
that span over two decades of global fire observations, transitioning from MODIS-based
to Sentinel-3-based detection while maintaining methodological consistency within the
Fire CCl framework (Khairoun et al., 2023; Pettinari, 2024). However, although the two
datasets are defined as complementary, they still show differences as the two dataset are
not harmonised or bias-adjusted against each other. For example, the Sentinel-3 based
product shows up to 12% larger burnt area than the MODIS-based product in tropical
savannahs (Lizundia-Loiola et al., 2022).

In the TUD-S4F-v0.3-S311 default setup, we use burnt area from FireCCI51 for the period
2014-2018 and from FireCCIS311 for 2019-2024. This was done to include a fire and
disturbance ‘history’ for the period 2014-2018 but, however, implies that the TUD-S4F-v0.3
datasets should not be used for analyses of trends or interannual variability for the full
period from 2014-2024 because of the inconsistency between the two burnt area
datasets. Hence, we recommend using the TUD-S4F-v0.3 datasets only from the years
2019 (TUD-S4F-v0.3) and 2017 (TUD-S4F-S211) onwards.

3.2.5 ESA FireCCIS2v1 / FireCCIS211 Burned Area

The FireCCIS211 dataset has been produced for the Sense4Fire project by Brockmann
Consult and is based on the method for the FireCCIS2v1 dataset, which is currently
developed within the Fire CCl project. FireCCIS2v1 is a high-resolution global burnt area
product at 20 m spatial resolution for the year 2023. It follows the same algorithmic
approach as the FireCCISFD20 (Small Fire Database 20m) product (Chuvieco et al., 2022),
which was specifically designed to exploit the high spatial resolution capabilities of the
Sentinel-2 MSI (Multi-Spectral Instrument) sensor. The products provides burnt area
information at an spatial resolution of 20 m, representing a significant improvement in
spatial detail compared to the coarser resolution FireCCI51 (~250 m, MODIS-based) and
FireCCIS311 (Sentinel-3-based) products. This high-resolution capability enables the
detection of small fires that are often omitted by moderate-resolution burnt area
products, which is particularly relevant in regions where small-scale agricultural burning
and fragmented fire regimes dominate.

The FireCCIS211 product used here is a minor development over FireCCIS2v1 product, for
which the method is applied to the S-Africa and Sahel study regions from Sense4Fire for
the period June 2017 to December 2025 to provide a regional multi-annual high resolution
burnt area time series. The FireCCIS211 product was used both in the coarse resolution
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(0.0025°) setup in TUD-S4F-v0.3-S211 as an alternative to the FireCCI51/FireCCIS311 burnt
area datasets as well as in the high resolution (0.0002°) setups in TUD-S4F-v0.3-HR.

3.2.6 ESA WorldCover

The ESA WorldCover product provides global land cover types at 10 m resolution for the
years 2020 (version 100) and 2021 (version 200) (Zanaga et al., 2021, 2022). It is derived
based on synthetic aperture radar (Sentinel-1) and optical sensor (Sentinel-2)
observations using a gradient boosting decision tree algorithm. Different algorithm
versions are used for the two different versions and years and hence any changes
between the two maps represent both real land cover changes and artefacts from
classification errors. The land cover map has a global overall accuracy of 74.4% for the
year 2020 and 76.7% for the year 2021 (Tsendbazar et al., 2021, 2022).

WorldCover is used as land cover input in all setups of TUD-S4F-v0.3. Therefore, the tree
cover, shrubland, grassland, cropland, and herbaceous wetland classes were aggregated
to 0.0025° (default) and 0.0002° (HR) resolutions by calculating the relative frequency of
each land cover class per grid cell. The difference in relative frequency to unity caused by
the remaining classes (built-up, bare, snow and ice, permanent water bodies, mangroves
and moss and lichen) were treated as ‘non-burnable’ and hence were not considered in
TUD-S4F.

In addition, ESA WorldCover product also provides the annual composite of terrain
corrected Sentinel-1 backscatter (VV, VH and VH/VV) and Sentinel-2 normalised
differential vegetation index (NDVI) percentiles (10", 50" and 90™) at 10 m resolution (Van
De Kerchove et al., 2020, 2022). The NDVI percentile and Sentinel-1 backscatter
composites from WorldCover were used in the high-resolution setup of TUD-S4F to
calculate high resolution LAI (Section 3.6) and AGB datasets (Section 3.8), respectively.

3.2.7 ESA CCI HRLC land cover

The ESA CCI High Resolution Land Cover (HRLC) dataset is a regional land cover product
developed within the ESA Climate Change Initiative (CCl) framework for Amazonia,
Northern Siberia and the Eastern Sahel region (Bruzzone et al., 2024b). The primary
objective of the HRLC project is to study and investigate the role of the spatial resolution
of land cover (LC) and land cover change (LCC) in supporting climate modelling research.
The HRLC product involves the accurate description and analysis of land cover and land
cover change using Earth Observation (EO) data at high spatial resolution, leveraging the
capabilities of the Sentinel-2 satellite constellation (Bruzzone et al., 2024a). This
represents a significant improvement over the standard ESA CCl Land Cover maps, which
provide global annual land cover classifications at a coarser spatial resolution of 300 m.
By providing land cover information at higher spatial resolution, the HRLC dataset enables
a more detailed characterisation of heterogeneous landscapes and fine-scale land cover
transitions that are not adequately captured by moderate-resolution products. This is
particularly relevant for climate modelling applications, where sub-pixel land cover
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heterogeneity can have significant impacts on surface energy and water balance
parameterisations.

In TUD-S4F-v0.3, the ESA CCl HRLC10 dataset for the year 2019 is used as an alternative
to the WorldCover dataset. ESA CCI HRLC is spatially resampled using nearest neighbour
interpolation to preserve the integrity of the thematic land cover classifications on the
common base grid and then aggregated to target resolution as the fractional coverage of
each land cover class. The various tree cover and shrub classes are then summed to an
overall tree cover and shrubland cover class, respectively.

3.2.8 ESA CCl above-ground biomass

The ESA CCl Above-Ground Biomass (AGB) dataset is a global product developed within
the ESA Climate Change Initiative (CCl) Biomass project (Santoro and Cartus, 2025a). The
primary science objective of the project is to provide global maps of above-ground
biomass (in Mg ha™") at hectare scale for multiple epochs. Vegetation biomass is a crucial
ecological variable for understanding the evolution and potential future changes of the
climate system. The dataset provides spatially explicit estimates of forest above-ground
biomass along with related standard deviations as separate map products. The most
recent version (v6.0) covers the years 2007, 2010, 2015, 2016, 2017, 2018, 2019, 2020,
2021, and 2022, offering a multi-temporal perspective on global biomass dynamics. The
AGB maps are derived from a combination of satellite observations, including data from
ALOS-2 PALSAR-2 synthetic aperture radar. Mapping above-ground biomass is a priority
for several current and upcoming space agency missions, including GEDI, ICESat-2,
BIOMASS, ALOS-4, and NISAR, underscoring the importance of this variable within the
broader Earth observation community (Santoro and Cartus, 2024, 2025b).

Within TUD-S4F-v0.3, the ESA CCl AGB dataset is treated as a static multi-annual input and
is spatially resampled using bilinear interpolation onto the common base grid, as the
product provides annual estimates without sub-annual temporal variability. The dataset
is then used to calibrate parameters of the allometry and above-ground biomass module
in TUD-S4F and as explanatory variable to predict those parameters in space (Sections
3.3.3and 3.3.10).

3.2.9 Canopy height

Canopy height is another important input dataset in TUD-S4F, which is used to calibrate
the sub-module for the temporal dynamics in canopy height and to subsequently
estimate changes in above-ground biomass of trees and SLW vegetation (Section 3.3.2).
We currently use different datasets of canopy height in TUD-S4F for different purposes.
All of those datasets are based on space-borne Lidar observation from the GEDI sensor
onboard the International Space Station (ISS).

GEDI L3 1 km gridded: GEDI Level 3 (L3) Gridded Land Surface Metrics product (version
2) provides mean canopy height (RH100) and standard deviation of canopy height at 1 km
resolution (Dubayah et al., 2021b). Inside each 1 km x 1 km grid cell, mean canopy top
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height (i.e., relative height 100, RH100) and its standard deviation are calculated using all
valid GEDI Level 2A footprints. For the use in TUD-S4F-v0.3, this dataset from period from
2019-04-09 to 2021-08-04 was bilinearly interpolated to the 0.0025° resolution and then
used as target variable to train regression models for the estimation of canopy height in
TUD-S4F (Section 3.3.2).

Pauls et al. 2024 canopy height: Pauls canopy height is a 10 m global canopy height
product for the year 2020 (Pauls et al., 2024) (called P24). It is generated using neural
network which include Sentinel-1 backscatter (median value in summer leaf-on season)
and Sentinel-2 multispectral bands (median value of cloud-masked images) as predictor
variables for canopy height (RH100) from GEDI footprints. The P24 dataset has a RMSE of
4.73 m overall and 6.72 m for trees taller than 5 m. P24 data is used to estimate high
resolution AGB data for the TUD-S4F-v0.3-HR setup (Section 3.8).

3.2.10 ALOS-2 PALSAR-2 mosaic datasets

ALOS-2 PALSAR-2 mosaic datasets (version 2.6.0) is a global 25 m resolution L-band SAR
backscatter dataset produced by Japan Aerospace Exploration Agency (Japan Aerospace
Exploration Agency, 2026). The backscatter includes HH and HV polarisation and has been
geometrically and radiometrically calibrated. PALSAR-2 mosaics is annually updated and
covers the period 2015 to 2022. This dataset is used to estimate high resolution AGB data
for the TUD-S4F-v0.3-HR setup (Section 3.8).

3.2.11 CGLS ASCAT soil water index

The soil water index from Metop/ASCAT is a proxy for soil moisture at various depths. The
dataset is available at a resolution of 0.1° for the period since 2007 (Bauer-Marschallinger
et al., 2018; Copernicus Land Monitoring Service and Copernicus Land Monitoring Service
helpdesk, 2025). The SWI dataset is already available as a 10 daily product, which uses the
same 10 daily interval as the LAl dataset (Raml, 2025). Therefore, temporal resampling is
not necessary. We resampled the SWI dataset to the spatial resolution of the LAl data set
using bilinear interpolation.

In TUD-S4F, the SWI is used as a proxy for surface dead fuel moisture content (DFMC =
SWI) and to estimate live woody fuel moisture content. Although the SWI might not be
fully reliable as a proxy for soil moisture in dense tropical forests because of the
attenuation of microwaves in the vegetation layer, we assume that soil and vegetation
moisture are correlated, which allows us to use the SWI as a predictor for LFMC and as
proxy for DFMC.

3.2.12 VOD2LFMC live fuel moisture content

The VOD2LFMC live-fuel moisture content (LFMC) dataset (Forkel et al., 2022, 2023a)
provides daily estimates of LFMC at a spatial resolution of 0.25° for the period February
2000 to July 2017. The dataset has been created by calibrating an empirical model that
predicts LFMC from the Globe-LFMC database of in situ measurements by using Ku-band
VOD as a predictor. We temporally resampled the dataset to the 10-daily time steps of the
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CGLS LAl dataset by using the mean LFMC for each 10-daily interval, and spatially
resampled the dataset to the 0.0025 grid using bilinear interpolation. The VOD2LFMC
dataset was used to calibrate the computation of LFMC in the TUD-S4F model (Section
3.3.6).

3.2.13 Databases of ground observations

Several databases of ground observations were used to constrain parameters or to
validate the TUD-S4F model. The Biomass and Allometry Database (BAAD) provides
information on biomass stocks in different tree components such as stems, branches,
leaves, and roots (Falster et al., 2015). The database includes 259,634 measurements from
176 studies and 678 tree species. We use BAAD to constrain parameters of the allometry
module of the TUD-S4F model to represent the relationships between tree height, stems,
branches, and leaves biomass. For calibration and/or validation of further model
components, we used Global Database of Litterfall Mass and Litter Pool Carbon (Holland
et al., 2014) (H14), the database of fuel loads, combustion completeness and fuel
consumption (van Wees et al., 2022) (vW22), the databases of emission factors for
savannahs by Vernooij et al. (2023) (V23) and Andreae (2019) (A19).

3.3 TUD-S4F-v0.3 model description and data-model fusion steps

In TUD-S4F, the dynamics of biomass, fuel loads, fuel moisture, fuel consumption and fire
emissions are estimated in a series of sub-modules (Figure 6):

(@) Temporal dynamics in the fractional cover of vegetation types are estimated from
long-term dynamic mean LAl and land cover (Section 3.3.1).

(b) The temporal dynamics of canopy height (CH) are estimated from long-term dynamic
mean LAl and fractional cover. Therefore, different alternative regression models are
trained against GEDI canopy height. Canopy height is not used as direct input to the
model because it does not provide any information on temporal changes in canopy
height (Section 3.3.2).

(c) The estimated canopy height is used in the allometry modules to estimate biomass
compartments of trees (Section 3.3.3) and of SLW vegetation (Section 3.3.4),
respectively. Thereby, temporal changes in canopy height, as estimated in Step (b)
directly translate into changes in stem, branches and leaf biomass of trees and of
woody and leaf biomass of SLW vegetation, respectively.

(d) Herbaceous biomass of grasslands and croplands is directly estimated from the 10-
daily LAI time series (Section 3.3.5).

(e) Biomass turnover from living vegetation to the surface (e.g., leaf fall, transfer of
woody biomass) is computed as the temporal reduction in herbaceous, tree and SLW
biomass, which is mainly driven by temporal changes in the gap-filled and filtered
CGLS LAl dataset. A reduction in 10-daily LAl directly causes a reduction in the
corresponding amount of leaf and herbaceous biomass, and hence causes turnover.
Woody turnover occurs when a reduction in canopy height occurs, which itself is
caused by a reduction in the fractional cover of tree and SLW vegetation and long-
term mean LAI. A fraction of the woody turnover is assumed to be extracted through
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harvest or through the collection of small diameter firewood and hence does not
enter the woody debris pools. The same applies to turnover of herbaceous vegetation
in croplands, where a fraction is assumed to be extracted through harvest (Section
3.3.6).

(f) Fuel moisture content (FMC) of herbaceous and leaf live fuels is computed from LAl
and SWI. Moisture content of live wood is estimated from SWI. Dead fuel moisture
content is directly taken from SWI (Section 3.3.7).

(g) Combustion completeness (CC) is then computed as a linear function of FMC for each
respective fuel compartment and the functions are calibrated against the field-based
CC data from vW22 (Section 3.3.8).

(h) Dead surface fuel loads are represented in terms of litter, fine and coarse woody
debris (FWD and CWD). They are estimated from the biomass turnover from
herbaceous vegetation and leaves, and from woody biomass, respectively. The
decomposition of litter, FWD, and CWD is represented by fixed decomposition rates
(Section 3.3.9).

(i) Dry matter burnt, or fuel consumption, is then estimated during fire occurrence from
combustion completeness, fuel loads and from the estimated fire type (surface or
canopy fire) (Section 3.3.10).

() Dry matter burnt of each fuel component is then provided to a chemical-based fire
combustion model to estimate heat yields, fire radiative energy (FRE), and emission
factors. The dynamic emission factors depend on parameters for the relative
composition of a fuel component by lignin, cellulose, and volatiles, its fuel moisture
content, and a parametrisation of the equivalent oxygen-to-fuel ratio. The emission
factors are multiplied by dry matter burnt to receive total emissions of a trace gas
species (Section 3.3.11).

(k) Parameters of several modules of the TUD-S4F model are calibrated in various steps,
which include calibration of the parameters of individual modules (see respective
sections) as well as joint calibration of the full model for individual grid cells against
ESA CCl AGB, GEDI canopy height, VOD2LFMC, FRE and a spatial prediction of the
locally calibrated parameters (Section 3.3.12).

3.3.1 Fractional cover and LAI of vegetation types

Satellite products of land cover and canopy height provide mostly static maps, which do
not account for vegetation cover and height changes that would, however, strongly affect
the accumulation of surface fuels. In order to compute temporal changes in vegetation
cover (and subsequently in canopy height, biomass and surface fuels), we assume that
the long-term dynamic mean LAl is a realistic proxy for changes in the fractional cover of
woody vegetation. Long-term dynamic mean LAl (LAlnean) is computed as a Locally
Weighted Scatterplot Smoothing (LOWESS) of the 10-daily filtered CGLS LAl time series
(LAloss) and hence represents the long-term non-linear trend component of the LAI time
series:

LAl pqn = LOWESS(LAIps)
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LOWESS is applied using 40% of a time-series data (frac), residual-based reweighting of 1
(it) and always use linear-interpolation instead of weighted regression (delta=0).

LAlmean is then used to compute dynamic mean fractional vegetation cover (fCovermean)
based on the Beer-Lambert law for light extinction:

fCoverpqn = 1 — e(7*LAImean)

whereby k is the light extinction coefficient with a default value of k = 0.5 (Monsi and Saeki,
1953, 2005) (Table 6). Subsequently, the fractional cover of trees (fre) and of SLW
vegetation (faw) is computed by multiplying fCovern.., with the relative frequency of the
respective land cover (LC) classes per grid cell:

frree = LCrree * fCOVETean
fsiw = LCspy - fCoVeTpean
fWoody = frree + faw

whereby LCr.. and LCswequal the relative frequency of forest and shrubland cover in a
grid cell, respectively. fuooq is the total fractional cover of woody vegetation. The fractional
cover of herbaceous vegetation is then computed based on the relative frequency of
herbaceous land cover (LCrer), which is the sum of the relative frequencies of grasslands,
croplands and herbaceous wetlands from the WorldCover dataset, and based on the
fractional space that is not occupied by woody vegetation cover within the tree and
shrubland land cover classes:

frerb = LCherp + (LCtree + LCspy) — fWoady)

The fractional cover of herbaceous and woody vegetation is then used to split the 10-daily
LAl data into an herbaceous and woody component:

fHerb

LAlyerp = max (3, “LAlyps)

fHerb + fWoody

LAlyooay = LAIpps — LAlgerp

Thereby we assume that the maximum LAl of herbaceous vegetation is 3. While the
original LC input data is a static map (e.g. for the year 2020 when using WorldCover v100),
the use of the long-term dynamic mean LAl introduces long-term dynamics in the
computation of the fractional cover and LAI of the different vegetation types. Specifically,
this calculation implies a dynamic interaction between the fractional cover of herbaceous
and woody vegetation, where an increase or reduction in woody vegetation results in a
decline or increase of herbaceous cover and LAI, respectively (Figure 7).
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Figure 7: Example time series of LAl and vegetation cover for a grid cell at 14.59625°E and 6.7987°S from the
TUD-S4F-v0.3-S311 setup. The observed gap-filled and filtered CGLS LAl (red, left) dataset is used together
with class frequencies from ESA WorldCover to compute multi-annual dynamics in fractional vegetation cover
of trees, herbaceous and SLW vegetation (right) and to split LAl in a woody and herbaceous component (left).
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Table 6: Overview of parameters for the TUD-S4F-v0.3 model. “Prior” refers to the initial default value of a
parameter that was taken from the literature or estimated from databases. The “Optimised” value was
calibrated and used in model runs.

Name (unit) | Prior Min Max Optimized Description, reference and calibration

k 0.5 0.3 0.9 - Light extinction coefficient to compute fCover

h1 1 0.7 1.3 Spatially varying | Local scalar and offset for canopy height, calibrated
locally against GEDI canopy height

h2 0.001 -10 10 Spatially varying

a0 1 0.2 3 Spatially varying | Local scalar for stem biomass, calibrated locally
against above-ground biomass from ESA CCl

al (kg m-2) 0.0199 0.001 0.7 0.4915 Parameters for allometric relations between
canopy height and tree stem, branch and leaf

a2 0.4666 0.1 1.5 0.7751 biomass, Calibration against BAAD (Falster et al.,
2015)

a3 0.2095 0.05 2.5 0.4611

a4 0.9244 0.3 2 1.5286

a5 0.1172 0.01 2.5 0.0533

a6 2.3018 0.5 3.5 1.2904

s1 1.403 - - - Parameters for allometric relations between SLW
height, canopy diameter and biomass, taken from

s2 -0.370 - - - Conti et al. 2019

s3 1.903 - - -

s4 0.652 - - -

CD (m) 2.5 0.5 7 1.8255 Crown diameter of shrubs, calibrated against
above-ground biomass from ESA CCI

sla (m?/kg) 6 5 70 6.4028 Specific leaf area to compute herbaceous biomass
from LAI (Reich et al., 1998), calibrated against fuel
load data (van Wees et al., 2022)

tieat (yr") 0.5 0.2 1 - Constant baseline turnover rate for leaves
(Kikuzawa et al., 2013)

twood (yr™") 0.0319 0.01 0.5 -- Constant baseline turnover rate for stem and
branches (Johnson et al., 2016)

tsiw (yr?) 0.01 0.003 0.1 -- Constant turnover rate for SLW biomass (Li et al.,
2020)

fsb 0.5 0.05 0.95 -- Fraction of small branches (diameter < 3" =7.62
cm) relative to all branches for turnover of
branches biomass to FWD or CWD

Hlhero 0.6 0 1 - Maximum harvest index of herbaceous biomass at
60% cropland cover

Hlbranches 0.8 0 1 -- Harvest index for small branches biomass

Hlstem 0.9 0 1 - Harvest index for stem and large branches

ki (yr™) 0.98 0.2 1.1 - Decomposition rate for annual herbaceous litter
(Zhao et al., 2025)

Kwa (yr") 0.344 0.0336 2.433 - FWD decomposition rate, estimated from (Harmon
et al., 2020) for tropical deciduous forests

Kewa (yr™) 0.172 0.0112 0.811 - CWD decomposition rate, estimated from (Harmon
et al., 2020) for tropical deciduous forests
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fo_leaf 0.8 0.005 1.699 Spatially varying | Parameters for the relationships between LFMC,
LAl and SWI. Calibrated against the VOD2LFMC

fO_herb 0.964 0.005 1.939 Spatially varying | dataset

f1_leaf 1.012 -0.457 2.461 Spatially varying

f1_herb 1.403 0 3.577 Spatially varying

f2_leaf 1 -371.4 211.871 |Spatially varying

f2_herb 1 -250.774 |291.860 |Spatially varying

m1 (%) 20 5 50 20 Minimum (m1) and maximum (m2) moisture
content of living wood (Glass and Zelinka, 2010)

m2 (%) 200 100 300 Spatially varying

c1_herb (%) |250 46 420 234.57 ¢1: Maximum FMC of the respective fuel
component at which combustion completeness =0

c2_herb 0.95 0.2 1 0.99
€2: Maximum combustion completeness of the

c1_leaf (%) 250 21 190 105.97 respective fuel component

c2_leaf 0.95 0.2 1 0.99 Calibration against statistical distributions of
combustion completeness data (van Wees et al.,

c¢1_wood (%) |150 30 400 118.5 2022)

c2_wood 0.3 0.2 0.7 0.59

c1_litter (%) | 100 6 62 34.54

c2_litter 0.9 0.18 1 0.93

c1_fwd (%) 100 30 300 34.54

c2_fwd 0.7 0.5 1 0.69

c1_cwd (%) 100 5 50 27.65

c2_cwd 0.5 0.01 0.35 0.18

fvo_leaf 0.27 0.0 0.27 0.00082 Fraction of volatiles (fvo) and cellulose (fce) of the
respective fuel components; priors from (Rego et

fce_leaf 0.54 0.40 0.9 0.799 al., 2021: Waliszewska et al., 2021);

fvo_herb 0.09 0.0 0.27 0.0 Calibration against regional distributions of
emissions factors and modified combustion

fce_herb 0.51 0.47 0.9 0.799 efficiency (Andreae, 2019; Vernooij et al., 2023)

fce_wood 0.70 0.40 0.8 0.489

eofr_leaf 0.95 0.84 0.98 0.893 Equivalent oxygen to fuel ratio for combustion of
the respective fuel components

eofr_herb 0.95 0.84 0.98 0.959
Calibration against regional distributions of

eofr_wood 0.95 0.84 0.98 0.849 emissions factors and modified combustion
efficiency (Andreae, 2019; Vernooij et al., 2023)

eofr_litter 0.95 0.84 0.98 0.959

eofr_fwd 0.95 0.84 0.98 0.956

eofr_cwd 0.89 0.84 0.99 0.846

frad 0.189 0.09 0.25 0.189 Fraction of FRE to total heat release

ef_nox_tree |[2.31 - - - Emission factor for NOx emissions (g NO/kg) for
forested pixels (fiee > 0.5) and herbaceous pixels

ef_nox_herb |2.39 -- -- --

(firee < 0.5), Median value for topical forests and
savannahs from (Andreae, 2019)
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The long-term dynamic mean LAl and fractional vegetation cover are then used as
predictors for canopy height H based on a regression model f():

H=nhl 'f(LAImean' ftree'fSLW) + h2

* J\-«Sense’
4) Fire

3.3.2 Canopy height

We tested several regression models for f(), such as Ordinary Least Squares (OLS) linear
regression, Generalised Linear Models (GLM) with a Gamma distribution, Generalised
Additive Models (GAM), and Random Forest regression (RF). The performance of the four
regression models was similar for the training and test datasets (Table 7). However, Model
1 (OLS) showed heteroscedasticity in the residuals and Model 4 (RF) resulted in unrealistic
step-jumps in the estimated canopy height time series. Although Model 3 (GAM)
performed slightly better than Model 2 (GLM), it took more processing time in application.
Hence, we decided to use Model 2, the GLM, which is suited to estimate positive-only
values of canopy height by using the Gamma link function.

The parameters h1 and h2 in the equation are used as scalars to fit the estimated canopy
height from the regionally calibrated regression model to the canopy height data of
individual grid cells, i.e., to eliminate local biases from the regression model (Figure 8).
Spatial fields of the parameters h1 and h2 are estimated in the later model-data fusion
exercises (Section 3.3.12).

Table 7: Overview about the performance of several regression models to predict canopy height from dynamic
mean LAl (LAlmean) and fractional vegetation cover of trees and SLW (free and fsuw). Performance metrics were
computed between estimated canopy height and the canopy height from GEDI L3 based on a sample of
thousands of testing grid cells across the S-Africa study region. AIC is computed based on the training data.

. Akaike's
. Root-mean Kling-Gupta X

Correlation > Information
Model squared efficiency .

" error (RMSE) | (KGE) Criterion

(AIC)

M1 (OLS): H = a LAlmean® + b LAlmean + C frree + d forw 0.74 3.12m 0.73 74293
M2 (GLM with Gamma link): 0.78 2.73m 0.68 66384
In(H) =a LAImezmz + b LAlmean + CfTree + deLW
M3 (GAM): H = S(LAlmean) + S(frree) + S(fsiw) 0.79 2.66m 0.71 69557
M4 (RF): H = RF(LAlmean, firee, fsw) 0.78 2.72m 0.71
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Figure 8: Regional example of canopy height from (a) GEDI L3 data and (b) TUD-S4F-v0.3-S311. (c and d) Spatial
patterns and histogram of the residuals, and scatter plot (e).

3.3.3 Biomass and allometry of trees

After the computation of canopy height, allometric equations are used to compute the
biomass in stems, branches, and leaves of trees. Stem biomass BMsen is computed from
canopy height based on an exponential allometric function:

L
BMstem = frree a0 (al ’ Haz)

whereby a7 and a2 are the parameters of the allometric relationship. The parameter a0
is used as a local scaling factor to fit the estimated woody biomass of individual grid cells
based on the woody biomass of the ESA CCl biomass map, which is done during the local
calibration and prediction of parameters (Section 3.3.12). Following the approach used by
Thurner et al. (2014) to estimate different biomass compartments from satellite datasets,
we then use BMs.n to compute the biomass of tree branches BMyanches and leaves BMieaves
as:
1

BMpranches = a3 - BMﬁ

stem
1
BMeqr = a5 - BMZS

stem

P

whereby a3 to a6 are the allometric parameters and P is the phenology status of tree
canopies. P is zero in the case of no leaf cover and one in the case of full leaf cover. The
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enolo status IS compute rom e seasonal tractional cover of woo vegetation
phenology status is computed from th | fractional ¢ woody vegetati
(fCOVGr Woody) as:

fCoverWoody =1- e(_k'LAIWoody)

fCoverwoody—fCoverywoody,min

fCoverwoodymax—fCoverwoodymin

Whereby fCoverwoog,mn and fCoverwood,mex are the minimum and maximum seasonal
fractional cover of woody vegetation values of a grid cell, respectively. Please note that
here fCoverw.q, is computed from the seasonally changing woody LAl and hence
represents seasonal dynamics, unlike the mean dynamic fCovermes, used in the calculation
of fractional vegetation cover.

The parameters a7 to a6 for the tree biomass module were calibrated against the Biomass
and Allometry Database (BAAD) (Falster et al., 2015) and against total above-ground
woody biomass from the ESA CCl biomass map (Santoro et al., 2021). Therefore, the
reported values for tree height in BAAD and tree height from GEDI from sampled grid cells
in the study region were used jointly to estimate leaf, branches, stem, total wood, and
total above-ground biomass and to calibrate the allometry module against the respective
biomass components from BAAD and against total above-ground woody biomass from
ESA CCl). From BAAD, only values from tropical or savannah angiosperm tree species were
considered.

3.3.4 Biomass and allometry of surface live woody vegetation

Surface live woody (SLW) vegetation has been newly implemented in TUD-S4F-v0.3. We
here define SLW vegetation as small woody vegetation, specifically shrubs in shrublands
or understorey woody vegetation in forests. However, we currently only use the
implementation for shrublands as we currently lack any reliable dataset about the
coverage of understorey vegetation in forests. This will be however considered in future
developments of TUD-S4F.

Different allometric models have been used for the estimation of shrub biomass
depending on the physiognomy of the shrubs and the available measurements (Conti et
al., 2019). While shrubs with a single main stem are already represented in TUD-S4F
through the allometry module for trees (previous section), the area-based biomass
density of multi-stemmed shrubs can be estimated from shrub height and canopy
diameter (CD):

s2+s3-In(CD)+s4- In(H) . ﬂ

A

The model and the parameters s7 to s4 are directly taken from (Conti et al., 2019). The
ratio of the number of shrubs N to the area A of a grid cell is used to scale individual-level
biomass to the grid cell. This model can be relatively easily applied to remote sensing data
as CD, H and N can be estimated from high-resolution satellite imagery. However, in the
current setup in TUD-S4F-v0.3, we treat CD as a fixed model parameter that we include in

BMgiwwooa = S1- e
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model calibration Table 6. N can be estimated from the canopy area (CA) and the fractional
coverage of SLW in a grid cell as:

CA = T CD?
4
A 'fSLW
N
CA

The leaf biomass of SLW vegetation is then estimated based on the ratio of leaf to woody
biomass riw in shrubs and the woody phenology status P:

BMs;wieat = "ow * BMsiwwood * P

According to Hiernaux et al. (2023), the ratio of leaf to woody biomass in woody Savannah
vegetation of the Sahel can be estimated from canopy area (CA) as:

T = 0.028 + 0.651 - CA™0719

We kept all parameters s7 to s4 and the parameters to compute r;,w constant at the values
provided by Conti et al. (2019) and Hiernaux et al. (2023), respectively. Only the parameter
CD was included in the calibration of both tree and SLW allometry modules against ESA
CCl above-ground biomass (AGB). Total AGB is defined as the total biomass of tree and
SLW biomass:

BMagb = BMstem + BMbranches + BMleaf + BMSLWwood + BMSLWleaf

An example of total AGB and the different biomass components is given for one grid cell
in Figure 9 and a regional comparison of AGB from ESA CCl and TUD-S4F is provided in
Figure 10.

(o]
© —— obs —— prior —— opt —— Woody total —— Tree leaf SLW wood
o~ | o Jd Treewood —— Herb SLW leaf
_ N
& ~ L]
T3 \ c
~ N &
()] = .
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<N 9
_ m —
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Figure 9: Example time series of above-ground biomass (left) and biomass components (right) for a grid cell
at 14.59625°E and 6.7987°S from the TUD-S4F-v0.3-S311 setup. (left) AGB from ESA CCl (obs) and from TUD-
S4F prior to the calibration of allometry parameters and with optimised allometry parameters (opt).
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Figure 10: Regional comparison of above-ground biomass from ESA CCl data and TUD-S4F-v0.3-S311.

3.3.5 Herbaceous biomass

Herbaceous biomass is estimated from herbaceous LAI, as several studies report linear
relationships between LAI and grass biomass (Makuma-Massa et al., 2017; Punalekar et
al., 2018; Schwieder et al., 2020). Thereby, we estimate herbaceous biomass (BMser), from
herbaceous LAl (LAlken) and the specific leaf area sla:

LAlyerp

BMperp = sla

The parameter sla has been optimised using a quantile-based cost function so that the
statistical distribution of BM.» agrees with the observed regional statistical distribution
of herbaceous biomass from in situ observations as reported in the updated fuel
consumption database (van Wees et al., 2022) (Figure 11). Therefore, the Nelder-Mead
(downhill simplex) optimiser is used to minimise the following cost function:

q=0.95

1 Z simq+1 12
Jo = n obsq+1

q=0.05
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whereby sim; and obs, are the quantiles 0.05 to 0.95 (in steps of 0.05, i.e. n = 19) of the
simulated and observed herbaceous biomass, respectively.
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Figure 11: Calibration of herbaceous biomass. Random grid cells from the study region are sampled in a buffer
of 200 km around locations for which observations are available from the H14 and vW22 databases (left).
Herbaceous biomass is available for 40 sites and the statistical distribution estimated in TUD-S4F is fitted to
the observed distribution (lower right) by calibrating the specific leaf area sla (upper right).

3.3.6 Biomass turnover and harvest

The turnover T of living vegetation biomass to surface fuels is estimated as a constant
baseline turnover Tz and from the temporal changes in the estimated biomass of tree
leaves, branches, and stems; of SLW woody and leaf biomass; and of herbaceous
vegetation. The baseline turnover is:

TB,i = BMl . (1 - e_ti)

Whereby the index i refers to different biomass components (herbaceous, tree leaf, tree
branches, tree stem, SLW wood and SLW leaf biomass) and the parameter t;is a constant
turnover rate, which is defined for leaves and wood separately (Table 6). Values for the
turnover rates t were taken for leaf biomass from Kikuzawa et al. (2013) and for woody
biomass from Johnson et al. (2016), who report stem mortality rates for Amazon forests.

The total turnover of a biomass component is then:

ABM; = (BM;,_, — BM;,) if ABM; > 0

Tiz(l_Hli)'TB'i+{ 0if ABM; <0
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Whereby HI/ is the harvest index, i.e. a fraction of the turnover that is removed from the
ecosystem through harvest and hence does not enter the woody debris and litter pools.
The turnover of branches biomass is split into small (diameter < 7.62 cm) and large
branches (> 7.62 cm), which are assigned to the turnover of stems:

Tbranches,small = Tbranches 'fSB

Tstem = Tstem + Toranches * (1 - fSB)

The turnover of leaves and herbaceous biomass will enter the litter surface fuels.
Turnover of small branches will enter fine woody debris (FWD) and turnover of large
branches and stems will enter coarse woody debris (CWD) (Section 3.3.9).

For tree trunks and large branches (diameter > 7.62 cm), we assume Hlsem = 0.9, i.e. a
strong extraction of woody material. For small branches, we assume Hlyanches = 0.8, i.€. a
strong extraction of small woody materials, e.g. for the use as firewood, which is a
common energy source in Africa (Agoundedemba et al., 2023). For herbaceous biomass
at croplands, we assume Hipers = 60% at 100% cropland cover and Hlpen = 0% at 0%
cropland cover (i.e., no harvest at grid cells that are purely classified as grasslands).

Please note that the H/ values differ substantially from the values used for TUD-S4F-v0.2
in Forkel et al. (2025) for the Amazon and Cerrado. Although the HI parameters account
for a real biomass flux, they cannot be estimated reliable regionally or spatially as they
depend on local human activities. However, the HI parameters can be treated as effective
parameters to scale regional distributions of surface litter, FWD and CWD.

3.3.7 Fuel moisture content

Fuel moisture content in forest fire research is commonly defined as the amount of water
over the dry biomass of a vegetation sample (Yebra et al., 2013) and hence is related to
wet biomass (BMwet) and dry biomass (BMdry) as:

_ BMwet_BMdry .
FMC = == - 100 %
FMC is commonly distinguished between living and dead vegetation components (LFMC
and DFMC). In TUD-S4F model, FMC is represented separately for live fuels (e.g., leaves
LFMCiear, herbaceous vegetation LFMChper, and live wood LFMCueos) and for dead fuels
(DFMQ).

Please note that DFMC is not distinguished between litter, FWD, and CWD, which typically
would react as 1, 10, or 100 hours fuels increasingly slower to changes in ambient relative
humidity (e.g. Cawson et al., 2020; Matthews, 2014; Rodrigues et al., 2024; Zhao et al.,
2021). DFMC is not specifically modelled in TUD-S4F but taken from the soil water index
(SWI). SWI represents the percentage of soil saturation (0-100%) of the surface layer which
is however comparable to ranges that are commonly reported for dead fuels (Rodrigues
et al., 2024). We acknowledge this current limitation of TUD-S4F and see this as a priority
area for improvement in future work.

Sense4Fire ATBDv4 Page 43 of 84



e Cesa

LFMC is estimated from LAl and SWI as those variables are highly correlated in many
ecosystems (Forkel et al., 2022; Lu and Wei, 2021; Yebra et al., 2013). We estimate the
LFMC of leaves and herbaceous vegetation based on a single-layer perceptron (as used in
neural networks) with a sigmoidal activation function by using LAl and SWI as input:

400%

LFMC; = —22%
Yo (e rod)

;= (fl-- LAI-LAlIpn )+ (fZ-- SWI=SWlyin )
Y LALpgx—LAlLmin U SWhnax—SWimin

Whereby the sigmoidal activation function ensures that LFMCis scaled to plausible ranges
between 0% and 400%. LAl and SWI are normalised based on the temporal minimum and
maximum LAl and SWI in each grid cell. The parameters f0, f1, and f2 are calibrated for
different vegetation types i (leaves and herbaceous) against the VOD2LFMC dataset
(Forkel et al., 2022).

Woody FMC (FMCuwood) is assumed to increase linearly with SWI, whereby FMC0qd €quals
to a minimum woody moisture content m7 if SWI < 10% and increases up to a maximum
woody moisture content m2 at the 99%-ile of SWI (Table 6).

3.3.8 Combustion completeness

We combustion completeness (CC) is estimated as a function of FMC following the
approach which is used in GFED (van der Werf et al., 2006, 2010, 2017). In GFED, CC
depends on modelled soil moisture. In TUD-S4F, the CC of leaves and wood depends on
leaf and woody FMC, respectively, and the CC of litter, FWD, and CWD depends on SWI.
CC declines linearly with FMC from a maximum CC (parameter c2) at FMC = 0% to CC =0
at @ maximum FMC (parameter c7). Parameters c1 and c2 are defined for leaves, live
wood, herbaceous vegetation, litter, FWD and CWD.

The parameters c7 and c2 are calibrated to fit observed regional statistical distributions
of CC from the database by (van Wees et al., 2022). Therefore, the same approach and
quantile-based cost function like in the calibration for herbaceous biomass was used
(Section 3.3.5). As a result, the estimated parameters c7 and c2 are able to reproduce the
regional statistical distributions of CC, although the reference data is limited specifically
for leaves, litter and woody debris (Figure 12).
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Figure 12: Results of the calibration of parameters for combustion completeness for the TUD-S4F-v0.3-S311
setup against regional distributions of CC from van Wees et al. (2022).

3.3.9 Surface fuel dynamics

Based on the turnover fluxes of leaves and herbaceous vegetation and of branches and
stems, we estimate the dynamics of litter (L), FWD, and CWD, respectively. Following the
definitions in the North American Wildland Fuel Database (Prichard et al., 2019), L is dead
leaf or herbaceous material, and FWD and CWD are dead woody material with a diameter

threshold below and above 3" = 7.62 cm, respectively. Hence, CWD also includes dead
woody trunks.

To estimate initial values of L, FWD, and CWD fuel loads, we assume that those fuel load
components are in a steady state, i.e., the input of biomass from turnover equals the
release of carbon through decomposition (heterotrophic respiration). The steady state
assumption was previously applied to remotely sensed estimates of gross primary
production, above-ground biomass, and soil carbon stocks to estimate total ecosystem
carbon turnover times globally (Carvalhais et al., 2014; Fan et al., 2020) and can also be
used to estimate surface fuels (Rego et al., 2021, p.370-371). Following these approaches,

the carbon turnover time t of a system is related to the carbon stock S and the carbon flux
F as follows:

r= S

The annual decomposition rate k (yr') is related to the annual turnover time (yr) as k= 1/t.
Hence, we estimate the initial fuel load as the ratio of the turnover and the decomposition
rate. The initial load of litter L~ is computed from total turnover from leaves and

herbaceous biomass over the first one third of all time steps ¢, but excluding the time
steps when a fire occurred:

Z?=1 Tieaf+Therb
L _ f
t=0 nyears - Kijtter
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Whereby nyears is the number of years over which the summation is applied (here 3.6
years, June 2014 - July 2017 in TUD-S4F-v0.3-S311) and K- is the annual litter
decomposition rate. The initial loads of FWD and CWD are computed accordingly from the
turnover of small branches and stems (including large branches):

FWD _ Ztrtl=1 Tbranches,small
t=0 — .
nyears - Kfyd

—_ Z?:lTstem
(WD = nyears - Kewqd
Values for the decomposition rate for CWD kug = 0.172 were taken for tropical deciduous
forests from Harmon et al. (2020). For FWD, we assume that the decomposition rates are
by a factor 2 higher than for CWD. For litter, the value of ki = 0.98 was taken for annual
herbaceous litter from Zhao et al. (2025).

Please note that the amount of CWD in an ecosystem depends especially on the time since
the last disturbance, the disturbance type, and the stand age (Harmon et al., 2020; Pedlar
etal., 2002; Sturtevant et al., 1997). As such information is not directly available from Earth
observation data over large areas, we intend to approximate the involved dynamics by
using multi-annual time series of LAl and of fi. to potentially capture past disturbance
events, although we cannot account for the accumulation of woody debris that occurred
before 2014 (start of the LAl dataset).

Starting from the initial estimates, we then compute the temporal dynamics of L, FWD,
and CWD from the turnover T, the daily decomposition D and the daily dry matter burnt
DMB of the corresponding fuel components as:

Ly = (Lt—l + Tieart — DMBieast + Thern,t — DMBleaf,t) *dp, — DMByjttert

FWDt = (FWDt—l + Tbranches,t - DMBbranches,t + TSLWwood,t - DMBSLWwood,t) ' dfwd -
DMBgyyq,¢

CWDt = (CWDt—l + Tstem,t - DMBstem,t) ' dcwd - DMBcwd,t

Whereby the daily decomposition rate d for the three fuel components simply depends
on the annual decomposition rate k:

ki
. e t.
di, =etsy

The parameter tsy defines the number of time steps per year (e.g., tsy = 36 in the case of
10 daily time steps) and distributes the annual decomposition rate k; to an estimate for
each time step. Note that this is a strong simplification, as the daily decomposition rate
depends on daily variations in temperature and soil moisture conditions.

3.3.10 Dry matter burnt and fire behaviour

Dry matter burnt of the different fuel components depends on fuel loads, burnt area,
combustion completeness and the behaviour of a fire, i.e. surface or crown fires. Thereby,
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we assume that each observed fire (i.e. fractional burnt area fBA > 0) is in the first place a
surface fire that always affects the surface fuel components (i.e., herbaceous vegetation,
litter, FWD, and CWD). Combustion of tree leaves and SLW leaf and woody biomass in
crown fires is only estimated if we observe during a fire also a reduction in woody LAl from
the previous to the current time step. Combustion of woody biomass in tree stems and
branches is only estimated if we estimate a reduction in tree height between the previous
and current time steps.

Dry matter burnt is computed for live fuel components i (i.e. tree leaves, tree branches,
tree stems, SLW leaves, and SLW wood) as:

DMBi,t == CCi,l‘f " fBAt . Ti,t
This implies that dry matter burnt of living biomass components is only applied to the

turnover fluxes (i.e., reduction of biomass pools) that are estimated at the time of fire
occurrence.

The dry matter burnt of herbaceous biomass and dead surface fuels (i.e. litter, FWD, and
CWD) depends on the available fuel loads at a time step:

DMB;, = CCy, - fBA, - S; 1, with S; € {L, FWD,CWD}

Total dry matter burnt is the sum across the different fuel components:

DMBtotal = DMBleaf + DMBbranches + DMBstem + DMBSLWwood + DMBSLWleaf + DMBherb
+ DMBy, + DMBpy,p + DMBcyp

Preliminary comparisons of the estimated dry matter burnt from TUD-S4F-v0.3-S311
show the TUD-S4F can represent regional distributions of observed DMB, although it
seems to overestimate DMB from litter and FWD (Figure 13).
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Figure 13: Boxplots of dry matter burnt for different fuel components as estimated with TUD-S4F-v0.3-S311
for 220 randomly sampled grid cells within a 200 km buffer of field observations from the vW22 dataset. The
location of grid cells correspond to the one shown in Section 3.3.5.

3.3.11 Combustion, emission factors, and fire radiative energy

The composition of fire emissions and the produced heat and fire radiative energy depend
on the dry matter burnt, the chemical composition of the combusted material (e.g., lignin,
cellulose, volatiles), the fuel moisture content, and the type of combustion (i.e., flaming or
smouldering combustion). In order to represent and quantify those factors in the TUD-
S4F model, we adopted the chemical combustion model described and implemented in
Chapter 2 of Rego et al. (2021) (Figure 14). The combustion model requires information
about FMC, the chemical composition of the fuel (i.e., cellulose, lignin, and volatiles), the
type of combustion, air temperature, and relative humidity. The combustion model then
quantifies the modified combustion efficiency (MCE), the heat yield, and emission factors
for H,O, CO,, CO, CH4 and particulate matter (PM). In the following, we summarize the
calculation of the emission factor for CO (EFco), but we also implemented the calculation
for emission factors for CO, CH4 H.O, total PM, and PM.,s. For details of the fuel
combustion model, we refer to Chapter 2 of Rego et al. (2021).
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TUD.S4F data-model fusion approach: T
Fuel loads and fuel moisture for each fuel Fuel Consumption
component, i.e. leaves, wood, herbaceous

vegetation, litter, fine and coarse woody debris I Combustion

Fuel Moisture
Content

T
—-iace Fuel
Moisture Content

Fraction of cellulose,
lignin and volatiles

‘ Chemical combustion model (Rego et al. 2021)
Example (FMC = 30%, rH = 30%, T= 298 K, EOFR = 0.92)
Composition of fuel - Complete combustion:

(e.g. wood ~ CgHgO,) CeHoO4+6.25 0, > 6 CO, +4.5 Hy O
- Incomplete combustion:

0.53C0+0.06CH,+0.12C—0.71C0, — 0.11H,0

fuel ratio (EOFR)
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Equivalent oxygento |
1
1

Heat yield per fuel
component H;

Modified combustion Emission factors (EF) for
efficiency (MCE) CO,, CO, CH,4, H50, PM
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Emissions per fuel component
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Total Fire Radiative Energy
N

Total fire emissions per species
N
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=1

FRE = fogq X Z H,
i=1

Figure 14: Overview about the calculation of fire emissions in the TUD-S4F approach.

The EFco (g/kg) for one fuel compound is calculated as follows:

EF _ Ncojinc(Mc+Mo)
CO,compound Mcompound'1000

Whereby Mc = 12 and Mo = 16 are the atomic weights of carbon and oxygen, respectively,
and Mcompound IS the molar mass of the fuel molecule (i.e., lignin, cellulose, or a volatile).
Nco,incis the number of CO molecules produced in incomplete combustion. Following the
calculation in Rego et al. (2021, p.25-36), Nco,inc is computed as:

No:(EOFR-1) 2

NCO,iTlC = _0.75 " 141

Whereby N is the number of oxygen atoms consumed in complete combustion and EOFR
is the equivalent oxygen to fuel ratio. The EOFR is defined as the ratio of oxygen consumed
during the actual combustion and the oxygen consumed in complete combustion (Rego
et al., 2021). Fires with complete combustion have an EOFR = 1, flaming combustion has
around EOFR = 0.96 and smouldering combustion has an EOFR < 0.9. We took the typical
values provided by Rego et al. (2021) as a priori EOFR values for leaves, wood, herbaceous
vegetation, litter, FWD, and CWD (Table 6).

In TUD-S4F, we assume that each fuel component consists of the three compounds
cellulose, lignin, and volatiles (assuming that volatiles are monoterpenes) and un-
burnable minerals, and then we compute the combustion and emission factors separately
for each compound. An example for this is shown in Table 8.
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Table 8: Example of the calculation of EFco for the three used fuel compounds and for three different types of

combustion efficiency.

EF /k EF /k;
<@k | er, (erkg) o (g/kg)
Molar mass | Smouldering .o Complete
Fuel compound Formula . Flaming fire X
(g/mol) fire combustion
EOFR =0.93
(EOFR = 0.8) ( ) (EOFR =1)
Cellulose CeH100s 162 221 77 0
Lignin CioH1203 180 381 133 0
Volatiles (here: CioH1e 136 613 215 0
monoterpenes)

The emission factor for the entire fuel component (e.g., leaf biomass) is then computed
as the weighted average of emission factors for cellulose, lignin, and volatiles:

EFCO,fuel = fcefuel ' EFCO,cellulose + flifuel ' EFCO,lignin + fvofuel ' EFCO,volatiles

whereby fce, fli, and fvo are the fractions of cellulose, lignin, and volatiles in a fuel
component (Table 6). CO emissions from a fuel component are finally computed as the
product of dry matter burnt and emission factor; for example, CO emissions from CWD
are computed as:

ECO,CWD = DMBCWD ’ EFCO,CWD

Total CO emissions of the grid cell are the sum of emissions from all fuel components (i.e.,
leaf and herbaceous biomass, wood, FWD, CWD, litter).

The composition of each fuel by the fuel compounds cellulose, lignin, volatiles (e.g.,
monoterpenes), and minerals is an important control on the composition of the fire
emissions. We here parametrise this composition by the parameters fce, fli, and fvo. Those
fractions are known for some plants or fuel components but show a large variability (e.g.
Rego et al., 2021; Waliszewska et al., 2021) and are not available for a large-scale spatial
application in a satellite data-driven fire combustion model. Hence, we made a couple of
assumptions and treated them in TUD-S4F as calibrate-able model parameters.
Specifically, we assume that the fractional content of lignin (f;) in leaves, live wood and
herbaceous vegetation is:

fii=1—fee = fro —0.01

Which assumes a mineral content of 1%. We assume that the volatiles are monoterpenes
(CioH16) because most other volatiles have higher carbon contents and hence would cause
high emissions of CO and CHs which seemed implausible in a priori sensitivity
experiments. We treat the fraction of volatiles as a model parameter that we calibrate
against observed statistical distributions of emission factors provided by the V23 and A19
datasets.
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Decaying plant material has a higher content of lignin than cellulose because cellulose
decomposes faster. Hence, we assume that f. in litter, FWD, and CWD is 50% of f. for
leaves and wood, respectively, and adjust the fraction of lignin accordingly.

As the production of nitrous oxides (NO,) during fire is highly complex and not considered
in the used combustion model, NOxemissions are estimated with fixed emission factors
for tropical forests and savannahs (Table 6).

Fire radiative energy (FRE) is estimated from the heat release Q of each fuel component i:

FRE = fraq Zz Q;

Whereby f.qis the fraction of heat released in the form of radiation. The heat release of
each fuel component is computed from dry matter burnt and from the heat yield q (i.e.,
k] of heat per mass of combusted fuel) of the combustion of the cellulose, lignin, and
volatile compounds:

Qi = fee "DMB; - qce + f1i " DMB; - qui + fyo - DMB; - gy,

The heat yield is computed according to Chapter 3 in Rego et al. (2021) as the difference
between the heat content of the fuel, the heat required for pre-ignition of the fuel, and
the heat content of emitted products from incomplete combustion (i.e., CO, CH4, C):

q = 9ruel — Ypreign — products

The computation of these heat components are based according to the combustion
model described in Chapters 2 and 3 of Rego et al. (2021).

3.3.12 Local calibration and spatial prediction of model parameters

The modules for canopy height, tree biomass, herbaceous biomass and combustion
completeness have been first calibrated as stand-alone modules as described before.
Afterwards, the parameters of the fully coupled TUD-S4F model are calibrated against
satellite datasets of AGB, canopy height, LFMC for several individual fire events for single
grid cells. Therefore, we sampled 1000 grid cells from the entire study region. For each
grid cell, we calibrated the parameters h1, h2, a0, fOeaf, f1icar, f2ieaf, fOnerb, T1hero AN f2hers, by
using the Genetic Optimisation Using Derivatives (GENOUD) algorithm (Mebane and
Sekhon, 2011). The used cost function J directly compares spatial-temporal data pairs is
based on the Kling-Gupta efficiency (Gupta et al., 2009) summed over all datasets d:

o= G-+ ) s oo

o+1 op+1

] = Zlc\ilzljd

Whereby s and o refer to the mean values and standard deviations of simulations (from
TUD-S4F) and observations (from satellite datasets), respectively, and r is the Pearson
correlation coefficient.
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Figure 15: Scatterplot and correlation matrix of optimised model parameters and the corresponding RMSE for
canopy height, above ground biomass and LFMC from 1000 sampled grid cells from TUD-S4F-v0.3-S311.

In the calibration of TUD-S4F-v0.3-S311 based on 1000 randomly sampled grid cells, the
total cost is mostly correlated with the error for above-ground biomass and is mostly
correlated to the parameters h2 and a0 (Figure 15). The local calibration results in high
agreement between canopy height, AGB and LFMC from TUD-S4F and the respective
reference datasets, although some grid cells show low performance (blue in Figure 16),
mostly because the reference datasets appear to be inconsistent in such grid cells.

Finally, the locally calibrated parameters from the 1000 sampled grid cells are then used
to estimate spatial fields of those parameters in order to apply the TUD-S4F model
spatially. Therefore, we used the average and standard deviation of LAl (CGLS) and SWI
(CGLS), the above-ground biomass (ESA CCl), and the fractional land cover of trees and
herbaceous land cover (ESA Worldcover), and canopy height (from TUD-S4F predictions
using the GLM) of the reference year 2020 in a random forest regression model as
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predictors for the locally calibrated parameters a0, h1, h2, b0, fOieaf, fOnert, f1ieaf, f1herd, F2herb,
and f2er. This random forest model was then applied to all grid cells to predict the
parameters and to apply the TUD-S4F model.
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Figure 16: Comparison of estimated and reference canopy height, woody biomass, and mean LFMC for 1000
randomly sampled grid cells after calibration of each grid cell. Black are all grid cells and blue and red are grid
cells for which the optimisation resulted in good and no acceptable performance, respectively.

34 TUD-S4F-v0.3-NRT near-real time setup

In order to apply TUD-S4F in near real time, all input datasets are required until the final
date of model application. Therefore, we assume that the static input datasets are still
representative and hence only require NRT values for burnt area and LAI. For burnt area,
we use the NRT estimates from GFA-S4F. For LAI, we use the CGLS LAl time series until the
last available RT6 estimate (i.e. with a time lag of 60 days) and apply a LAl forecast until
the final date.

LAl forecasts are generated using a Seasonal Autoregressive Integrated Moving Average
(SARIMA) model (Box et al., 2008), which provides reliable predictions of future LAl
dynamics by jointly capturing the autoregressive structure, trend integration, and moving
average components of each pixel-wise time series, while explicitly accounting for
seasonal periodicity. A key challenge in configuring the SARIMA model lies in the
specification of the seasonal period, which varies between 35 and 36 time-steps
depending on the year — corresponding to approximately one year given the 10-daily
temporal resolution of the input data. This variability arises from the irregular number of
days across calendar months and requires careful handling to maintain temporal
consistency in the seasonal component of the model. A notable advantage of the SARIMA
framework is its computational efficiency. SARIMA parameter estimation scales
approximately linearly with time series length, in contrast to Gaussian Process (GP)
regression, whose standard formulation incurs a computational cost of O(n®) due to the
inversion of the covariance matrix (Rasmussen and Williams, 2006). This difference
renders SARIMA well suited for large-scale, pixel-wise forecasting across extensive spatial
domains where GP-based approaches would be prohibitively expensive.
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3.5 TUD-S4F-v0.3-HR high resolution setup

TUD-S4F at high resolution is applied in a similar setup like at the coarse resolution but by
using higher resolution input data at 0.0002° (approx. 20 m). While datasets for burnt area
(FireCCIS211), land cover (Worldcover or CClI HRLC) and canopy height (Pauls et al., 2024)
are already available at such resolutions, datasets for LAI, above-ground biomass and SWI
are not. For SWI, we follow the same approach like in the coarse resolution setup and
bilinearly interpolate the data to the high resolution grid. However, LAl and biomass
should represent local vegetation patterns in order to accurately estimate fuel loads.
Therefore, we apply several approaches to estimate LAl and AGB at higher resolution. For
LAI, we either apply a downscaling approach to estimate LAl at high resolution from the
coarse resolution CGLS LAl data (Section 3.5.1) or we directly retrieve LAl from high
resolution Sentinel-2 imagery (Section 3.5.2). For AGB, we downscale the ESA CCl AGB
product to higher resolution (Section 3.5.3).

3.6 Downscaling of CGLS LAI (TUD-S4F-0.3-HR-S3)

LAl at coarse resolution (LAlcr, 0.0025°) is the average of LAl high resolution (LAlxr, 0.0002°)
resolution weighted by the fractional cover of each land cover type:

N
1
LAlcp = NZ Z LAItype,i 'ftype,i

i=1 type

Whereby LAlty,e; and fiype; are the LAl values and fractional coverage of tree, shrub,
grass land, herbaceous wetland and crop (5 types) in each i-th HR grid cell within the CR
grid cell. fype,; is derived from ESA WorldCover by calculating the percentage of 10 m
pixels for each land cover type within the larger 20 m grid cell.

LAl ; is calculated from the NDVI percentiles 10% and 90% of the WorldCover dataset
by making use of the relationship between NDVI and LAI that can be represented by the
Beer-Lambert law of light extinction:

log(1 — (NDVIp10; + Pcg - (NDVIp90; — NDVIp10,)))
LAItype,i =

_ktype

Whereby Pc is the phenology status for a CR grid cell and ranges between 0 (no seasonal
leaf cover) and 1 (full seasonal leaf cover). It is computed from scaling LAl to [0,1] using
the maximum and minimum values of the whole time series per pixel. NDVIp10; and
NDVIp90; are the 10th and 90th percentiles of NDVI at HR resolution. They are computed
from ESA WorldCover NDVI percentile using bilinear interpolation. k;,,. is a land-cover-
specific light extinction coefficient. It is computed using the genetic optimisation
calibration approach. The cost function for this optimisation is the root mean square error
between estimated and observed CGLS LA/« time series.

The output LAl at HR is calculated by:

LAlyg = Z LAItype,i 'ftype,i
type
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For this ATBD, the algorithm was first tested in a 5° x 5° test site (11°S - 16°S, 23°E - 28°E)
in southern Africa. The input data includes CGLS LAI from 2014-01-10 to 2021-10-20 (10
daily, 280 scenes in total), ESA WorldCover and NDVI percentiles (year 2021). 5000
randomly sampled CGLS LAl cells are used to estimate k.. The optimised k.., for tree,
shrub, grass, crop and herb is 0.35, 0.33, 0.28, 0.23 and 0.50, respectively. In comparison
with CGLS LAI, the downscaled high resolution (HR S3) LAl presents much more spatial
details and has a similar range of LAl value (Figure 17). To validate the HR S3 LAI, temporal
median values of CGLS LAl and HR S3 LAl are firstly calculated. The median value of HR S3
LAl is then resampled to same resolution as CGLS LAl using average resampling and is
compared with CGLS LAI (Figure 18). The resampled HR S3 LAl has a RMSE of 0.33.
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Figure 17: An example of CGLS LAl (left, 0.0025° resolution) and HR S3 LAl (right, 0.0002° resolution). The
temporal median values of 280 scenes (from 2014-01-10 to 2021-10-20) are presented.
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Figure 18: Comparison of the temporal median value (280 scenes from 2014-01-10 to 2021-10-20) of CGLS LAl
and resampled HR S3 LAl at a 5° x 5° test site.

3.7 Retrieval of LAl from Sentinel-2 (TUD-S4F-0.3-HR-S2)

As an alternative LAl dataset, we retrieved LAl from Sentinel-2 imagery using the SNAP
Biophysical Processor S2 (SNAP version 13) at one 0.5° x 0.5° test site (14°S - 14.5°S, 24°E
- 24.5°E). The input data is Sentinel-2A Level 2A Surface Reflectance product from 2016-
04-16 to 2022-10-02 (93 scenes in total). The output LAI (HR S2 LAI) has 20 m resolution.

In comparison with CGLS LAI, S2 LAl has more spatial details but much lower LAl values
than the CGLS S3 product (Figure 19). The same validation method for downscaled CGLS
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LAl is applied to validate S2 LAI. Although S2 is systematically underestimated, it shows
strong linear correlation with CGLS LAI (Figure 20). A scaling factor (around 0.5) is needed
to correct S2 LAl For the same test site, HR S3 LAl has a better performance than HR S2
LAI (Figure 21).
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Figure 19: An example of CGLS LAl (left, 0.0025° resolution) and HR S2 LAl (right, 0.0002° resolution). The
temporal median values of 93 scenes (from 2016-04-16 to 2022-10-02) are presented.
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Figure 20: Comparison of the temporal median value (93 scenes from 2016-04-16 to 2022-10-02) of CGLS LAl
and resampled HR S2 LAl at a 0.5° x 0.5° test site.
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Figure 21: Comparison of the temporal median value (280 scenes from 2014-01-10 to 2021-10-20) of CGLS LAl
and resampled HR S3 LAl at the same test site as HR S2 LAL.
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3.8 Downscaling of ESA CCl above-ground biomass

To downscale ESA CCl AGB to HR, we applied a multiple linear regression trained using
Sentinel-1 backscatter, ALOS backscatter and canopy height as predictor variables and
ESA CCI AGB as response variable:

log19 AGB1gom = @ " Vs1,vH,100m + D * Yarosz,zv,100m + € * 10810 Higom + d

Whereby ys1 vy 100m IS the resampled ESA WorldCover annual composite of Sentinel-1 VH
Gamma-0 backscatter in decibel scale. y4.0s1v.100m iS the resampled global mosaic of
ALOS-2 HV Gamma-0 backscatter in decibel scale. Both Sentinel-1 and ALOS2 backscatter
have been geometrically and radiometrically calibrated. Hyyo., is the resampled global
canopy height from Pauls et al. (2024). Median resampling is used to resample all three
predictor variables from their original resolution to 100 m resolution. Ordinary Least
Squares regression is used to estimate regression coefficients a, b, cand d.

The regression function is then applied to the resampled Sentinel-1 backscatter, ALOS2
backscatter and canopy height to estimate AGB at HR (HR AGB):

log10 AGByr = a*¥sivuur + b Yarosz,uv,ur + ¢ 10810 Hyr + d

For the ATBD, the model is tested at one 1° x 1° tile (14°S - 15°S, 24°E - 25°E). The
regression coefficients for this test site are a = 0.177, b = 0.068, ¢ = 0.66, and d = 4.609.
Spatial resolution is improved in the downscaled AGB (Figure 22). HR AGB is resampled to
100 m resolution using average resampling and is compared with CCl AGB, which results
in a RMSE of 17.05 Mg/ha (Figure 23).
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Figure 22: An example of CCl AGB (left, 100 m resolution) and downscaled AGB (right, 20 m resolution).
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Figure 23: Comparison of CCl AGB and resampled HR AGB at a 1° x 1° test site.
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4 KNMI-S5p validation approach
4.1 Overview
411 Summary of updates

As outlined in the introduction and the scoping of this ATBDv4, the KNMI-S5p validation
approach is based on the use of Sentinel-5p satellite observations from the TROPOspheric
Monitoring Instrument (TROPOMI) of atmospheric composition and air pollution.

The previous Sense4Fire ATBDs (ATBD v2.1 and ATBD v3) primarily focussed on describing
possible approaches and parameters that could be used for evaluating and validation the
wildfire emission databases developed and used in Sense4Fire.

The Sense4Fire results have since then narrowed down the strategy how to evaluate
wildfire emissions using IFS-COMPO atmospheric composition modelling and
intercomparison with Sentinel-5p measurements. The context and strategy that has
emerged will be described in more detail later in this section.

ATBDvV3 also briefly explained the strategy to test the IFS-COMPO modelling suite for a
near-real-time application (NRT) which in the context of wildfire emissions means being
able to evaluate emissions per month and within approximately a maximum delay of one
month. This has been proven achievable, also discussed in de Laat et al. (de Laat et al.,
2026).

4.1.2 Sentinel-5p/TROPOMI and wildfire emissions

The Sentinel-5p satellite was launched in October 2017 and has been providing data
operationally from the summer of 2018 onwards. The TROPOMI instrument on sentinel-
5p was developed based on the legacy of satellite instruments such as SCIAMACHY and
OMI who demonstrated that air quality and air pollution could be monitored using
satellite observations of earth reflected solar radiation at ultraviolet and visible
wavelengths with high spectral resolution (also known as hyperspectral).

TROPOMI was therefore specifically designed to improve such air quality measurements
to allow for daily mapping of emission plumes at the so-called city scale, which in practice
has been in the region of 7x7 km to 5.5x3.5 km depending on the type of air pollution.

The TROPOMI instrument characteristics therefore opened a whole new landscape for
monitoring wildfire emission plumes on a daily basis. Prior to TROPOMI, using satellite
observations assessing wildfire emission databases was limited. Satellites like
SCIAMACHY, OMI, but also GOME-2, OMPS, MOPITT, IASI and AIRS were characterised by
either coarse spatial resolution, complex vertical sensitivity or a need to average multiple
observations over time to meet the required measurement precision.

That also complicated the translation of wildfire emissions estimates to satellite
observations of air pollution. Some effort had been put into using numerical model
simulations of atmospheric composition as an interface, but required averaging limited
the usefulness of these model simulations.
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In addition, methods for more formally inverting satellite observations of air pollution
back to fire emissions have historically always been similarly hampered by the lower
quality of satellite observations of air pollution of satellite instruments prior to TROPOMI.
Such formal wildfire emission inversions have remained underdeveloped.

Furthermore, possibilities to independently verify wildfire emission estimates with in situ
observations - either from permanent surface stations or field campaigns - are extremely
limited. The most important wildfire regions worldwide generally are remote making it
difficult to reach them while infrastructure for setting up a monitoring network is lacking.

Hence why the advance of earth observation technology - and TROPOMI in particular -
has been so important for wildfire emission monitoring, evaluation and validation.
TROPOMI for the first time allows for spatiotemporally detailed a continuous monitoring
of wildfire emissions.

4.1.3 Wildfire emissions evaluation with IFS-COMPO and TROPOMI

Although in principle TROPOMI measurements allow for formal wildfire emission
inversions, the approach chosen here is to use an atmospheric chemistry-transport model
as an interface between the wildfire emission estimates on the one hand and the satellite
measurements of air pollution on the other hand. Wildfire emissions are fed into the
model whose results are collocated with the satellite observations of air pollution - taking
satellite instrument operators into account (Douros et al., 2023). This provides an
extensive dataset that can be used to explore how well the model reproduces the
observations. Model simulations can be tweaked with other fire emission databases or
modifications of those emission databases to bring model results and observations in
closer agreement.

Furthermore, for the short live trace gas nitrogen dioxide (NO,) the model simulations
also allow for applying a post-hoc NO, emission correction based on the modelled local
sensitivity of tropospheric NO, columns to local NO. emissions (Castellanos et al., 2014;
Forkel et al., 2025; Lamsal et al., 2011). Assuming linearity between both, that sensitivity -
denoted as B-factor - can be multiplied with the differences between model simulated
and observed tropospheric NO; to a local multiplication factor which to first order brings
model simulations and observations of tropospheric NO, in better agreement.

In the first original phase of the Sense4Fire project the TROPOMI measurements were
explored and evaluated on how to use them for wildfire emission monitoring. Several air
pollutants were explored for their usefulness: aside from NO, also Carbon Monoxide (CO),
aerosols via the absorbing aerosol index (AAl) and formaldehyde (HCHO) were evaluated.

Results indicated that CO was a useful addition to NO,. Both traces are emitted wildfires
but have different sensitivities to fire temperatures. Whereas NO, emissions increase with
increasing fire temperature - and thus reflect combustion completeness, CO emissions
increase with decreasing fire temperatures. CO thus reflects incomplete combustion.
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It was also shown that the AAlI and CO are spatiotemporally well correlated. Since the AAI
is only a qualitative index it has limited added value on top of CO measurements. HCHO
turned out to be less useful due to the lower quality of TROPOMI measurements,
requiring the need for averaging over space and/or time. The TROPOMI| HCHO
measurements thus were hampered by some of the same limitations as satellite
instruments prior to TROPOMI. Hence why for the Sense4Fire project the primary focus
has been on CO and NO..

4.1.4 Extending the evaluation of Sense4Fire wildfire emissions

The first results of the exploration of the use of TROPOMI measurements for wildfire
emission monitoring have focused on short time periods of several months in single year
over a few small regions worldwide with a focus Amazonia (Forkel et al., 2025; de Laat et
al., 2026; other regions were sub-equatorial Africa, Mediterranean Europe and in Siberia).

Although limited in their spatiotemporal coverage, results nevertheless clearly indicated
that CO emissions were underestimated over the primary wildfire emissions regions
Amazonia and (sub)Equatorial Africa. Depending on the wildfire emission dataset used,
wildfire CO emissions over Amazonia were underestimated by a factor of 1.5-3. The main
cause of this large discrepancy appears to be small scale fires and limitations to their
detection with currently satellites.

NO. was generally better represented albeit that for very large fires their emissions were
significantly overestimated by up to a factor of 10. Although for the total NO, emissions
the contribution of this “large-fire-bias” was limited, this result nevertheless signals
emissions from high temperature wildfires is not well understood, warranting additional
research.

This next phase of the Sense4Fire project will rely on the same approach for evaluating
and validating wildfire emissions. Wildfire emissions estimates are used as a boundary
condition for atmospheric composition modelling. Model results are then collocated with
TROPOMI measurements while applying the appropriate satellite operators for
comparison.

However, whereas until now the modelling time periods have been small, only a couple
of months, for this project phase (Contract Change #2; CCN02) the model simulations will
be performed for the multi-year period 2019-2025 covering mostly the entire TROPOMI
dataset. In addition, the primary focus over this period will be (sub)equatorial Africa rather
than Amazonia, although analyses for Amazia will be made.

Furthermore, it will be at least briefly explored whether HCHO could be more useful for
the multi-year model simulation period. As outlined before, TROPOMI HCHO is not as
accurate as CO and NO.. However, monthly averages of TROPOMI HCHO are more than
sufficiently accurate to use for evaluating the model simulations (Anderson et al., 2023;
Fu et al., 2025; Sfendla et al., 2026; Shen et al., 2026)
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Finally, although not the scope of the Sense4Fire CCN02, the possibility of developing a [3-
approach for CO will be explored in the EU HORIZON project CoFlame (Copernicus Fire
and Land Monitoring of Emissions) that will commence during the second half of 2026
and in which KNMI participates using the model-as-interface approach as developed
within S4F. Because the basic idea that the B-approach could be modified for CO also
emerged during the S4F project, the conceptual outline of this idea will be documented
here in the appendix (A1), thereby allowing for it to be used in future documents and
projects if indeed achievable.

4.2 Input data

The evaluation of the wildfire emission databases developed within S4F (see this ATBD v4
sections 2 and 3 and Table KNMI-1 below) will continue to use the same approach as
applied before. The IFS-COMPO model will be run using one of the fire emission databases
as input. Model output will be collocated with TROPOMI measurements while TROPOM
instrument operators will be applied. The most important operators are the averaging
kernel, using relatively cloud free TROPOMI measurements, i.e. measurements with a
cloud radiance fraction < 0.5, and integrating/averaging TROPOMI measurements within
an IFS-COMPO model grid of 0.5°x0.5° provided that at least 50% of the model grid is
covered by cloud free TROPOMI measurements. Note that a TROPOMI pixel is 7x7 km for
CO and 3.5x5.5 km for NO., so effectively approximately 60 (CO) to 160 (NO.) TROPOMI
pixels can fit within the 0.5°x0.5° model grid.

The IFS-COMPO model setup and model simulations that will be performed are
summarised in table X1. There will be three model setups covering the entire 2019-2025
period: GFAS, GFA-SAF-v0.3 and TUD-S4F-S311. For the last two setups the emissions are
provided for Southern Hemisphere Africa while applying GFAS emissions elsewhere. For
the other emission databases - which will have been scheduled to be delivered later
during the project- only a one-year simulation will be performed. The year itself will be
decided later. If emissions for the Sahel region are also provided, then these will be
incorporated in the model simulation.

The TROPOMI data - CO, NO,, possibly HCHO - will be used for the period 2019-2025. Note
that currently TROPOMI data over that period consists of two retrieval approaches. For
the period up until 17 July 2022 the reprocessing (RPRO) algorithm data will be used. The
RPRO algorithms consist of the most complete retrieval algorithms. For the period after
17 July 2022 - for which no reprocessing has been performed yet - TROPOMI data from
the OFFL algorithms will be used. OFFL algorithms contain a few simplifications that allow
faster run time. Note that there are also Near-Real-Time algorithms containing even more
simplifications that meet the requirement of providing TROPOMI data within 3 hours after
observation. The OFFL data generally becomes available within a few days after the
observations.
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Table 9: Planned IFS-COMPO model simulations with different fire emission databases and the time period
for which the IFS-COMPO model simulations will be performed.

Emission database Region Time period and comment
GFAS Global 2019-2025
GFA-SAF-v0.3 S-Africa 2019-2025

+ GFAS elsewhere

TUD-S4F-v0.3-S311 S-Africa 2019-2025
+ Sahel region is optional

+ GFAS elsewhere

TUD-S4F-v0.3-NRT S-Africa one year (TBD¥)

+ Sahel region is optional Model simulation is optional if GFA-S4F-S311

+ GFAS elsewhere differs significantly from TUD-S4F-v0.3-NRT

TUD-S4F-v0.3-HR-S3 S-Africa one year (TBD¥)
+ Sahel region is optional

+ GFAS elsewhere

GFA-S4F-v0.4 S-Africa one year (TBD¥)
+ Sahel region is optional

+ GFAS elsewhere

B-method see notes one year (TBD¥)

Simulation with a 20% emissions increase.
Decision on which emission database to use will
be decided later

# at the time of writing it has yet to be decided which year will be used for performing these IFS-COMPO model
simulations. The criteria based on which the year will be selected have yet to be discussed within the Sense4Fire
consortium.

4.3 IFS model setup

The IFS-COMPO global atmospheric composition modelling system (IFS-COMPO) is used
to simulate the atmospheric conditions during the periods. As IFS-COMPO is a global
model it automatically covers any region under consideration. The model results serve to
bridge the gap between bottom-up emission estimates (Table 9) and Sentinel-5p
observations. The model results can be compared with Sentinel-5p observations after
applying satellite observation operators.

The IFS-COMPO model currently used is CY50R1 tropospheric chemistry and aerosol
modules. It is driven by ECMWF operational meteorology, and using emissions (including
anthropogenic and biogenic) as prepared for the operational model configuration. It is
setup to run at an approximately 40 km spatial resolution (T511 reduced Gaussian grid),
with 137 vertical model levels (approximately 60 layers in the lowest 10 km of the
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atmosphere). Model output is then generated at 0.5° resolution or approximately 50 km
spatial resolution. This horizontal model resolution is much less refined than the Sentinel
1-2-3 data (sub-km scale), emission estimates (km scale and finer) and the Sentinel-5p
spatial resolution (3.5x5.5 km at best). This impact the model-observation comparison.

Note that in the Sense4Fire project potential biases due atmospheric processes with
spatial scales smaller than the model grid have been explore. For example, localised sub-
model grid scale non-linear emission plume chemistry may result in changes in
atmospheric composition that differ from direct injection of fire emissions at the native
model resolution, particularly for short-lived trace gases. This is a well-known
phenomenon from for example transport (aviation, shipping, road traffic) but also for
stationary sources such as power plants. Such impacts traditionally have been mitigated
in modelling by applying resolution-dependent correction factors to emission values. IFS-
COMPO model simulations using parameterised sub-grid scale effects that to first order
correct for such processes indicated that for fires in the Amazon region sub-grid
processes had negligible effects on modelled CO and NOyvalues.

To compare Sentinel-5p observations with IFS/CAMS output we consider all relevant
aspects that are required when matching observation data to model data. Only
observations with quality assurance threshold above 0.75 are used, as recommended by
the NO, product user manual. This concerns observations with cloud radiance fraction of
less than 0.5 and excludes retrievals with ground pixels covered with snow/ice, as well as
problematic retrievals. Note that a cloud radiance fraction is not the same as cloud
fraction but depends on the type of cloud (optically thick or thin) and the surface
reflectance (light or dark). To illustrate: for a cloud radiance fraction of 0.5 approximately
translates to a cloud fraction of 50% for optically thick clouds like cumulus and a relatively
dark surface like vegetation or the oceans.

The model fields are interpolated in time to match with local overpass time of TROPOMI.
The collocated model-observation pairs are gridded on a common 0.5x0.5-degree output
field (or different resolution, which is configuration setting), and only written to NetCDF if
a threshold coverage of 50% of the grid cell is reached.

The averaging is done by an area-weighted approach, hence considering the area of the
TROPOMI-pixel that falls within the model grid box (Douros et al., 2023).

44 Preliminary 2019-2023 GFAS IFS-COMPO results

The IFS-COMPO model benchmark simulations using GFAS wildfire emissions have
already been performed for the period 2019-2023. Here we show some first preliminary
results.

Figure 24 shows the time series of the daily total CO mass over Amazonia for the region
80°W-40°W and 20°S-10°N (see Figure 25) for both TROPOMI observations and the
corresponding IFS model simulation using GFAS wildfire emissions.

The results show that IFS does a very credible job in reproducing CO variability on a daily
basis as well as the intra-seasonal variability and the seasonal cycle. There clearly is a bias
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during the peak Amazon fire season from August to October with a peak during
September. This is consistent with Forkel et al. (2025) and de Laat et al. (2026), as
expected.

total mass; Carbon Monoxide ; IFS explD myrs
Region: Amazonia Time period: 2019-2023
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Figure 24: Time series of the daily total carbon monoxide mass over Amazonia for the region 80°W-40°W and
20°S-10°N (displayed in figure X02) for the period 2019-2023. The blue line denotes the total CO mass of IFS-
COMPO GFAS simulation, collocated with TROPOMI CO total column observations. The red line displays the
total CO mass from the TROPOMI CO total column observations themselves. As there can be model grids
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without data due to cloudiness, hence the area total daily CO mass values are weighted with the ratio of model
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Figure 25: Box region over Amazonia (80°W-40°W and 20°S-10°N) for which the time series in Figure 24 are
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Figure 26: As Figure 25 but for the central Africa region in Figure 27.
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Figure 27: Box region over central Africa (12.2°E-39.7° E and 16.3°S-14.0°N) for which the time series in Figure
26 are calculated.

For the Amazon region displayed in Figure 25 the seasonal cycle in total CO mass has a
particular evolution.

During January-April the CO total mass is enhanced, related to wildfires to the north that
peak during these months (Velasquez-Garcia et al., 2026). Some of those emissions are
advected into the domain displayed here. To the south of the displayed domain there are
no CO wildfire emissions during January-April.

During April-June wildfire emissions are limited throughout entire South America, causing
the CO total mass to decrease to its seasonal minimum.

During July wildfire emissions rapidly increase towards their seasonal maximum in
August-September in this region but also south of the region. The CO total mass
correspondingly increases rapidly with a delay due to the CO lifetime and time needed for
CO to accumulate so also in October the CO total mass can still be high.

During November-December the CO total mass decreases again as wildfire activity rapidly
ceases during October.

On a monthly basis the Amazonian fire season biases in observed CO total columns (not
shown) typically are 50-100% larger than modelled with IFS-COMPO but only for the main
fire months August, September and October. There is also a significant interannual
variability in the observation-model biases.

Figure 26 similarly show the total CO mass over the central African region 12.2°E-39.7° E
and 16.3°S-14.0°N. This region also has a particular seasonal evolution of the total CO

mass with essentially two active seasons and two quiescent periods (Jiang et al., 2020;
Sense4Fire ATBDv4 Page 67 of 84



e Cesa

Petetin et al., 2018). This strong seasonality in wildfire activity is driven by rainfall patterns,
with opposite fire seasons north and south of the equator. Northern Central Africa burns
mainly in the dry months of November-February, while southern Central Africa burns
mostly in June-September, reflecting the shift of the Inter-Tropical Convergence Zone
(ITCZ).

Due to a time-lag delay of atmospheric CO in response to fire emissions this pattern shifts
in time. The result for the entire box region in Figure 27 is that the CO total mass is
enhanced from January to March (fires north of the equator), suppressed during April-
June (limited to no fires), then is enhanced again from July to October (fires south of the
equator) and is suppressed again during November-December (limited to no fires).

The IFS-COMPO model simulations follow this pattern but throughout the two main fire
seasons the CO total mass is clearly biased low in GFAS. The two shorter low fire activity
periods are well represented by IFS-COMPO.

On a monthly basis the central African fire season biases in observed CO total columns
(not shown) typically are a factor of 2-3 larger than modelled with IFS-COMPO for the
wildfires south of the equator but for an occasional month the observations can be a
factor 4 larger. North of the equator observed CO total columns are typically 40-60% larger
on a monthly basis. These biases appear to be more consistent between the years
compared to the Amazon region.

5 Appendix: KNMI-S5p B-method

5.1 Introduction

This section introduces a proposal for modifying the 3-method designed to address the
“locality” criterion when applied to long-lived trace gases such as carbon monoxide. This
locality criterion reflects the implicit assumption that variations in the trace-gas burden
within a given model grid cell arise primarily from variations in emissions within that same
cell, with only limited - thus negligible - influence from upwind regions. For long-lived
species, this assumption is violated because transport will introduce substantial non-local
contributions. However, in certain cases it may be possible to mitigate this limitation by
explicitly estimating a “pseudo-influx” term that represents the contribution of
neighbouring grid cells without local emissions. CO variations in nearby grid cells that
have no local emissions should reflect non-local effects on CO. Such an approach thus
would account for non-local transport effects within the 3-framework.

5.2 Inverse modelling of trace gas emissions

Inverse modelling of atmospheric trace gas emissions often apply 4DVar or Ensemble
Kalman Filter assimilation systems. A numerical model simulation of atmospheric
composition is used to implicitly or explicitly determine the complex relationship between
emissions of the trace gas and measurements of that trace gas. Assuming that the
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numerical model simulation takes all relevant process into account, this then allows to
determine what emissions should have been to explain the observations.

Although these approaches are powerful and mathematically sound, they face challenges
related to high computational demands, sensitivity to model imperfections, and
difficulties representing the true complexity of atmospheric processes. These approaches
can struggle with nonlinear chemistry, sparse or indirect observations, and uncertainties
in transport, all of which can distort the inferred emission patterns. They also rely on
assumptions about error statistics and system behaviour that may not hold in real
atmospheric conditions, leading to solutions that are sensitive to tuning choices or prone
to compensating for model biases rather than revealing true emission signals.

5.3 Alternative approach: B-method short lived trace gases NO,/NO,

An alternative approach that has been developed for short-lived nitrogen dioxide (NO.),
tropospheric NO, columns and NO, emissions, is the so-called (B-method. In that
approach an atmospheric chemistry model is run with baseline emissions and with
perturbed emissions (typically +20%) to estimate the local sensitivity of the modelled
tropospheric column to changes in emissions. It offers a set of practical advantages
because it avoids the heavy machinery of full inverse-modelling systems and instead uses
a simple, observation-driven sensitivity relationship between tropospheric NO, columns
and NO, emissions. It reduces the uncertainty by aggregating many fires and avoids the
need for adjoints or ensembles. It is computationally lighter, easy to implement, and
robust in regions where localised single source types dominate emissions - like wildfires.
It thus works well for wildfire NO, emissions as the short lifetime of atmospheric NO,
ensures that the sensitivity relationship between NO, columns and NO, emissions is
primarily a local relationship that holds within the bounds of a model grid cell. This is the
so-called “locality” criterion.

5.4 Limitations of the B-method for long lived trace gases and possible
modifications

For long-lived species such as carbon monoxide (CO), whose atmospheric lifetime ranges
from one to several months, the assumption of locality breaks down. CO at any location
is also strongly influenced by long-range and even intercontinental transport and regional
background concentrations. This means that local CO levels are determined by local
emissions but also other non-local processes. Hence why application of the B-method has
been limited to satellite measurements of NO, and NO, emissions.

However, it might be possible to modify the B-method such that it may be applicable for
CO emissions from wildfires. TROPOMI observations of wildfire CO clearly reveal emission
plumes extending away from wildfires, which morphologically are to first order rather
similar to NO, emission plumes extending away from wildfires. Although the evaluation
of the wildfire emission plumes of both differ - NO, dilutes and is photochemically
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destroyed whereas CO is only diluted - the similarities suggest that to first order also for
CO thereis a local relationship between the wildfire emissions and the measured CO total
column. CO enhancements due to fires are clearly identifiable above the local background
CO level. The complexity comes from accounting for whatever determines that local
background CO level.

Although as described above the locality assumption needed for applying the B-method
breaks down for CO, it is a trace gas with simple atmospheric chemistry whose
concentrations are determined either by direct emissions, atmospheric reaction with OH
to form CO,, long range transport and oxidation of methane and non-methane
hydrocarbons. Most of these processes can be (reasonably) well simulated with
atmospheric chemistry modelling.

5.5 The standard B-Method

The classical B-method relies on establishing a local sensitivity the modelled tropospheric
column Cy to local emissions E,. The term “local” in a modelling context refers to the
model grid: how does tropospheric column C, in a model grid cell change due to emission
E, in the same model grid cell. In practice this is established by performing two model
simulations:

e Baseline emissions: E,°
e Perturbed emissions: E,! = «a - E,°, typically with a=1.2

The local sensitivity factor 3 is then approximated as:

_ (Cxl - CXO)
(B - ED)

This formulation assumes:

e Linear chemistry
e Locality of response
e Short atmospheric lifetime

This works well under the assumption that all atmospheric chemistry processes are linear
and that the local amount of a trace gas column value only depends on the local
emissions. Typically, short lived trace gases like NO, meet this criterion.

5.6 Limitations of the B-method for CO

For CO, several assumptions underlying the B-method are violated:

e (O has a long lifetime (1-3 months), allowing long-range transport
e CO chemistry interacts with OH, introducing nonlinearities
e Columns at a given location reflect emissions from a wide region
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e Columns at a given location reflect production from atmospheric oxidation
processes

Thus, the local model column can be expressed as:
Cy = Cy(loc) + Ci(infl)
where:

e C.(loc) is the contribution from local emissions
e Cy(infl) is the non-local contribution from transported CO of atmospheric
oxidation processes (“pseudo influx”)

The local CO tropospheric columns thus not only depend on local emissions but also on
emissions - or other processes leading to CO production like atmospheric oxidation - from
a (large) surrounding area that flow into a model grid cell, the so-called “pseudo influx”).

5.7 Proposed Modification: Incorporating a Pseudo-Influx Term
5.7.1 Conceptual Basis

The proposed method estimates the transported component C,(infl) by examining
nearby grid cells that have zero local CO emissions. Any CO present in such cells must
originate from transport and/or non-local atmospheric oxidation Processes.

Let:

e N, be the set of neighbouring grid cells around grid cell x
e N,° be the subset with zero emissions

Then the pseudo influx for grid cell x is estimated as:
Cx(infl) = stat (Cy |y € N,°)

where “stat” may be the mean, median, or another robust statistic from neighbouring grid
cells that have no emissions (N,%). What passes as a “neighbouring” grid cell is to be
determined, but preferably results should to first order be insensitive (“robust”) to the
exact definition of “neighbouring”.

5.7.2 Extracting the Local Contribution

For each simulation (baseline = 0 and perturbed = 1), the local contribution is:

Cy(loc)®

C0 — Cyi(infl)°

Cy(loc)! = C,! — Cy(infl)?
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5.7.3 Corrected Local B-Factor

A corrected sensitivity factor is then defined as:

(Cx(oc)' — C4(loc)®)
B (loc) = (E! — E,0)

5.7.4 Emission Update Formula

Given a satellite-observed column C(sat), emissions may be updated as:

(Cx (Sat) - CXO)

Ey(new) = E,° + B (lo0)

or, if correcting only the local component:

(C,(sat) — Cy(inf))° — C4(loc)?)
B (loc)

Ey(new) = E,° +

5.8 Discussion of Limitations and Caveats
The uploaded document highlights several important limitations of this approach.
5.8.1 Transport Anisotropy

Transport into a zero-emission cell may not reflect transport into a nearby emitting cell
due to:

e Wind direction

e Synoptic variability
e Vertical mixing

e Convection

Thus, the pseudo influx estimate may not be spatially transferable.
5.8.2 Chemical Coupling
CO influences OH, and OH controls CO lifetime. Therefore:

e Local emission perturbations can alter regional chemistry.
e The transported component may not scale linearly with emissions.

This violates the linearity assumption of the B-method.
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5.8.3 Zero Emission Cells Are Not Chemically Passive

Even without emissions, such cells may differ in:

e OH concentration

e Boundary layer height

e Vertical mixing

e CO production due to oxidation of methane or non-methane hydrocarbons

Thus, CO levels in zero emission grid cells may not be representative of only transported
CO into emitting cells.

5.8.4 A.5.4 Large Spatial Influence

CO columns integrate emissions over:

e Hundreds to thousands of kilometres
e Weeks to months

A local pseudo influx estimate may miss contributions from distant sources.
5.8.5 Practical Usefulness

The proposed modified B-method may function only as a heuristic:

e It may reduce overcorrections.
e It may partially account for regional background.
e It cannot fully resolve nonlocal sensitivities.

More robust alternatives include adjoint models, ensemble perturbations, and 4DVar or
Ensemble Kalman Filter assimilation systems.

5.9 Conclusion

The proposed modification of the B-method introduces a pseudo influx term to
approximate non-local contributions to CO columns. This approach is conceptually
appealing and computationally inexpensive, relying only on information already present
in the model fields. However, significant limitations may arise from transport anisotropy,
chemical coupling, the long lifetime of CO and local CO production due to oxidation of
methane or non-methane hydrocarbons. As such, the method should be primarily viewed
and be used as a first order approximate correction of the CO emissions that have been
used. Validation against more rigorous sensitivity analysis frameworks could provide
more insight in the realism of the method.
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