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Highlights

What are the main findings?

• Pre-fire soil moisture (SM) and vegetation optical depth (VOD) trajectories show strong
regional contrasts across Africa: The Southern Sahel exhibits wetter-than-average
conditions months before fires, while Southern Africa undergoes continuous drying;
sparsely vegetated regions show multi-year water and biomass build-up, whereas
high-biomass areas dry only shortly before ignition.

• Wildfire accelerates post-fire soil moisture loss and enhances vegetation water recovery
under comparable initial conditions, indicating that fire modifies the dynamic coupling
between soil and vegetation water during dry-down periods.

What are the implications of the main findings?

• Regional differences in pre-fire SM and VOD trajectories reflect distinct fire regimes,
with fuel limitation dominating in drier regions and moisture limitation in humid areas,
highlighting implications for region-specific fire risk assessment and management
across Africa.

• The fire-induced shift in soil–vegetation water coupling points to transient changes
in ecohydrological functioning that should be considered in land surface models and
post-fire ecosystem recovery assessments.

Abstract

Wildfires are a major factor influencing vegetation dynamics and biogeochemical cycles.
Soil moisture (SM) and vegetation optical depth (VOD) control fuel availability and flamma-
bility, but their interactions and feedbacks with wildfire dynamics on large spatial scales
remain insufficiently understood. To investigate soil and vegetation water dynamics in the
vicinity of wildfires, we employ a multi-sensor remote sensing approach that combines
long-term (2000–2020) microwave-based SM and VOD data with optical fire observations
across Africa. In addition to characterizing regional SM and VOD anomaly patterns in
the vicinity of fire activity, this study also examines whether wildfire alters the coupling
between SM and VOD dynamics during dry-down periods—an aspect that has not yet
been addressed at the continental scale. Our results reveal strong regional differences
in pre-fire trajectories: in the Southern Sahel, both variables exhibit positive anomalies
5–6 months before a fire, indicating above-average conditions associated with vegetation
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growth, whereas Southern Africa exhibits a continuous decline prior to the fire. Across
varying land cover classes, regions with sparse vegetation show a multi-year increase
in SM and VOD prior to fires, while areas with high biomass do not exhibit long-term
fuel accumulation. Our post-fire analysis reveals an accelerated loss of SM and enhanced
recovery of VOD during comparable initial conditions. These results demonstrate that
wildfires not only alter the soil and vegetation water states but also modify the coupling
between SM and VOD during dry-down periods. The drying of SM and the gain of VOD
following a fire are accelerated, indicating intensified water exchange between the soil
and vegetation, as well as likely faster SM uptake by post-fire vegetation. This leads to
temporary shifts in the ecohydrological functioning of African ecosystems.

Keywords: soil moisture (SM); vegetation optical depth (VOD); wildfire; VODCA; ESA
Climate Change Initiative; MOSEV burn severity database

1. Introduction
Wildfire is a phenomenon with significant ecological impacts that rapidly alter vegeta-

tion composition, structure, and other environmental factors over large spatial scales [1–4].
Fire activity is influenced by characteristics of the affected ecosystems, creating a complex
interplay in which the frequency and intensity of fires depend on both climatic conditions
and the amount, structure, and properties of the available fuel [5,6]. While wildfires are
essential for maintaining ecological balance and nutrient cycling in many biomes [7–9],
global warming and population growth could amplify the effects of wildfire and disrupt
this balance. This could lead to larger and more severe fires that pose a significant threat to
ecosystems [10–13].

Satellite observations suggest that the total area of burned land in large parts of Africa,
particularly in savanna regions, has declined in recent decades [14–16], although the con-
tinent still accounts for the largest share of global burned areas [17,18]. In contrast, fire
activity has increased in parts of tropical Africa, including the forested regions of the Congo
Basin, likely due to land-use changes and increasing climatic stress [19]. Furthermore,
weather conditions conducive to fires have intensified in parts of southern Africa, particu-
larly toward the end of the dry season, suggesting a growing potential for severe fire events,
while anthropogenic climate change has extended the duration of the fire season in many
regions, a trend that is projected to continue in the future [20,21]. Together, these regionally
contrasting trends underscore the need to better understand interactions between wildfire
activity and ecosystem processes [21,22].

Key variables such as SM and VOD have been identified as crucial for assessing
and predicting wildfire risk. SM is essential for understanding drought conditions and
susceptibility to wildfire [23,24]. VOD is a parameter based on microwave remote sensing
that serves as an integrated indicator of vegetation water content and structure, with its
sensitivity varying depending on the biome and frequency band [25]. Vegetation water
content is directly linked to live fuel moisture content and therefore relevant for predicting
the occurrence and spread of wildfire [25,26]. VOD is a parameter based on microwave
remote sensing that serves as an integrated indicator of vegetation water content and
structure, with its sensitivity varying depending on the biome and frequency band [25]. In
this study, X-band VOD is used as a proxy for VWC, considering the known frequency-
dependent limitations, particularly in regions with high biomass such as tropical rainforests,
which are masked in the ESA CCI SM product and therefore excluded from the analysis.
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Africa, often referred to as the ‘fire continent’, where sub-Saharan Africa accounts for
approximately 70% of the total area burned worldwide [17,18] is ideally suited for studying
fire characteristics due to widespread and frequent fire activity as well as extensive burned
areas [18,27,28]. The continent’s vast biomes and climatic zones make it a suitable location
for analyzing the interactions between wildfires, SM, and vegetation.

Given the continent’s vast and often inaccessible regions, where no extensive in
situ monitoring networks exist, remote sensing techniques are an indispensable tool for
assessing fire-related factors, such as fuel load or fire severity. Moreover, remote sensing-
based VOD can detect changes in biomass structure and serve as a valuable indicator for
assessing vegetation response after fires [29,30].

From the perspective of microwave remote sensing, the African continent is also a
preferred study area, as there is only a little radio frequency interference (RFI) in most parts
of the continent [31]. RFI can interfere with passive microwave remote sensing and lead to
data loss or a degradation of the SM and VOD data products [31,32].

Previous studies have examined various aspects of the relationship between wildfires
and ecosystems, particularly with regard to how hydrology influences wildfires and how
fire events can shape hydrological responses [22,33,34]. This was often done with a focus on
small spatial scales [35,36] or with attention to vegetation dynamics and plant physiological
response [37]. SM and VOD play a crucial role in predicting wildfires, with SM serving as a
key indicator for analyzing soil water conditions prior to a fire [10,23,24,38–40], assessing
post-fire impacts on soil water repellency [41], and monitoring vegetation recovery [22,42].
Studies focusing on the interaction between SM and vegetation in the context of wildfires
have shown that above-average SM anomalies can lead to fuel build-up, while dry con-
ditions favor the ignition of fires [43,44]. In addition, regional SM conditions prior to the
season influence the size and risk of wildfires [2]. Although it is known that fires affect the
interaction between plants and soil water, the extent and consistency of these effects across
different regions remain insufficiently understood. Therefore, there remains a research
gap in the combined analysis of SM and VOD dynamics in relation to wildfire activity. In
contrast to previous studies, which have focused primarily on anomalies in individual
variables, either SM or VOD [23,43,44], this study explicitly investigates whether wildfire
alters the coupling between SM and VOD—an aspect that has not yet been addressed at the
continental scale. In this study, we use the term ‘coupling’ to refer to the joint dynamics of
SM and VOD during dry-down periods. Specifically, the aim is to analyze how changes in
the SM loss rate affect concurrent VOD responses under comparable initial conditions of SM
and VOD, rather than to derive a formally quantified coupling coefficient. We hypothesize
that wildfires alter these joint dynamics, likely through their effects on vegetation cover,
composition, and ecohydrological functioning.

This study provides a comprehensive analysis of the relationship between SM, VOD,
and wildfire events over a period of nearly 20 years, focusing on the entire African continent
to better understand how wildfires affect the interactions between soil water and vegetation.
The objective is to investigate how geographical and climatic differences influence fire
dynamics and post-fire ecological responses. Using remotely sensed SM and VOD values as
indicators of VWC and biomass, we assess fire-induced changes across various land cover
classes and examine whether these responses scale with fire size. In addition to anomaly
analyses, we examine the relative trajectories of VOD and SM during SM dry-down periods
associated with fire events and their potential impacts on changes in ecohydrology within
post-fire systems.
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2. Materials and Methods
This section summarizes the study area, datasets, and analytical methods used in

this study.

2.1. Study Area

Africa is characterized by its extensive latitudinal and longitudinal range, cou-
pled with its significant climate variability—including frequent droughts and sudden
floods—contributing to diverse fire regimes and vegetation types (see Figure 1). This eco-
logical and climatic diversity qualifies it as an ideal region to investigate the interactions
between SM, VOD and fire activity. Africa’s unique geographical alignment with the equa-
tor results in a distinctive arrangement of tropical climate zones and latitudinal vegetation
belts, ranging from the humid tropics near the equator to the hyper-arid regions like the
Sahara Desert in the North or the Kalahari and Namib Desert in the South (see Figure 1).
The continent experiences distinct wet and dry seasons, with weather patterns influenced
by the longitudinal movement of the Intertropical Convergence Zone (ITCZ), monsoonal
systems, such as the West African Monsoon and regional atmospheric circulation patterns
such as the Azores High and Indian Ocean Dipole [45–47]. Central Africa and portions
of the West African coastal regions belong to the perpetually humid inner tropics with a
tropical rainy climate characterized by heavy rainfall and a very short or even absent dry
season. Further north or south from the equator, the regions transition into the marginal
tropics, which are characterized by both tropical summer-humid climates and alternat-
ing wet and dry tropical climates with varying lengths of dry periods and characteristic
savannah climates. In the transitional zone between the closed rainforest belt and the
seasonally alternating outer tropics, moist savannas as well as gallery forests replace the
continuous/primary rainforest [45–47]. Moving poleward, a transition to semi-arid and
arid subtropical climates in the Sahelian-Saharan region in the North and the arid regions
of Southern Africa can be found [45,46].

 

Figure 1. IGBP land cover classification (including only the dominant land cover types) across Africa.

Regarding vegetation, Africa encompasses a wide range of different land cover classes
(see Figure 1). The most extensive classes include Savanna, Woody Savanna, and Grass-
land. These ecosystems dominate much of the continent, with grasslands being heavily
influenced by agricultural expansion and human-induced land use changes [48–52]. Ac-
cording to the IGBP land cover classification [53,54], Open Shrublands are primarily found
in arid and semi-arid regions, e.g., in parts of the Horn of Africa and Southern Africa.
Cropland/Natural Vegetation Mosaic is concentrated in West Africa, the Nile basin and
other agriculturally productive areas where human-induced land use change is intense. In
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addition, Evergreen Broadleaf Forests are found mainly in the Congo Basin, where they
form the largest continuous tropical rainforest in Africa, while Barren or Sparsely Vegetated
areas predominate in the northernmost part of the continent, corresponding to the vast
extent of the Sahara Desert.

Concerning fire regimes, Africa presents a unique opportunity to explore the extensive
and varied fire-induced dynamics. The continent has an extensive history of large fires,
contributing to a significant number of annual fire-related disasters [28,55]. Changing fire
regimes have led to an increasing number of wildfires in tropical regions [1,56]. Seasonal
shifts in precipitation and the warming climate influence fire fuel characteristics by affecting
vegetation moisture content and growth, changing fire behavior and frequency across the
continent [57]. Besides these natural drivers, the human impact on fire ignitions plays a
crucial role in Africa’s wildfires, since the majority of fires in recent decades are caused by
humans, partly accidentally but mostly intentionally for purposes like land management
and clearance, arson, grazing or burning of agricultural waste [58,59]. Natural ignitions
account for only a very small number of total fires [58,60].

2.2. Data
2.2.1. Soil Moisture

We use the ESA Climate Change Initiative (CCI) SM combined product version
06.1 [61–64]. The ESA CCI project provides a global, multi-decadal, satellite-observed
surface SM dataset. The combined product used in this study is based on three active
and ten passive spaceborne sensors (between 1.4 and 19.35 GHz). It has a daily temporal
resolution and a spatial resolution of 0.25◦ [65]. A map of average SM values for the period
2000 to 2020 can be found in Figure 2. In the official ESA CCI dataset, SM values across
tropical rainforests are excluded because estimation in regions with high biomass is difficult
to invert, as the sensitivity of the sensors to SM is reduced by the strong attenuation of
the signal by vegetation density [66]. Therefore, dense vegetation is masked in the ESA
CCI Level 2 products according to VOD thresholds from Dorigo et al. [61] (see Figure 2),
which removes large, forested areas across Africa. CCI SM is combined from both active
and passive microwave retrievals, which likely have different uncertainty characteristics.
Both retrieval types rely on the interaction of microwaves with the soil surface, so there is
higher uncertainty if the signal absorption in the vegetation is higher [67,68]. Around fire
activity, vegetation and soil are seasonally drier, thus likely allowing for a slightly better
signal penetration and relatively lower uncertainty during this time.

Figure 2. Averaged ESA CCI soil moisture (SM) [m3/m3] between 2000 and 2020 (a) and averaged
VODCA vegetation optical depth (VOD) [-] between 2000 and 2018 (b). The masks for both datasets
are based on the original products. SM data for tropical rainforests are excluded in the ESA CCI
product due to sensing difficulties in highly vegetated areas, while VOD data are filtered for open
water bodies but retain values over tropical rainforests.
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2.2.2. Vegetation Optical Depth

VOD is a remote sensing-based metric of the attenuation of microwave radiation in the
vegetation canopy. It is proportional to VWC as well as to the aboveground biomass (AGB)
and is influenced by the density, type, and structural properties of the plants [22,69–72].
Shorter wavelengths (like C- and X-band) exhibit greater attenuation, whereas longer
wavelengths (like L-band) penetrate through the vegetation layers more easily [73]. Con-
sequently, VOD estimates from longer wavelengths primarily capture characteristics of
larger vegetation structures, such as stems, while those from shorter wavelengths are more
sensitive to the properties of smaller canopy constituents, such as leaves [25,72,74]. There-
fore, X-band VOD tends to saturate in areas with high biomass such as tropical rainforests
because of the lower penetration depth [75,76]. For this study, VOD X-band values were
obtained from the VOD Climate Archive (VODCA) version 1 [72,77], which is a long-term
harmonized VOD product based on the brightness temperatures of multiple space-borne
microwave sensors (between 10.65 and 10.7 GHz), which were combined into one dataset
with 0.25◦ spatial resolution for the period from 1997 to 2018 [72]. A map of average VOD
values for the period 2000 to 2018, filtered for open water bodies, can be found in Figure 2.
While the VODCA merging approach successfully reduces random errors compared to indi-
vidual input datasets, combining multiple sensors introduces uncertainties from systematic
differences between sensors, such as biases and differences in spatial resolution [69]. These
inherent uncertainties should be considered when interpreting long-term VOD dynamics,
though the long-term harmonization of VODCA makes it the most suitable product for the
20-year continental-scale analysis conducted in this study.

2.2.3. Fire Detection

We used the MODIS burn severity (MOSEV) database to identify fire events and their
corresponding burn dates [78]. Only pixels that experienced a fire event sufficiently large
to affect ESA CCI pixels during the study period were considered in the analysis. MOSEV
burn severity is available in monthly observations from the year 2000 onwards, and reports
burned area as well as burn severity. The detection algorithm uses 8-day composites of
MODIS Terra MOD09A1 and Aqua MYD09A1 surface reflectance to create a time series of
the Normalized Burn Ratio (NBR) index, after applying cloud and snow masks [60]. The
data is organized based on MODIS tiles and has a spatial resolution of 500 m. The temporal
resolution of the burn dates is limited by the MODIS revisit time, but is still more than
sufficient to analyze pre- and post- fire trajectories of soil and vegetation water status [78].

Validation of the MOSEV burn severity database conducted by Alonso-González &
Fernández-García [78] was done using Landsat-8 30 m burn severity data from various
sites across the globe, demonstrating a high correlation with a coefficient of determination
around 0.70. Due to the 500 m spatial resolution, the product might underestimate the
extent of small (<500 m) fires [78].

2.2.4. Land Cover Classification

In this study, we use the 9 km land cover classification from the Soil Moisture Active
Passive (SMAP) mission product portfolio, which is based on the MODIS-IGBP data [53,79].
To ensure comparability with other datasets, the SMAP dataset was resampled to a 0.25◦

(25 km) resolution using bilinear interpolation.

2.3. Methods
2.3.1. Anomalies of Soil Moisture and Vegetation Optical Depth

A large part of our analysis is based on normalized anomalies of daily time series.
We calculate anomalies as the deviation from the mean, pixelwise for the SM and VOD
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time series. We then normalize anomalies by calculating the Z-scores for each pixel [80].
By normalizing anomalies relative to each pixel’s own long-term climatological mean,
large-scale seasonal signals such as monsoon dynamics are largely reduced. However,
since fires in Africa are strongly coupled to the wet-dry season rhythm, remaining seasonal
signals may still be present in the anomaly patterns. Furthermore, aggregating over a
20-year study period covering many individual fire events across different years reduces
the influence of interannual climate variability on the results. Normalized anomalies are
aggregated in two different ways. First, to analyze the spatial distribution of SM and VOD
anomalies across the entire study region, the anomalies were averaged to 30-day (monthly)
means per pixel and presented as maps at the continental level for six months before and
after a fire event. This approach provides an overview of large-scale regional patterns but
does not account for differences in land cover or ecosystems.

To assess whether the observed differences in SM and VOD anomaly patterns between
regions north and south of the equator are statistically significant, a two-sided Wilcoxon
rank-sum test was applied for each monthly time step from six months pre-fire to six
months post-fire. The test evaluates the null hypothesis that the two independent samples
are drawn from continuous distributions with equal medians, against the alternative that
their medians differ significantly.

Second, to account for these differences, the anomalies are additionally classified
according to IGBP land cover classes and aggregated into weekly averages across all
pixels within each class for six months before and after a fire event. It should be noted
that data points beyond 1.5 times the interquartile range (IQR) are excluded from the
visual representation of the boxplots for readability purposes only and are retained in
all underlying analyses. To determine whether multi-year changes in SM and VOD are
apparent, and if a long-term recovery of the variables occurs, we also analyze a period of
three years before and after a fire event at monthly time scales as shown in Appendix A
of this paper. The observation periods for SM and VOD are slightly different due to the
VODCA product being shorter. Note that SM data spans from 2000 to 2020, while VOD
data covers 2000 to 2018. Since all analyses are based on long-term anomalies relative to a
climatological mean, this two-year difference does not affect the comparability of results.

2.3.2. Fire Detection at ESA CCI Pixel Scale

The fire detection for each ESA CCI pixel (spatial resolution of 0.25◦) is based on the
MOSEV burn severity database (spatial resolution of 500 m, see Section 2.2.3). MOSEV
is used to detect fire events and the respective burn date. Only ESA CCI and VODCA
pixels that were affected by sufficiently large fire events are considered in this study. To
ensure spatial consistency, only pixels with valid observations in both SM and VOD are
included in all analyses. To define a fire event, we set a threshold of at least 100 MOSEV
fire detections within an ESA CCI pixel within 60 days. 100 MOSEV fire detections are only
a small area for one ESA CCI pixel, but we detect many fires with a much higher number
of burned MOSEV pixels per ESA CCI pixel. In total, 13,508 ESA CCI/VODCA pixels are
considered as ‘burned’ between 2000 and 2020. 75.8% of the pixels burned during this
period experienced more than one fire event.

It is important to note that all pre- and post-fire analyses are conducted relative to
individual fire events rather than as simple time series. On the basis of the burn date,
derived from MOSEV, the distance between a respective SM or VOD observation and the
temporally closest fire before and after the observation was calculated in days, always
considering only the shortest distance between a fire and a SM or VOD observation. The
resulting distances then allow for analyzing all SM and VOD data over the study period
relative to their distance to a fire event. If an ESA CCI/VODCA pixel burned multiple
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times in the study period, the minimum distance to the closest fire event was chosen to
classify a SM or VOD observation as pre- or post-fire.

As the MOSEV burn severity database has a much higher spatial resolution (500 m)
than the 0.25◦ ESA CCI/VODCA datasets, the number of burned MOSEV pixels inside a
0.25◦ pixel can provide information about the size of a fire and therefore also its impact
up to a certain point, assuming that bigger fires have larger impacts on ESA CCI/VODCA
pixels. One ESA CCI/VODCA pixel covers approximately 3000 MOSEV pixels.

Figure 3 shows the impact of the fire size (derived from the number of burned MOSEV
pixels inside an ESA CCI/VODCA pixel) based on the difference in normalized VOD
anomalies before and after a fire event. The results show more negative VOD anomalies
with an increasing number of fire-affected MOSEV pixels. These results confirm that fires
need to be of a certain size to have a clear impact on VOD and likely also affect SM. Hence,
analyses were only performed on large fire events, which burned at least 1000 MOSEV
pixels inside a 0.25◦ ESA CCI/VODCA pixel (roughly one third of an ESA CCI/VODCA
pixel). Nevertheless, there is a large amount of variability in the pre- to post-fire VOD
change, largest for ESA CCI pixels with medium-sized fires. This suggests that there might
be other factors, such as fire type or the timing of the fire relative to the season, that can
lead to varying pre- to post-fire VOD change. The high variability in VOD response for
medium-size fires likely reflects the heterogeneity in how fire affects individual pixels at
intermediate burn extents, where the fraction and location of burned area within a coarse
pixel may vary considerably.

Figure 3. Difference in normalized vegetation optical depth (VOD) anomalies [-] (post-fire minus
pre-fire) relative to the number (percentages) of burned MOSEV pixels inside an ESA CCI/VODCA
pixel. Negative values indicate a decrease in VOD anomalies following fire. Outliers beyond 1.5 times
the IQR were excluded.

2.3.3. Time Derivatives of Soil Moisture and Vegetation Optical Depth

We also analyze SM and VOD dry-down dynamics before and after fires. The analysis
is based on a temporal comparison of SM loss rates and VOD change rates within the same
burned pixels in three different time periods. For that, we calculate the SM and VOD rates
of change over time, ∆SM

∆t and ∆VOD
∆t . A dry-down is defined as a series of decreasing SM

for at least four consecutive observations [81,82]. As net water loss dominates during this
period, with any rainfall insufficient to reverse the decreasing SM trend, ∆SM

∆t is always
negative, describing a loss in SM [81–83]. The VOD rate of change ∆VOD

∆t , on the other
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hand, can be positive, indicating vegetation growth or plant water uptake, or negative
through drying or wilting. SM and VOD rates of change depend on the underlying SM
conditions as they are indicative of the available water supply [78]. In general, SM changes
over time are influenced by infiltration of water into the soil as well as by loss through
evapotranspiration and drainage. These processes create a coupling between VOD and
SM, where SM needs to be extracted from the soil to maintain evapotranspiration and leaf
turgor, which in turn is necessary for plant growth.

After defining dry-downs in the study period, the SM and VOD values were obtained
every day during a dry-down period to calculate the SM loss rate as well as the VOD rate
of change. We then compare three different 30-day periods post-fire (0–30 days, 30–60 days,
60–90 days), with the respective 30-day periods in the pre-fire year with no fire occurrence.
By comparing post-fire conditions with the same period in the pre-fire year, we limit the
effect of seasonality on our results. We bin rates of change ∆SM

∆t and ∆VOD
∆t into a grid of SM

and VOD conditions [31]. This approach enables us to compare similar pre- and post-fire
states, as only the same SM and VOD conditions are compared.

3. Results
In this section, we first present the controls of SM and VOD on fire activity across

Africa (see Section 3.1), followed by analyzing SM and VOD anomalies for different land
cover classes over time (see Section 3.2), as well as, lastly, variations in SM loss rates and
VOD change rates (see Section 3.3).

3.1. Controls of Soil Moisture and Vegetation Optical Depth on Fire Activity Across Africa

Figure 4 shows monthly averaged normalized SM anomalies across sub-Saharan
Africa up to six months before and after a fire event across Africa. At six months pre-fire,
SM anomalies are positive across most of the study area, suggesting wetter-than-average
SM conditions. The highest positive anomalies occur in the south-west of Africa. Slightly
negative SM anomalies are only visible in a narrow strip in the Sahel at the transition zone
to the Sahara (~10◦N). Getting temporally closer to a fire event, anomalies in this northern
region become more positive up until two months pre-fire, when most anomalies shift to
negative values. In contrast, the SM anomalies in Southern Africa become negative earlier,
already at 3–4 months pre-fire, which then continue to drop up until the fire event. There
is a noticeable difference between the Northern and Southern hemispheres, as Southern
Africa shows a longer pre-fire drying, while the Sahel in Northern Africa first becomes
wetter and drying only commences shortly before the fire event.

In the first month after fires, very negative SM anomalies occur across the entire
African continent. Especially in the Sahel, we find very negative SM anomalies. Post-fire, it
stands out that in the southern parts of Africa the normalized SM anomaly shows values
around zero or positive anomalies very quickly, i.e., two months after fire. Three months
post-fire, there are already large areas in the south-east showing high positive values,
whereas large regions with positive anomalies are shown in the Sahel zone slightly later,
roughly four months post-fire. Six months post-fire indicates predominantly the same
pattern compared to the initial map six months before the fire event. It can be summarized
that the SM recovery after a fire event proceeds faster in the southern parts than in the
northern parts of Africa, which is also linked to the overall relative duration of the dry and
wet seasons.

Additionally, the Sahel region in the North exhibits a higher overall variability, with
extensive anomalies in SM, featuring large regions wetter than average and even more
pronounced areas that are drier than average, whereas the southern regions exhibit a less
pronounced change over the span of the observed period.

https://doi.org/10.3390/rs18162741

https://doi.org/10.3390/rs18162741


Remote Sens. 2026, 18, 2741 10 of 28

Figure 4. Normalized monthly averaged soil moisture (SM) anomalies [m3/m3] across the study
region, calculated up to six months before (a) and after (b) a fire event (including only large fires with
>1000 burned MOSEV pixels per 0.25◦ pixel).

A Wilcoxon rank-sum test confirms that the observed differences in SM anomaly
patterns between regions north and south of the equator are statistically significant at
almost all time steps (p < 0.001), with the exception of five months pre-fire (p = 0.025),
indicating that the contrasting pre- and post-fire SM trajectories between the Northern and
Southern Hemisphere are unlikely to be driven by chance.

Figure 5 displays normalized monthly mean VOD anomalies up to six months pre- and
post-fire, illustrating mainly changes in VWC around fire events. In general, similar patterns
compared to the changes in SM anomalies in Figure 4 can be observed, with the difference
that VOD responds delayed relative to SM anomalies as growth and water uptake, or
wilting takes some time (due to various plant water supply or preservation strategies) to
follow after positive/negative SM anomalies. VOD is experiencing positive anomalies in
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the study region north of the equator, indicating plant-water uptake or vegetation build-up
up until two months before a fire event, with nearly no drying of vegetation.

Figure 5. Normalized monthly average vegetation optical depth (VOD) [-] anomalies across the study
region, calculated up to six months before (a) and after (b) a fire event (including only large fires,
with >1000 burned MOSEV pixels per 0.25◦ pixel).

The overall picture in the month before a fire event still shows mostly positive anoma-
lies north of the equator. This is most pronounced in the most northern observed pixels at
the border to the Sahara, starting with relatively negative anomalies six months pre-fire but
also developing into an area with the highest observed VOD anomalies during the time of
two months and, for some regions, even one month pre-fire. Looking at Southern Africa,
there is, as already observed partly by the SM anomalies, a difference between the regions
dominated by Woody Savannas located closer to the equator and the very southern region
of Africa with Savannas and Open Shrublands (see Figure 1) as dominant land cover types.
Southern Africa experiences a continuous decrease in VOD anomalies, whereas closer to
the equator there is not much change at all, except for the occurrence of negative anomalies
in the month before a fire. This stands out in comparison to the SM anomalies that reveal a
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distinct drying over the same period, which implies that the Woody Savannas react less to
SM changes than the sparser vegetation in the southern regions.

Post-fire VOD anomalies show strong negative values, due to the disturbance caused
by wildfire. The recovery of vegetation in the study area progresses faster in Southern
Africa, which is in line with the SM results but again with a delayed response. While SM
already shows distinct rewetting in the second month after a fire, VOD anomalies are still
mostly negative at the same time. In addition, for the post-fire VOD anomalies, it becomes
clear that large fires cause severe vegetation loss, indicated by negative anomalies across all
of Africa. Negative anomalies persist up to three months post-fire in the northern regions
until they slowly transition back to 6 months pre-fire conditions and ultimately small
positive changes in the fifth and sixth months after the fire event. It should be noted that
the observed SM and VOD anomaly patterns may be partially influenced by the natural
seasonal cycle, as fires in Africa are strongly coupled to the wet-dry season rhythm. No
adjustment was made for regional differences in monsoon timing, and the persistence of
seasonal signals in the anomaly patterns is therefore expected.

For VOD, differences are significant at all time steps (p < 0.001), with the notable
exception of one month post-fire, where both hemispheres show comparable negative
VOD anomalies of similar magnitude (North: −1.07, South: −1.06, p = 0.164), indicating
that the immediate vegetation response to fire is consistent across regions regardless of
pre-fire conditions.

3.2. Soil Moisture and Vegetation Optical Depth Anomalies Across Land Cover Classes

Figure 6 shows weekly SM anomalies for different land cover classes during six
months before and after fire. Classes with lower biomass such as Open Shrubland and
Barren show a slow but continuous decline in SM anomalies prior to fire as well as a small
increase post-fire, barely returning to the comparatively low pre-fire levels at the end of
the observation period six months after the fire. For Open Shrublands, this pre-fire decline
spans the entire 24-week window, from 0.98 (median of normalized anomalies) down to
−0.69 at the fire event. By contrast, in Woody Savanna, Evergreen Broadleaf Forest and
Savanna classes, SM anomalies are stable in the months before a fire at median values of
around +0.6 to 0.8 at −24 weeks and only start to decline shortly before the event. This
decline begins around 5 weeks pre-fire in Woody Savannas, around 3 weeks pre-fire in
Evergreen Broadleaf Forest, and around 2 weeks pre-fire in Savannas, and reaches median
values of about −0.7, −0.4 and −0.2 at the fire week, respectively.

Around the fire timing, SM anomalies drop substantially for nearly all classes, the
most for the class Croplands/Natural Vegetation Mosaic where the median declines by
−1.17 from 0.18 to −0.99. Only the SM anomalies in the Open Shrubland class remain at a
similar level, with a change in the normalized median by −0.10 from −0.69 to −0.79.

Looking at the recovery of SM post-fire, all classes exhibit a continuous increase,
eventually returning and exceeding the long-term mean (anomaly of zero), earliest in the
classes Barren (+9 weeks) and Woody Savannas (+11 weeks) and latest for Grasslands (at
+20 weeks). Apart from that, it is noticeable that the high-biomass classes (e.g., Woody
Savannas, Evergreen Broadleaf Forest) approach their pre-fire anomaly distribution by the
end of the observed post-fire period at +24 weeks. In contrast, low-biomass classes such as
Open Shrublands or Barren remain shifted towards negative anomalies even when their
median crosses zero, meaning that a considerable part of the pixels has still not recovered
to pre-fire conditions within the 6-month post-fire window.

When observing SM anomalies for different land cover classes over a longer period of
3 years (see Figure A1), high-biomass classes such as Woody Savannas, Evergreen Broadleaf
Forest or Savannas exhibit less variation throughout the year. Their anomalies remain
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relatively stable or show only a modest rise following a positive shift—likely associated
with the start of the wet season—before gradually declining a few months later. In contrast,
the drier IGBP classes with sparser vegetation display a slower, continuous upward trend,
peaking about one month before SM anomalies start decreasing again, likely due to the
onset of the dry season.

Figure 6. Change in normalized weekly mean soil moisture (SM) [m3/m3] anomalies for most
frequent IGBP classes (see Figure 1) over the span of six months from pre- to post-fire. Red vertical
lines indicate the fire event. n gives the number of observations per IGBP class. Outliers beyond
1.5 times the IQR were excluded. Classes are colored and organized by biomass amount derived from
mean vegetation optical depth (VOD) values.

Looking at the average weekly VOD anomalies in Figure 7, VOD anomalies are posi-
tive and increase right up until a few weeks before the fire event for high-biomass classes.
Cropland/Natural Vegetation Mosaic shows the highest median of VOD anomalies of 1.47
at −3 weeks, together with Evergreen Broadleaf Forest at a median of 1.27. In contrast, the
low-biomass classes show a longer pre-fire decline: Open Shrubland peaks much earlier at
+1.63 (−23), and Barren at +1.88 (−24), then both trend downward toward the fire.

Anomalies for the Barren class are likely affected by the low sample size. Still, Barren
and Open Shrublands show similar VOD anomaly patterns with a continuous pre-fire
decrease over all months. The most pronounced change in median VOD anomaly from
+1.18 to −0.61 around a fire event is seen for the class Cropland/Natural Vegetation Mosaic.
The smallest fire-caused changes occur in the fuel-limited classes: Open Shrubland −0.32
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(−0.37 to −0.70) and Barren −0.57 (+0.25 to −0.32), as seen with SM and consistent with
these systems already being dry and structurally sparse at the time of burning. Post-fire,
VOD recovery is delayed relative to SM but follows the same qualitative ordering. Until
around 12 weeks after a fire event, medians remain below zero for most classes. In general,
higher-biomass classes (e.g., Woody Savannas, Evergreen Broadleaf Forest) return to zero
anomaly within ~4–5 months after fire, whereas low-biomass or fuel-limited classes require
longer or do not recover fully within the 6-month period.

Figure 7. Change in normalized weekly mean vegetation optical depth (VOD) [-] anomalies for most
frequent IGBP classes (see Figure 1) over the span of six months from pre- to post-fire. Red vertical
lines indicate the fire event. n gives the number of observations per IGBP class. Outliers beyond
1.5 times the IQR were excluded. Classes are colored and organized by biomass amount derived from
mean vegetation optical depth (VOD) values.

When analyzing multi-year normalized VOD anomalies up to three years before and
after a fire (see Figure A2), it is evident that VOD anomalies report greater variability with a
more pronounced peak compared to the multi-year analysis of SM. This variability follows
a yearly cycle driven by seasonal changes around two to four months before the fire event
in most classes. In dry, fuel-limited classes such as Open Shrubland or Barren, a multi-year
fuel build-up can be recognized by the upward trend of maximum values of normalized
VOD anomalies. This effect is weaker or not visible in moisture-limited ecosystems like
Woody Savannas or Savannas, showing rather a more stable trend of maximum values
with even a slight decrease instead of a distinct pre-fire peak. Post-fire, VOD anomalies
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are very negative and then enter a recovery phase. The post-fire peak in VOD anomalies
generally occurs between six and nine months after the fire, aligning with the subsequent
wet season. In Open Shrubland and Barren classes, pre-fire drying is evident for several
months, and their post-fire recovery exceeds the six-month post-fire period and follows a
less pronounced upward trend compared to more vegetated classes. The alignment of these
peaks with seasonal moisture availability suggests that vegetation response lags behind
SM changes, with drier regions exhibiting faster responses due to more pronounced pulse
response behavior.

3.3. Fire Modulates the Coupling Between SM and VOD Dynamics

In this section, we investigate pre- and post-fire SM and VOD dynamics (rates of
change) ∆SM

∆t and ∆VOD
∆t for all detected fires across a space of SM and VOD conditions.

Figure 8 shows the average SM loss during dry-down periods in Africa, analyzed for the
three different time intervals 0–30 days, 30–60 days, and 60–90 days after a fire compared
to the same period pre-fire (where no fire happened). Each time interval panel contains
three subplots. The first two subplots (“Pre-fire” and “Post-fire”) illustrate the SM loss rates
for the respective periods, while the third subplot (labeled “Difference”) shows the change
in SM loss rate between the pre- and the post-fire state. It is important to note that the
SM loss is always negative, as we are looking at dry-downs. The SM loss rate is analyzed
relative to bins of SM conditions on the x-axis as well as bins of VOD conditions on the
y-axis. Binning the data relative to SM and VOD allows us to isolate potential fire effects
on SM and VOD dynamics, as pre- and post-fire dry-down dynamics are only evaluated
across comparable eco-hydrological states (the same SM and VOD). For example, VOD
normally decreases from pre- to post-fire as vegetation further dries out and is damaged or
destroyed by the fire. Thus, at one location, pre- and post-fire conditions are very different
(higher VOD pre-fire), and by binning relative to SM and VOD conditions, we can correct
for these systematic changes.

There is a general dependency of the SM loss rate on the SM conditions which originates
from the soil’s capacity to lose water more rapidly when it is more saturated (see Section 2.3.2
and Figure 8). Therefore, in Figure 8 there is generally a higher SM loss rate at higher SM
conditions where wetter soils lose moisture roughly 2–3 times faster, with loss rates increasing
from about −0.02 to −0.03 up to −0.06 to −0.08 m3/m3/day. In the 0–30 days panel, the
difference plot shows predominantly dark blue areas, especially at higher initial SM values.
Fire accelerates post-fire SM loss under identical initial SM–VOD states, indicating a shift in
ecohydrological functioning rather than simply reflecting differences in soil moisture and
vegetation conditions. As time progresses after the fire event (from 0 to 30 days to 60–90 days),
the difference plots show a gradual shift from blue to more red areas, especially for initial
SM values above 0.2 m3/m3 in the 60–90 days panel, showing a change to a slower SM loss
at high initial SM values with increasing time after a fire. The observed accelerated SM loss
immediately after a fire (0–30 days), particularly at higher initial SM conditions, underscores
the dynamic interaction between SM content and vegetation cover in response to wildfires.
Over time, as vegetation potentially begins to recover, this effect diminishes, highlighting the
complex interplay between ecological recovery processes and hydrological cycles, especially
in the beginning after a fire.

Figure 9 presents the same style of plots as Figure 8 but for the VOD rate of change.
When looking at the pre- and post-fire VOD rate of change (which can be positive, dis-
playing VOD gain or negative, displaying a VOD loss), the pre-fire plots for the 0–30 days
and 30–60 days panels display a loss of VOD over all SM and VOD states. This indicates
predominantly negative vegetation responses during pre-fire dry-down periods. Only the
period of 60–90 days exhibits small increases in VOD at high initial SM states.
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Figure 8. Soil moisture (SM) loss rate [m3/m3/day] for the time periods 0–30 days (a), 30–60 days
(b) and 60–90 days (c) post-fire, compared with the same 30-day period in the previous year and
assessing the change in SM loss rate as difference between pre-and post-fire based on the same initial
SM and vegetation optical depth (VOD) conditions through sorting them in 60 × 60 bins, considering
only large fires (>1000 MOSEV pixels per 0.25◦ pixel).
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Figure 9. Vegetation optical depth (VOD) change rate [-] for the time periods 0–30 days (a), 30–60 days
(b) and 60–90 days (c) post-fire, compared with the same 30-day period in the previous year and
assessing the change rate of VOD as difference between pre- and post-fire based on the same initial
soil moisture (SM) and VOD conditions through sorting them in 60 × 60 bins, considering only large
fires (>1000 MOSEV pixels per 0.25◦ pixel).

For the post-fire plots, all three time periods display a general change from a VOD loss
at low SM states to a VOD gain at higher SM levels after passing a critical SM threshold.
In contrast to the pre-fire state, the post-fire panels reveal a clear shift in VOD dynamics
relative to available SM. VOD gains become more pronounced in the 60–90 day period post-
fire, indicating a change in the relationship between VOD dynamics and SM. This threshold-
like transition becomes more distinct over time, which implies enhanced vegetation water
gain under sufficiently wet conditions. Since the transition line at this critical SM value is
slightly diagonal, it can be concluded that the initial VOD conditions also have an influence
on VOD rate of change, causing a faster VOD gain. This diagonal structure further suggests
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that lower initial VOD conditions are associated with stronger post-fire VOD increases.
Positive VOD rates of change intensify slightly over the three observed time periods. The
observed pattern indicates that vegetation tends to gain biomass (positive VOD change)
in areas with higher SM and initially lower VOD, while areas with lower SM and already
high VOD tend to experience vegetation loss (negative VOD change). Looking now at the
difference in the VOD change rate, Figure 9 indicates that at the same level of SM supply,
VOD gain is significantly faster after a fire event for the phase of 0–30 days, especially for
high initial SM conditions, reporting fast vegetation recovery and/or water uptake. This
effect decreases with time after the fire, already being less pronounced in the 30–60 days
panel. This suggests that fire has systematically changed the coupling between VOD and
SM towards a more aggressive use of water for fast VOD increases post-fire.

4. Discussion
Using remotely sensed SM and VOD, with VOD serving as a proxy for VWC and

biomass, we examined the trajectories of these variables around fire activity throughout
African ecosystems. This study also evaluates the influence of geographical and climatic
variability on fire dynamics in different vegetation types, thereby providing new insights
into the complex interactions between hydrological and ecological processes in fire-prone
ecosystems. Analysis of SM and VOD anomalies revealed distinct patterns among arid,
semi-arid, and humid regions, particularly between the Sahara and the equator and across
Central and Southern Africa. Western and Central Africa regions north of the equator
exhibited increased SM and VOD prior to fires, indicating wetter conditions that likely
promoted vegetation growth. By contrast, Southern Africa showed a continuous drying
trend, consistent with drier conditions that enhance fire risk. Following wildfire events,
SM and VOD anomalies become strongly negative across the study area, particularly
in northern regions. These patterns are consistent with findings from previous studies
conducted at various spatial scales [43,44,84] and support the distinction between fuel-
limited and moisture-limited fire regimes [21,43,44,84,85]. Specifically, drought conditions
typically reduce wildfire occurrence in grasslands and savannas because limited vegetation
results in reduced fuel availability. Conversely, wildfire activity tends to increase in wetter
ecosystems, such as forests, where reduced fuel moisture increases flammability [21,85,86].
Whether fire is limited by fuel or moisture depends heavily on the overall water availability
in an ecosystem [84,87]. Alvarado et al. [84] found a precipitation threshold of 800 mm
annually in African savanna and grassland regions to distinguish fuel- and moisture-limited
fire regimes in Africa. O et al. [44] reported positive SM and VOD anomalies months before
fires in drier regions, where fuel accumulation is needed, whereas humid regions displayed
drying trends, implying increased vegetation flammability. Based on these findings, short-
term SM increase and vegetation build-up before fires (fuel limitation) are expected in drier,
sparsely vegetated areas, while highly vegetated regions are expected to exhibit pre-fire
decrease in SM and VOD, reflecting moisture limitation [44,84,87]. However, our findings
differ from these expectations. In arid and sparsely vegetated regions (e.g., Barren and
Open Shrubland), SM and VOD gradually increased over approximately 3–5 years before a
fire, followed by an abrupt decline in the final 2–4 months preceding ignition. This suggests
that long-term fuel accumulation is subsequently offset by rapid drying immediately before
fire events. In contrast, Grassland areas, despite similarly low vegetation cover, did not
exhibit this prolonged pre-fire drying phase. Instead, their SM and VOD trends more closely
resemble those observed in humid, high-biomass classes such as Woody Savannas, where
moisture levels remain stable or increase slightly until approximately one month before fire,
followed by a sharp decline immediately prior to ignition. These relatively stable moisture
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conditions shortly before the fire event may be necessary to sustain sufficient fuel loads for
major fire events.

Regarding the recovery of SM and VOD after fire events, our results demonstrate that
post-fire recovery varies among land cover classes: in woody savannas and grasslands, SM
and VOD returned to pre-fire levels within a single wet season (~3–6 months), whereas
recovery in Shrubland and Barren areas extended beyond a year. These differences indicate
that SM and VOD anomalies are shaped not only by Africa’s seasonal rainfall patterns but
also by land cover-specific fire feedback mechanisms, including differences in fuel accu-
mulation rates and moisture retention capacities, consistent with previous findings [88,89].
The slower recovery of VOD following fire in ecosystems with low biomass and limited
water availability such as Open Shrubland and Barren likely reflects the interactions be-
tween regeneration strategy and water availability. Vegetation in these dry environments
often regenerates from surviving root systems, allowing growth to begin shortly after a
disturbance [22]. However, for this initial regrowth to translate into a measurable increase
in VOD, sustained water availability is required to rebuild canopy water content and
vegetation structure, a process constrained by the chronic water scarcity that characterizes
these ecosystems.

This pattern is further supported in the slower and less complete SM recovery ob-
served in these classes (Figure 6), suggesting that vegetation remains closely dependent on
immediately available soil water rather than deeper reserves. In contrast, ecosystems with
high biomass benefit from greater water availability, enabling a faster and more complete
recovery of VOD following a fire.

Fire activity follows a strong annual cycle driven by climate, with distinct fire and fire-
free seasons throughout the year [90,91]. Barbero et al. [85] demonstrated that preceding
wet conditions that promote fuel accumulation, followed by subsequent drying phases,
imprint a seasonal signal on fire activity. Accordingly, the persistence of this seasonal
signal in our anomaly pattern is not unexpected, as no adjustment was made for regional
differences in monsoon timing. Consequently, part of the observed SM and VOD anomaly
patterns may reflect underlying seasonal variability rather than fire-induced changes alone
and should therefore be interpreted with caution. Additionally, higher seasonal humidity
increases SM, aligning with periods of vegetation growth, thereby promoting fuel accumu-
lation. The observed multi-year wetting before fires was also noted by Barbero et al. [85].
In these regions, the critical SM threshold required for fire occurrence may be sufficiently
low that even a moderate increase in SM does not prevent fire ignition. It is also important
to consider that classes like Barren/Sparsely Vegetated and Open Shrubland are predomi-
nantly located in semi-arid to arid regions (see Figure 1) where vegetation cover is naturally
sparse and fuel availability is therefore limited. Consequently, these regions are less likely
to experience extensive wildfires or large burned areas and may not exhibit the character-
istic fire regimes observed elsewhere in Africa. Open Shrubland, with minimal biomass,
presents a similar pattern to Barren in SM and VOD anomalies. By contrast, Woody Savan-
nas, while relatively dry, can still be fuel-limited, aligning with observed pre-fire increases
in SM and VOD and existing literature [43,44]. Finally, potential uncertainties associated
with the IGBP landcover classification should also be considered, as some pixels may not
perfectly represent their assigned landcover class. For instance, Barren/Sparsely Vegetated
areas follow trends of significant wildfire events, suggesting that small but ecologically
relevant amounts of vegetation are present within some pixels despite their classification.
Such uncertainties have already been documented in earlier accuracy assessments of IGBP
classification [92–94].

Additionally, we find faster SM loss, as well as increased positive VOD dynamics
after fire under comparable initial SM and VOD conditions (Figures 8 and 9), providing
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observational evidence for a change in the coupling between SM and VOD following fire
disturbance. While the remote sensing data cannot directly identify the underlying ecologi-
cal mechanisms, several processes could plausibly explain these observations. Vegetation
tends to become more anisohydric post-fire, meaning plants exhibit less regulation of
internal water status and therefore allow greater variability in leaf water potential [95,96],
which could contribute to faster SM depletion through increased transpiration. Addi-
tionally, post-fire resprouting and fast vegetation recovery [97] could drive the observed
increase in positive VOD dynamics. This highlights the strong impact of fire on vegetation
dynamics, not only through biomass loss but also through changes in soil–vegetation water
interactions and water retention strategies. The observed acceleration of soil moisture
loss together with the concurrent enhancement of post-fire VOD gain under similar SM
conditions suggests a temporary intensification of soil–plant water coupling following
fire disturbances [81,98]. Such changes may indicate a transient shift in ecohydrological
functioning, potentially driven by vegetation recovery processes, changes in vegetation
composition, or altered post-fire soil and surface conditions.

Although we observed systematic effects of fire on SM and VWC dynamics, the
uncertainties associated with the underlying remote sensing data should be considered.
While remote sensing offers substantial advantages for large-scale monitoring of fire and
ecosystem interactions, including consistent data collection across space and time, it is
also subject to several limitations. One important limitation is the microwave penetration
depth, which constrains remotely sensed SM and VOD measurements. Penetration depth
describes the attenuation of electromagnetic radiation within a medium but does not con-
sider scattering from dielectric discontinuities [76,99]. L-band microwaves (1.0–2.6 GHz)
penetrate deeper, providing more accurate vegetation data compared to higher frequencies
like the C- (3.95–5.8 GHz), X- (8.2–12.4 GHz) and Ku-band (12–18 GHz), which are used in
this study [25,99]. Furthermore, the use of X-band VOD introduces frequency-dependent
limitations that should be considered when interpreting results across contrasting ecosys-
tems. While X-band data were selected due to their long-term availability (2000–2020),
they are primarily sensitive to water content in sparse vegetation and saturate in dense
forests, which may influence VOD comparisons across biomes [73]. Post-fire vegetation
recovery dynamics can be misinterpreted because shorter wavelengths primarily capture
top-of-canopy changes, whereas deeper-penetrating (longer) microwaves provide better
estimates of root-zone regrowth as well as SM retention and dynamics. Therefore, estimates
of fire severity and pre-fire fuel moisture may also vary depending on the sensing fre-
quency used, since shorter wavelengths are more sensitive to surface drying, while longer
wavelengths capture subsurface moisture conditions that affect fuel persistence (vegetation
moisture) and fire spread potential [25,73,100]. While X-band VOD reaches its limits in
regions with high biomass, such as tropical rainforests, these areas are largely excluded
from our analysis due to the SM masking inherent in the ESA CCI product. By stratifying
the results according to IGBP land cover classes, ecosystems with high and low biomass
are analyzed separately, thereby reducing problems of direct comparability. Nevertheless,
VOD-related results for classes with higher biomass, such as Evergreen Broadleaf Forests,
should be interpreted with caution, since these effects were not explicitly quantified in
this study and therefore remain an inherent limitation of our analysis. It is important
to note that the threshold of ≥1000 MOSEV pixels used to define fire events may not be
equally applicable across all land cover types, as the impact of a given burned area on
coarse-resolution SM and VOD observations is likely to differ between sparsely vegetated
regions, where even small fires may affect the entire pixel, and high-biomass ecosystems,
where larger fires may be needed to produce a detectable signal. Moreover, differences in
spatial resolution between fire detection sensors (500 m) and SM/VOD observations (0.25◦),
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can lead to the underestimation or detection failure of small fires and to inaccuracies in
representing fine-scale fire behavior [78,101]. In addition, the spatial arrangement of burned
MOSEV pixels with individual 0.25◦ SM/VOD pixels is not considered. Fires affecting only
a small fraction or the edge of a coarse grid cell can result in a diluted aggregated SM and
VOD response, since unburned areas contribute equally to the pixel-level average, thereby
introducing an additional source of uncertainty into the scaling process. Despite these
limitations, our results provide valuable insights into fire dynamics at broader spatial and
temporal scales, highlighting opportunities to improve the representation of interactions
between wildfires and soil–vegetation water dynamics in future research. Building on
these large-scale patterns, future studies could further investigate regional differences
and underlying mechanisms using complementary process-based modeling approaches or
site-specific observations to better constrain post-fire ecohydrological responses.

5. Conclusions
This study explores the complex, multi-factorial interplay between SM and VOD

dynamics before and after wildfires in Africa, using microwave and optical remote sensing
techniques over a two-decade period (2000–2020). It provides an in-depth analysis of how
fires influence and, in turn, are influenced by ecosystem properties and dynamics, highlight-
ing the crucial role of these interactions in understanding fire dynamics and their ecological
impacts. The results show that an increase in SM and VOD prior to a fire indicates an
accumulation of wildfire fuel, particularly in regions where ecological conditions limit the
immediate availability of inflammable material. Conversely, a decrease in these variables
typically indicates a drying of potential fuel, thereby increasing fire susceptibility. Notably,
the analysis revealed a pronounced variability across different geographic and climatic
zones in Africa. Understanding this variability is crucial for developing region-specific
fire mitigation strategies. Additionally, strong fire-induced effects on water conditions
between soil and vegetation were observed, revealing accelerated loss of SM and enhanced
gain of VOD after a fire under similar SM and VOD conditions. These results suggest that
wildfires not only alter the soil and vegetation water states but also modify the dynamics of
water exchange between soil and vegetation as well as water retention strategies. Moreover,
the Africa-wide study has demonstrated the potential of multi-sensor remote sensing to
provide valuable insights into fire dynamics over large and potentially inaccessible areas,
underscoring their importance for ecological monitoring and management.

Crucially, this study shows that wildfires not only alter absolute values of SM and
VOD but also influence their joint dynamics during dry-down periods. The observed
acceleration of post-fire SM loss alongside enhanced VOD recovery under comparable
initial conditions indicates intensified water exchange between soil and vegetation after a
fire disturbance, pointing to a transient shift in ecohydrological functioning within African
ecosystems. These coupling changes have important ecohydrological implications. The
accelerated loss of SM after a fire, with enhanced VOD recovery under comparable initial
conditions, likely indicates faster vegetation growth and plant water uptake in the post-
fire period, reflecting a temporary change in the functional relationship between soil and
vegetation water dynamics following fire disturbance. This could be caused by fire-induced
changes in vegetation composition or by rapid post-fire regeneration through mechanisms
such as resprouting. After a fire, fast-growing herbaceous species may dominate, which
have a shallower root system and often exhibit reduced stomatal control, causing them to
deplete near-surface SM more rapidly.

Future research could benefit from remote sensing data with higher temporal reso-
lution to better capture rapid changes in the dynamics of SM and VOD. Further studies
should also focus on the seasonality of the dry and wet periods in Africa and examine how
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monsoon dynamics influence these patterns and their interaction with fire activity. In doing
so, the use of climate-normalization methods should be considered, such as comparison
with unburned control pixels from the same season and region, to more rigorously isolate
fire-induced changes from seasonal background variability. Moreover, the inclusion of
additional environmental parameters such as vapor pressure deficit (atmospheric dryness),
air and soil temperature, vegetation indices, and the severity of fires in terms of the burn
severity index NBR can significantly contribute to an even better understanding of the
underlying processes. Future studies would also benefit from incorporating independent
vegetation indices, such as NDVI or EVI, to further support VOD-based interpretations of
vegetation recovery following fire disturbance and could also expand on the role of human
activities and their influence on fire regimes, a factor that was outside the scope of this
study but remains critically important in the context of global climate change and land
use transformation.

In conclusion, this study expands our understanding of the interactions between
wildfires and ecosystems across Africa by demonstrating that wildfires not only alter the
water states of soil and vegetation but also influence their spatio-temporal dynamics and
coupling. These results underscore the value of multi-sensor microwave remote sensing
for capturing large-scale interactions between fires and water and provide a continental
foundation for future process-based investigations of post-fire ecohydrological functioning
across Africa’s diverse ecosystems.
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Appendix A
Appendix A.1

Figure A1. Boxplots of normalized monthly mean soil moisture (SM) [m3/m3] anomalies for different
IGBP classes over the span of 36 months before and after a fire event. Outliers beyond 1.5 times the
IQR were excluded. Red vertical lines indicate the fire event. n is the number of observations per
IGBP class.

Appendix A.2

Figure A2. Boxplots of normalized monthly mean vegetation optical depth (VOD) [-] anomalies for
different IGBP classes over the span of 36 months before and after a fire event. Outliers beyond 1.5
times the IQR were excluded. Red vertical lines indicate the fire event. n is the number of observations
per IGBP class.
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