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Abstract 30 

Climate change is altering fire regimes across Europe, contributing to longer periods of 31 

favorable fire weather. In August 2026, the High Fens nature reserve experienced one of the 32 

largest wildfires in Belgium's recorded history. This event is ecologically and biogeochemically 33 

significant because the fire affected a landscape dominated by carbon-dense peatlands, where 34 

prolonged smouldering can cause substantial carbon (C) loss and greenhouse-gas emissions. This 35 

study provides a rapid satellite-based assessment of the 2026 High Fens Fire and uses the pre-fire 36 

hydro-climatic conditions as an empirical benchmark for examining their occurrence across 37 

northern high latitudes. Using Sentinel-2 imagery, we mapped a 25.43 km² burn scar with 38 

substantial spatial heterogeneity in spectral severity. A regional analysis based on Visible Infrared 39 

Imaging Radiometer Suite (VIIRS) active fire detections indicated that the High Fens event was 40 

the only peatland-dominated cluster among the six largest fire clusters identified in our Western 41 

European VIIRS record between 2012 and 2026. To contextualize the severe hydro-climatic 42 

conditions preceding ignition, we combined anomalies in maximum air temperature, vapor 43 

pressure deficit, and surface soil moisture to define an empirical pre-fire benchmark. Upscaling 44 

this benchmark across the High Northern Latitudes (HNL) showed that comparable 45 

combinations of temperature, atmospheric dryness, and surface soil moisture occurred across a 46 

broad geographic footprint, particularly along the southern margins of the HNL, including parts 47 

of southern Canada, Europe, and Siberia. Intersecting this benchmark exceedance footprint with 48 

global peatland and Moderate Resolution Imaging Spectroradiometer (MODIS) MCD64A1 49 

burned-area datasets identified ~253,000 km² of peatland with no MCD64A1-detected burned 50 

area during 2001–2025 and ~84,000 km² with detected burned area during the same period. The 51 

unburned peatland area contains an estimated 35.9 Gt C of soil organic carbon stock. An 52 

additional 10.1 Gt C was contained within peatland areas that had MCD64A1-detected burned 53 

area during 2001–2025. Translating this widespread meteorological exposure into reliable 54 

estimates of potential carbon emissions requires a precise understanding of belowground fire 55 

behavior. Because substantial uncertainty remains in estimating peat combustion and post-fire 56 

ecosystem recovery, the accessibility of the High Fens reserve and the availability of nearby 57 

peatland observations provide an opportunity for future field-based validation and long-term 58 

monitoring.  59 
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1. Introduction 63 



Wildfire risk is increasing across Europe as climate change drives hotter, drier fire weather, 64 

more frequent heatwaves, and more severe drought conditions, although realized burned area 65 

also depends on fuels, ignitions, and fire management (Giannaros and Papavasileiou 2023; 66 

Grünig et al. 2023; Jones et al. 2024; Santos et al. 2024). Extreme fire weather is expanding 67 

beyond the Mediterranean into central, temperate, and some boreal regions, while fire seasons 68 

are projected to lengthen across much of Europe, including northern areas (Carnicer et al. 2022; 69 

El Garroussi et al. 2024; Hetzer et al. 2024). Model projections indicate that burned area is likely 70 

to increase substantially, with Mediterranean Europe projected to see roughly 40% to 71 

100% more summer burned area as warming rises from 1.5 to 3°C, and with temperate forests 72 

becoming increasingly susceptible to damage under emerging fire regimes (Patacca et al. 2026; 73 

Turco et al. 2018). Regions that have historically experienced fewer large wildfires may therefore 74 

increasingly encounter periods of extreme fire weather in coming decades (Calheiros et al. 2021; 75 

El Garroussi et al. 2024; Miller et al. 2025). 76 

Against the backdrop of these broader continental trends, a large wildfire ignited in the High 77 

Fens (Hautes Fagnes) nature reserve in eastern Belgium on August 14, 2026. The fire spread 78 

rapidly across the reserve, eventually becoming one of the largest wildfires in Belgium's recorded 79 

history and requiring a massive emergency response involving more than 250 personnel, aerial 80 

support, and the activation of the Copernicus Emergency Management Service (EU Space 2026; 81 

Reuters 2026; The Brussels Times 2026). Furthermore, the fire forced the evacuation of 82 

hundreds of residents from surrounding Belgian municipalities and triggered transboundary 83 

smoke alerts and evacuations in the neighboring German municipality of Monschau (Associated 84 

Press 2026; DW News 2026; Reuters 2026).  85 

Beyond its geographic extent, the High Fens wildfire represents an important ecological and 86 

biogeochemical event because it occurred in a landscape dominated by peatland (Henrion et al. 87 

2024). Peatlands are carbon-dense wetland ecosystems that occupy a small fraction of Earth’s 88 

land surface yet store about one-third of global soil carbon (Dargie et al. 2017; Wilkinson et al. 89 

2023). During drought or under chronic drainage, peatlands can become more vulnerable to fire 90 

as drying lowers water tables and increases the depth of oxygenated peat available for 91 

combustion (Kettridge et al. 2015; Turunen et al. 2025). Unlike predominantly flaming forest 92 

fires, peat fires can involve prolonged smouldering combustion, a low-temperature process that 93 

can spread laterally and downward through organic soil (Hu et al. 2018; Rein and Huang 94 

2021). This belowground combustion can rapidly oxidize legacy carbon that accumulated over 95 

centuries to millennia, releasing disproportionate volumes of greenhouse gases. Furthermore, 96 

such deep combustion can fundamentally alter peat properties and hydrology, threatening post-97 

fire ecosystem recovery (Harris et al. 2021; Hu et al. 2019; Kettridge et al. 2015; Wooster et al. 98 

2018) and degrading critical services provided by landscapes like the High Fens, including water 99 

filtration, long-term carbon storage, and biodiversity support (Bonn et al. 2016; Kimmel and 100 

Mander 2010; Milner et al. 2026).  101 

Despite their potential importance for the global carbon cycle, peatland wildfire impacts 102 

remain difficult to quantify because estimates of carbon loss require information on pre-fire 103 

carbon stocks, peat properties, and post-fire burn depth all of which are difficult to characterize 104 

across heterogeneous landscapes (Ballhorn et al. 2009; Konecny et al. 2016; Nelson et al. 2026; 105 



Reddy et al. 2015; Wilkinson et al. 2023). Baseline peat thickness, bulk density, carbon content, 106 

and moisture conditions vary substantially across space and are often unavailable at the 107 

resolution needed to quantify combustion, especially in remote peatlands where field access is 108 

limited (Ballhorn et al. 2009; Hu et al. 2024; Lin et al. 2021). Burn depth and the extent of 109 

belowground smouldering are also difficult to determine directly after fire, even though 110 

smouldering can consume large volumes of carbon-rich organic soil and vary strongly within a 111 

burn scar (Konecny et al. 2016; Lin et al. 2021; Nelson et al. 2026). Remote sensing provides 112 

spatial information on burned area and surface spectral change, but optical data do not directly 113 

measure peat consumption, burn depth, or carbon loss, and satellite products often miss or 114 

poorly represent belowground combustion without complementary field data (Nelson et al. 115 

2026; Vetrita et al. 2021). Paired pre- and post-fire LiDAR surveys (whether airborne or 116 

unmanned aerial vehicle (UAV)-based) can help constrain burn-related elevation change and, 117 

where measurement conditions permit, estimate changes in surface elevation associated with peat 118 

combustion, but such observations remain costly, spatially limited, and uncommon (Konecny et 119 

al. 2016; Reddy et al. 2015; Simpson et al. 2016). This uncertainty matters because carbon-loss 120 

estimates are highly sensitive to burn depth and related assumptions. In a study conducted by 121 

Rodríguez Vásquez et al. (2021) on Indonesian peatland wildfires, depth of burn was found to 122 

explain 94.2% of variance in emissions. The scarcity of spatially explicit pre- and post-fire 123 

observations therefore limits the quantification of subterranean smouldering, weakens validation 124 

of remote-sensing estimates of soil combustion, and leaves regional carbon emissions from 125 

peatland fires highly uncertain (van der Werf et al. 2010). 126 

The 2026 High Fens Fire provides an opportunity to characterize an unusually large 127 

peatland fire in a temperate western European landscape and characterize the broader exposure 128 

of northern peat carbon stocks to hydro-climatic conditions comparable to those preceding the 129 

fire. The primary objectives of this study are to: (1) quantify the spatial footprint and spectral 130 

burn severity of the event using high-resolution Sentinel-2 observations; (2) benchmark the fire 131 

within the regional historical record using Visible Infrared Imaging Radiometer Suite (VIIRS) 132 

active-fire detections; and (3) determine whether the compound hydro-climatic preconditions 133 

preceding this fire recur across broader northern peatland regions. Specifically, we use event-134 

specific pre-fire anomalies to construct an empirical index and evaluate where comparable 135 

conditions occurred across the High Northern Latitudes (HNL) between 2016 and 2026. By 136 

intersecting this exceedance footprint with global peatland and MCD64A1 burned-area datasets, 137 

we quantify the soil organic carbon stocks residing in unburned peatlands exposed to analogous 138 

hydro-climatic conditions. In doing so, this study provides an empirical benchmark to identify 139 

where comparable extreme conditions have occurred across historically unburned, carbon-dense 140 

northern ecosystems. 141 

2. Study area 142 

The High Fens nature reserve (Figure 1) is a protected area of about 40 km2 in eastern 143 

Belgium, on the Stavelot-Venn Massif within the Ardennes region near the German border 144 

(Goemaere et al. 2016). The region has a humid and cold climate and a pronounced topographic 145 

gradient (Mormal and Tricot 2004), and its highest point reaches 694 m above sea level, which 146 

represents the highest elevation in the country (Henrion et al. 2024; Keulen et al. 2005).  147 



 148 
Figure 1. The study area. The boundary of the High Fens Nature Reserve is adopted from the 149 

World Database on Protected and Conserved Areas dataset (UNEP-WCMC and IUCN 2026). 150 

The location of the study area relative to Belgium and surrounding regions is indicated by the red 151 

box in the inset. 152 

 153 

The reserve is dominated by peatland ecosystems, especially raised bogs, alongside wet 154 

moors linked to peat-bog degradation (Keulen et al. 2003; Li et al. 2024). These environments 155 

support vegetation adapted to acidic, waterlogged conditions, including peat-156 

forming Sphagnum mosses, dwarf shrubs, and graminoids such as Molinia caerulea (Hindryckx 157 

1999; Keulen et al. 2003). Created in 1957 to protect peatlands from further degradation, the 158 

High Fens is one of Belgium’s most important peat-bog landscapes and a significant site for 159 

ecological and peatland research (Goemaere et al. 2015). 160 

To place the High Fens Fire in a broader regional context, we defined the Western 161 

European analysis domain using the United Nations Geospatial Database 162 

(https://www.un.org/geospatial/) regional classification. The domain includes Austria, Belgium, 163 

France, Germany, Liechtenstein, Luxembourg, Monaco, the Netherlands, and Switzerland. This 164 

domain was used only for the historical VIIRS fire-cluster comparison. For the circumpolar 165 

analysis, we defined the HNL as all land areas north of 50°N.  166 

3. Methodology 167 

3.1. Burn scar mapping and severity classification based on Sentinel-2 imagery 168 

To estimate the spatial extent of the High Fens Fire, we mapped its burn scar at a 20 m 169 

spatial resolution using paired Sentinel-2 Level-2A surface reflectance images. Specifically, we 170 

selected one pre-fire and one post-fire Sentinel-2 Level-2A surface reflectance image 171 



representing the closest sufficiently cloud-free observations available for the analysis. The 172 

selection criteria required the two images to be as close together temporally as possible while also 173 

being as cloud-free as possible. Ultimately, relative to the fire's August 14, 2026 ignition date, the 174 

pre-fire image was acquired on July 25, 2026, and the post-fire image was acquired on August 26, 175 

2026. Although the two images were separated by 32 days, the August 26 image was the closest 176 

sufficiently cloud-free post-fire observation available after the main fire was brought under 177 

control. The Normalized Burn Ratio (NBR) was calculated separately for the pre- and post-fire 178 

images, followed by calculation of the differenced Normalized Burn Ratio (dNBR) using the 179 

formula provided by Key and Benson (2006) and Delcourt et al. (2021): 180 

𝑁𝐵𝑅 =
𝐵𝑎𝑛𝑑 8𝐴 − 𝐵𝑎𝑛𝑑 12

𝐵𝑎𝑛𝑑 8𝐴 + 𝐵𝑎𝑛𝑑 12
 181 

𝑑𝑁𝐵𝑅 = 𝑁𝐵𝑅𝑝𝑟𝑒 − 𝑁𝐵𝑅𝑝𝑜𝑠𝑡 182 

Burned and unburned reference polygons were manually identified from the post-fire 183 

imagery, and dNBR values were extracted from these reference areas. We evaluated candidate 184 

dNBR thresholds using receiver operating characteristic (ROC) analysis, calculating the true-185 

positive rate (TPR) and false-positive rate (FPR) across the range of observed dNBR values. 186 

Youden’s J statistic (J = TPR − FPR) (Youden 1950) was used to identify the threshold 187 

providing the maximum separation between the reference burned and unburned samples. The 188 

resulting threshold was then applied to the full dNBR image to delineate the mapped burn scar. 189 

3.2. VIIRS fire-cluster footprint calculation for historical wildfire context in Western 190 

Europe  191 

The High Fens Fire was unusually large for Belgium (EU Space 2026), but its regional 192 

significance is best evaluated by comparing its fire-associated footprint with other events 193 

identified using a consistent detection method. Although the European Forest Fire Information 194 

System (EFFIS) maintains a historical fire database suitable for such comparisons, our data 195 

request had not been fulfilled in time for this analysis. Consequently, we developed a workflow 196 

that derives a fire-associated spatial footprint from VIIRS active-fire detections. Leveraging the 197 

near-real-time availability and low latency of VIIRS data provided by NASA's Fire Information 198 

for Resource Management System (FIRMS), this approach enables the rapid estimation of 199 

wildfire event sizes within hours of containment. 200 

VIIRS 375 m Collection 2 active-fire detections from the Suomi National Polar-orbiting 201 

Partnership (S-NPP) were compiled for 2012–2026. To distinguish landscape wildfires from 202 

persistent thermal anomalies, such as continuously burning gas flares and industrial heat sources, 203 

we developed a spatiotemporal clustering and duration-filtering approach. Active-fire detections 204 

were represented by their spatial coordinates and acquisition dates, and candidate links were 205 

identified between detections occurring within 750 m and 14 days of one another. A k-d tree 206 

algorithm (Bentley 1975) was used to recursively partition this data space, enabling efficient 207 

identification of localized detection pairs without exhaustive comparisons among all 208 

observations. Because the k-d tree identifies pairwise connections rather than complete fire 209 

events, a graph connected-components analysis (Hopcroft and Tarjan 1973) was subsequently 210 

used to identify the full extent of each event. In this approach, individual fire detections were 211 

treated as network nodes, while their spatial and temporal proximity defined connecting edges. 212 



The connected-components algorithm then traced transitive connections among detections, 213 

allowing spatially expanding and multi-day fires to be grouped into discrete fire events. These 214 

algorithms were implemented in Python using the scipy.spatial (Virtanen et al. 2020) and 215 

NetworkX (Hagberg et al. 2008) modules, respectively. To reduce repeated detections associated 216 

with persistent thermal anomalies or prolonged burning of the same 375 m cell, detections 217 

occurring more than seven days after the first detection within the same event and grid cell were 218 

excluded. The filter was applied at the cell level rather than to the event as a whole, allowing 219 

spatially expanding fire activity to be retained. After filtering, clusters were retained only when 220 

they contained at least three active-fire detections. This criterion was used to reduce isolated 221 

detections and transient thermal anomalies but may exclude small fires represented by fewer 222 

detections. To derive an approximate areal footprint from the point detections, each retained 223 

VIIRS detection was represented by a 375 m × 375 m cell centered on the detection location, 224 

and overlapping cells within each cluster were dissolved into a single event footprint. 225 

To evaluate the regional scale of the High Fens wildfire within a broader spatial and 226 

temporal context, we applied the aforementioned active fire clustering method to all VIIRS S-227 

NPP active fire detections across Western Europe. The size of the cluster representing the High 228 

Fens Fire was compared with those of all other clusters in terms of total area and land cover, 229 

with land cover information derived from the 100 m European Environment Agency (EEA) 230 

Coordination of Information on the Environment (CORINE) Land Cover dataset for 2018 231 

(European Environment Agency 2020). Because CORINE Land Cover 2018 provides a static 232 

land cover classification, the resulting land cover composition represents the 2018 classification 233 

applied to all VIIRS fire clusters in the 2012–2026 analysis period and does not account for land 234 

cover changes during that period. To resolve the high thematic detail of the 44 native CORINE 235 

Level 3 classes and minimize classification noise during regional wildfire comparisons, the land 236 

cover classes were reclassified and grouped into a simplified eight-class system: Forests, 237 

Grassland, Peatland, Wetland, Water, Cropland, Urban, and Others. Under this unified 238 

classification scheme, artificial and developed surfaces (CLC codes 111–142, representing 239 

continuous/discontinuous urban fabric, industrial sites, mines, and artificial vegetated areas) 240 

were aggregated as “Urban”. Agricultural lands (CLC codes 211–244, including arable land, 241 

pastures, and complex heterogeneous agricultural patterns) were consolidated as “Cropland”. 242 

Tree-covered areas (CLC codes 311–313, covering broad-leaved, coniferous, and mixed forests), 243 

along with transitional woodland-shrub communities (CLC code 324), were grouped under 244 

“Forests”. Natural grasslands (CLC code 321) and moors and heathlands (CLC code 322) were 245 

consolidated into the “Grassland” class to represent open herbaceous and shrubby fuels. Peat 246 

bogs (CLC code 412) were classified as “Peatland”, while other wet ecosystems, including inland 247 

marshes (CLC code 411) and coastal wetland systems (CLC codes 421–423), were grouped under 248 

a distinct “Wetland” class. Continental and marine water bodies (CLC codes 511–523) were 249 

consolidated under “Water”. Finally, structurally sparse, barren, or transient land covers 250 

(including sclerophyllous vegetation 323, bare rock, beaches, and burnt areas 331–335) were 251 

aggregated as “Others”.  252 

3.3. Pre-fire hydro-climatic conditions and High Fens Fire Index construction  253 

To characterize the multivariate hydro-climatic conditions preceding the High Fens Fire, we 254 



initially examined five hydro-climatic variables during the pre-fire period. Daily meteorological 255 

variables were derived from the ERA5-Land reanalysis dataset (Muñoz-Sabater et al. 2021) at a 256 

spatial resolution of 0.1 degrees and an hourly resolution and aggregated daily over the summer 257 

season (June, July, and August; JJA) spanning a 10-year historical baseline (2016–2025) and the 258 

2026 fire year. These variables included maximum air temperature (Tmax), maximum vapor 259 

pressure deficit (VPDmax, computed by calculating the maximum hourly VPD value across each 260 

24-hour interval), accumulated precipitation, and mean wind speed. To capture substrate 261 

moisture dynamics, daily mean surface soil moisture (SSM) at 0-5 cm was obtained from the 262 

NASA SMAP Level-4 Soil Moisture active-passive product at a 9 km spatial resolution (Reichle 263 

et al. 2025). The selection of these five variables was based on their documented associations 264 

with wildfire occurrence and fire-conducive conditions across different ecosystems (Brown et al. 265 

2023; Goss et al. 2020; Jain et al. 2022; Jones et al. 2024; Mueller et al. 2020; Yang et al. 2021). 266 

All these variables were processed in Google Earth Engine and exported at their native spatial 267 

resolutions. Because ERA5-Land is a continuous reanalysis model and SMAP Level-4 is a gap-268 

filled data assimilation product, the datasets provide continuous spatial coverage, allowing for the 269 

direct extraction of the time series at the reserve's centroid without requiring additional spatial 270 

gap-filling. 271 

All five variables were systematically analyzed across the 2026 pre-fire buildup window (June 272 

1 to August 13, 2026) to characterize their respective anomalies relative to the 10-year historical 273 

JJA baseline. This multivariable screening revealed Tmax, VPDmax, and SSM as the three variables 274 

showing the most pronounced anomalies relative to their respective summer baselines (see 275 

Section 4.3). Based on this assessment, these variables were selected to characterize the 276 

multivariate hydro-climatic conditions preceding the fire. The three variables exhibited 277 

pronounced anomalies immediately prior to the fire, indicating the combination of anomalously 278 

high atmospheric heat and dryness and low surface soil moisture that characterized the pre-fire 279 

conditions at High Fens. Together, these variables provide an empirical representation of the 280 

pre-fire hydro-climatic conditions at the study site. It is important to emphasize, however, that 281 

this representation is not intended to constitute a predictive fire-susceptibility model. Rather, it is 282 

an empirical characterization derived solely from observed environmental conditions at the High 283 

Fens site and does not incorporate the broader spatial, temporal, physical, and statistical 284 

parameterization required for a robust fire prediction model. Its purpose is instead to provide a 285 

consistent framework for characterizing the multivariate hydro-climatic conditions preceding this 286 

extreme fire event.  287 

To quantitatively characterize these pre-fire hydro-climatic conditions, summer daily 288 

baseline statistics, including means (µ) and standard deviations (σ), for the three selected 289 

variables were computed over the 2016–2025 baseline period at the centroid coordinates of the 290 

nature reserve. Daily summer values across the study period (2016–2026) were then standardized 291 

into standard anomalies (Z-scores): 292 

𝑍𝑇𝑚𝑎𝑥
=

𝑇𝑚𝑎𝑥 − 𝜇𝑇𝑚𝑎𝑥

𝜎𝑇𝑚𝑎𝑥

 293 

𝑍𝑉𝑃𝐷𝑚𝑎𝑥
=

𝑉𝑃𝐷𝑚𝑎𝑥 − 𝜇𝑉𝑃𝐷𝑚𝑎𝑥

𝜎𝑉𝑃𝐷𝑚𝑎𝑥

 294 



 295 

𝑍𝑆𝑆𝑀 = (−1) ×
𝑆𝑆𝑀 − 𝜇𝑆𝑆𝑀

𝜎𝑆𝑆𝑀
 296 

The SSM anomaly (ZSSM) was calculated directly as the negative of the standardized deviation to 297 

invert the scale, ensuring that positive anomalies uniformly represent desiccated, fire-favorable 298 

conditions. To assess environmental susceptibility on any given summer day, the scalar High 299 

Fens Fire Index (HFFI) was computed directly as a weighted combination of these daily 300 

anomalies, utilizing the specific target anomalies recorded on August 13, 2026 (the day 301 

immediately preceding wildfire ignition), as weights: 302 

𝐻𝐹𝐹𝐼 =
𝑍𝑇𝑚𝑎𝑥

∙ 𝑍𝑇𝑚𝑎𝑥,𝑡𝑎𝑟𝑔𝑒𝑡 + 𝑍𝑉𝑃𝐷𝑚𝑎𝑥
∙ 𝑍𝑉𝑃𝐷𝑚𝑎𝑥,𝑡𝑎𝑟𝑔𝑒𝑡 + 𝑍𝑆𝑆𝑀 ∙ 𝑍𝑆𝑆𝑀,𝑡𝑎𝑟𝑔𝑒𝑡

(𝑍𝑇𝑚𝑎𝑥,𝑡𝑎𝑟𝑔𝑒𝑡)2 + (𝑍𝑉𝑃𝐷𝑚𝑎𝑥,𝑡𝑎𝑟𝑔𝑒𝑡)2 + (𝑍𝑆𝑆𝑀,𝑡𝑎𝑟𝑔𝑒𝑡)2
 303 

where ZTmax,target, ZVPDmax,target, and ZSSM,target represent the standardized anomalies recorded on 304 

August 13, 2026. Under this formulation, an HFFI value of 1.0 represents a daily state where the 305 

compounding atmospheric and substrate dryness has a normalized projection equal to that of the 306 

August 13 anomaly vector. Daily HFFI trajectories and multi-year summer HFFI matrices 307 

(2016–2026) were constructed using this formulation to quantify daily HFFI trajectories and 308 

identify periods during which HFFI reached or exceeded the benchmark value of 1.0 (HFFI 309 

≥1.0) across the historical record. 310 

3.4. High Northern Latitude upscaling of HFFI 311 

To assess the geographic extent of areas across the HNL that experienced hydro-climatic 312 

conditions comparable to or exceeding those observed at High Fens before the 2026 fire, the 313 

HFFI framework was expanded across the circumpolar HNL. Daily grids of the three selected 314 

variables (Tmax, VPDmax, and SSM) were extracted for the summer months (JJA) from 2016 to 315 

2026 using Google Earth Engine for all landmasses north of 50°N. To overcome computational 316 

memory limitations and processing failures when aggregating daily multi-year records across the 317 

entire circumpolar domain, these variables were resampled and extracted at a coarser 50 km 318 

spatial resolution. The daily hemispheric rasters were standardized using the summer baseline 319 

statistics (µ and σ) calculated specifically at the centroid of the High Fens Nature Reserve from 320 

the 2016–2025 baseline period, establishing a consistent benchmark for comparison with the 321 

High Fens Fire. These common reference statistics were applied to every 50 km pixel across the 322 

circumpolar domain. Consequently, HFFI values represent similarity to the hydro-climatic 323 

conditions observed at High Fens rather than anomalies relative to the local climate at each HNL 324 

pixel. For each pixel, daily Z-scores were calculated against this common reference following the 325 

formula given in Section 3.3. The daily HFFI value was then calculated using the specific pre-fire 326 

target anomalies observed at High Fens (ZTmax,target, ZVPDmax,target, and ZSSM,target). 327 

To identify geographic hotspots where hydro-climatic conditions comparable in the HFFI 328 

metric to those preceding the High Fens Fire occurred, the daily HFFI time series was 329 

summarized as the cumulative number of days per year during which conditions met or exceeded 330 

the threshold (HFFI ≥1.0) across the HNL. This temporal aggregation produced annual HFFI 331 

exceedance-count rasters, with higher values indicating a greater frequency of days during which 332 

the combination of temperature, atmospheric dryness, and surface soil moisture reached or 333 

exceeded the High Fens pre-fire benchmark. 334 



To quantify the peatland area and soil organic carbon stock within the HFFI exceedance 335 

footprint and characterize their mapped fire history, we integrated PEATGRIDS Global Peat 336 

Thickness and Carbon Stock data (Widyastuti et al. 2025) with MCD64A1 Collection 6.1 burned-337 

area data (Giglio et al. 2018). PEATGRIDS provides global 1-km resolution estimates of total 338 

peat carbon stock, expressed as Mg C per pixel and calculated from predicted peat thickness over 339 

the entire peat profile. We used the PEATGRIDS to define the peatland analysis domain and 340 

quantify the total peat carbon stock within each analysis category. MCD64A1 was used to 341 

identify peatland pixels with detected burned area during 2001–2025. A cumulative burned-area 342 

mask was generated by assigning a peatland pixel as burned when MCD64A1 detected burned 343 

area in at least one year during this period. Peatland pixels without MCD64A1-detected burned 344 

area during 2001–2025 were classified as having no detected fire during the observation period. 345 

The resulting burned and no-detected-fire peatland categories were then intersected with the 346 

HFFI ≥ 1.0 exceedance footprint to quantify their spatial extent and associated peat carbon 347 

stocks. 348 

For the purposes of this study, we define “HFFI-exposed peatland” as peatland area that 349 

experienced hydro-climatic conditions meeting or exceeding the High Fens pre-fire benchmark 350 

(HFFI ≥ 1.0). For each HFFI-exposed peatland pixel, surface area and associated soil organic 351 

carbon stocks were quantified using the PEATGRIDS per-pixel carbon mass datasets. The total 352 

carbon stock was calculated by summing the mean carbon mass of all exposed pixels. 353 

Specifically, for a given peatland category, total carbon mass (Cmass,total) was calculated as: 354 

𝐶mass,total = ∑ 𝐶mass,𝑖

𝑁

𝑖=1
 355 

where N is the number of 1 km PEATGRIDS pixels within the respective HFFI-exposed 356 

peatland category. This approach provides an estimate of the total peatland carbon stock for 357 

peatlands exposed to hydro-climatic conditions with a projection onto the High Fens benchmark 358 

equal to or greater than 1.0. The calculation was performed separately for burned and unburned 359 

peatlands, allowing the carbon pools already affected by fire to be distinguished from those 360 

remaining unburned but exposed to similarly extreme fire-conducive conditions. Because pixel-361 

level errors in global soil models are highly spatially autocorrelated, aggregating pixel-level 362 

standard deviations under the assumption of statistical independence results in severe 363 

underestimation of regional uncertainty. Therefore, we report the aggregated mean carbon stocks 364 

as best-estimates without bounding them by propagated pixel-level variance, acknowledging that 365 

actual regional uncertainties are substantially larger and scale with the global uncertainties 366 

reported by the baseline PEATGRIDS dataset. 367 

4. Results 368 

4.1. Spatial extent and dNBR-based burn severity of the High Fens Fire 369 

The Sentinel-2 imagery captured a pronounced change in surface conditions across the High 370 

Fens between the pre-fire and post-fire observations (Figure 2). The pre-fire image acquired on 371 

July 25, 2026, shows a continuous mosaic of vegetated surfaces across the study area, whereas 372 

the post-fire image acquired on August 26, 2026, shows a large and contiguous area of altered 373 

surface reflectance corresponding to the fire-affected landscape. Applying the dNBR threshold 374 

of 0.192 that maximized Youden's J for the manually delineated reference polygons, the resulting 375 



burn scar covers an estimated 25.43 km² (2,543 ha). The mapped fire footprint extends across a 376 

substantial portion of the central and eastern parts of the reserve, with several elongated 377 

extensions along its perimeter. Within the mapped burn scar, dNBR values show substantial 378 

spatial variability, with areas of higher positive values interspersed with patches of lower values. 379 

The spatial heterogeneity in dNBR indicates substantial spatial variation in the magnitude of 380 

surface spectral change within the mapped burn scar. 381 

 382 

Figure 2. Spatial extent and spectral severity of the 2026 High Fens Fire. (a) Differenced 383 

Normalized Burn Ratio (dNBR) derived from Sentinel-2 imagery, with the mapped burn scar 384 

outlined in black. The color scale represents dNBR values, with higher positive values indicating 385 

greater spectral change between the pre- and post-fire observations. (b) Pre-fire Sentinel-2 image 386 

acquired on July 25, 2026. (c) Post-fire Sentinel-2 image acquired on August 26, 2026. 387 

4.2. Regional context of the High Fens Fire 388 

The VIIRS active-fire clustering identified the High Fens Fire as a 35.20 km² fire-associated 389 

footprint, compared with a 25.43 km² burn scar mapped from Sentinel-2 imagery. The two 390 



estimates show broadly similar spatial patterns, but the VIIRS-derived footprint extends beyond 391 

the Sentinel-2 mapped scar, particularly along the western side of the fire-affected area (Figure 392 

3). 393 

 394 

Figure 3. Spatial extent of the 2026 High Fens Fire derived from VIIRS SNPP active fire 395 

detections and comparison with the Sentinel-2 mapped burn scar. The pink area represents the 396 

VIIRS active-fire-derived fire footprint, while the black outline represents the Sentinel-2 mapped 397 

burn scar. The VIIRS-derived footprint extends beyond the Sentinel-2 mapped scar, particularly 398 

along its western side. 399 

 400 

In the broader Western European fire-cluster perspective, the High Fens Fire ranked sixth 401 

in terms of cluster size since 2012 (Table 1). The five larger clusters were all located in France, 402 

with areas ranging from 39.41 to 172.17 km². The largest cluster covered 172.17 km² and 403 

occurred in southwestern France from July 20 to 27, 2026, while the second-largest covered 404 

121.80 km² and occurred in France from July 13 to 20, 2022. The remaining three larger clusters 405 

had areas of 41.23, 40.82, and 39.41 km². The High Fens Fire was therefore the largest VIIRS 406 

fire cluster identified in Belgium during the analysis period and ranked among the largest events 407 

identified across the broader Western European domain.  408 

The land cover composition of the High Fens Fire event differed markedly from that of the 409 

five larger regional clusters (Table 1). Within the High Fens VIIRS-derived event footprint, 63% 410 

of the area was classified by CORINE Land Cover 2018 as peat bog, 36% as forest, and 1% as 411 

grassland. In contrast, the five larger clusters were dominated by forest, which accounted for 81–412 



96% of their respective footprints. The High Fens event was therefore the only active fire cluster 413 

among the six largest regional disasters between 2012 and 2026 in which peatland constituted the 414 

majority of the VIIRS-derived fire-associated footprint. Although ranking sixth in absolute size 415 

across the regional analysis, the 2026 High Fens Fire was the only peatland-dominated cluster 416 

among the six largest VIIRS fire clusters identified in the analysis.  417 

 418 

Table 1. The six largest VIIRS active fire clusters identified across Western Europe during 2012–419 

2026, ranked by cluster area. For each fire cluster, the table reports the centroid location, 420 

country, year, start and end dates, area, and land cover composition. 421 

Rank 
by Size 

Centroid  
Latitude 

Centroid 
 Longitude 

Country Year 
Start  
Date 

End  
Date 

Area  
(km2) 

Land Cover Composition 

1 44.86190 -1.081320 France 2026 07-20 07-27 172.17 
Forest (95%), Urban (3%), 

Cropland (1%), Others 
(1%) 

2 44.52230 -0.527275 France 2022 07-13 07-20 121.80 
Forest (96%), Cropland 

(2%), Urban (1%), Others 
(1%) 

3 44.48970 -0.734756 France 2022 08-11 08-13 41.23 
Forest (93%), Cropland 

(4%), Urban (3%) 

4 44.75310 -0.896140 France 2026 07-25 07-29 40.82 
Forest (92%), Cropland 

(4%), Urban (4%) 

5 44.40250 -1.124730 France 2026 07-23 07-29 39.41 
Forest (81%), Urban 

(14%), Cropland (3%), 
Water (1%), Wetland (1%) 

6 50.52700 6.093840 Belgium 2026 08-14 08-17 35.20 
Peatland (63%), Forest 
(36%), Grassland (1%) 

 422 

4.3. Pre-fire hydro-climatic anomalies and HFFI trajectories 423 

To characterize the environmental conditions preceding the August 14, 2026, wildfire, five 424 

daily hydro-climatic variables were monitored across the summer buildup phase from June 1 to 425 

August 13, 2026, revealing pronounced multi-week departures from their respective 10-year 426 

historical summer baselines (JJA 2016–2025; Figure 4). 427 

Daily maximum vapor pressure deficit (VPDmax) was characterized by persistent positive 428 

anomalies relative to the historical summer average of 1.1 kPa (Figure 4a). Following a cool, 429 

humid period in early June where VPDmax remained below the baseline, values crossed above the 430 

mean in mid-June and remained consistently elevated through July and August. The daily time 431 

series exhibited three distinct peaks exceeding the baseline, including an initial peak in late June, a 432 

second peak in late July, and a third peak in early August, before reaching its seasonal maximum 433 

of 4.0 kPa on August 13, one day before the reported fire onset. Daily maximum air temperature 434 

(Tmax) followed a similar temporal pattern relative to its historical summer baseline (Figure 4b). 435 

During the first half of June, daily temperatures remained well below the 10-year summer mean 436 

of 21.0 °C, reaching a seasonal minimum of 14.1 °C in mid-June. Temperatures crossed above 437 

the historical baseline on June 16, rising rapidly to establish the absolute seasonal maximum of 438 

33.6 °C on June 26. Subsequent high-temperature anomalies of lower magnitude occurred in late 439 

July and early August, before returning to near-maximum levels on the eve of the wildfire. SSM 440 

obtained from SMAP began the summer of 2026 in a wet, well-watered state that sat 441 



comfortably above the historical summer average (Figure 4c). Soil moisture crossed below this 442 

baseline in mid-June and entered a prolonged, continuous decline that persisted throughout July 443 

and August. The shallow substrate reached its absolute seasonal minimum of 0.05 m3/m3 in late 444 

July and remained near this low level through the first half of August. Daily mean wind speed 445 

fluctuated dynamically above and below its historical summer average (Figure 4d). The highest 446 

wind speeds of the summer were recorded during the wetter phase in early June, with a final, 447 

late-summer peak occurring in late July. Throughout most of July and August, mean wind speeds 448 

remained near or below the baseline, showing no persistent anomaly during the weeks preceding 449 

ignition. Daily accumulated precipitation was heavily concentrated in early and mid-June relative 450 

to its historical summer average (Figure 4e). This initial period was characterized by three major 451 

rainfall events, including a primary maximum of 164.9 mm in early June, after which 452 

precipitation was characterized by an extended dry spell with only minor, isolated trace events up 453 

to the August 14 ignition. Based on the persistence and coherence of their pre-fire anomalies, 454 

VPDmax, Tmax, and SSM were selected for the subsequent HFFI analysis, whereas wind speed and 455 

precipitation were not included in the final index, as their drying influence is largely integrated 456 

into the resulting surface soil moisture and VPD trajectories.  457 

 458 



 459 
Figure 4. Pre-fire hydro-climatic trajectories at the High Fens Nature Reserve centroid during the 460 

summer of 2026. Panels display (a) daily maximum vapor pressure deficit (VPDmax, kPa), (b) daily 461 

maximum air temperature (Tmax, °C), (c) surface soil moisture (SSM, m3/m3), (d) daily mean wind 462 

speed (m/s), and (e) daily accumulated precipitation (mm). The red vertical line indicates the 463 

wildfire ignition date (August 14, 2026), and black dashed horizontal lines represent the 10-year 464 

historical summer mean (JJA 2016–2025). Shaded regions denote daily departures from the long-465 

term baseline. 466 

 467 

The temporal progression of the combined hydro-climatic anomalies is summarized by the 468 

HFFI, which projects daily three-variable anomaly states onto the August 13 benchmark vector 469 



(Figure 5). Under this formulation, HFFI = 1.0 represents the August 13 benchmark state, while 470 

values above 1.0 indicate daily anomaly combinations whose projection onto the benchmark 471 

direction exceeds that of the August 13 state. The daily summer HFFI matrix spanning the 11-472 

year record (2016–2026) reveals that HFFI values approaching or exceeding the HFFI 473 

benchmark threshold (HFFI ≥ 1.0) are exceptionally rare within this humid, temperate 474 

landscape. Notably, no active fire detections were recorded within the High Fens nature reserve 475 

by VIIRS between the beginning of the sensor record in 2012 and the ignition of the August 476 

2026 event. Excluding the 2026 benchmark day itself, conditions reached or exceeded the HFFI 477 

threshold (HFFI ≥ 1.0) during only a single discrete event in the historical record: a three-day 478 

window during the historic European heatwave of July 24–26, 2019 (Figure 5).  479 

 480 

Figure 5. Summer daily susceptibility heatmap of the High Fens Fire Index (HFFI) from 2016 to 481 

2026. Daily HFFI values are shown from lower to higher similarity to the High Fens pre-fire 482 

benchmark. Black dashed boxes outline days meeting or exceeding the HFFI benchmark 483 

threshold of 1.0, and the flame icon on August 14, 2026, marks the August 14, 2026, fire ignition 484 

date. 485 

 486 

4.4. Circumpolar HFFI upscaling and peatland fire-history overlap 487 

To evaluate the geographic distribution of hydro-climatic conditions comparable to those 488 

preceding the High Fens Fire, the HFFI was upscaled to all HNL spanning the summer months 489 

of 2016 to 2026 (Figure 6). This hemispheric projection mapping reveals that the hydro-climatic 490 

conditions recorded immediately prior to the High Fens Fire are not uniform across the HNL, 491 

but are geographically restricted. Regions experiencing at least one day meeting or exceeding the 492 

HFFI benchmark threshold (HFFI ≥ 1.0) occupy a distinct latitudinal belt concentrated along 493 

the southern margins of the high-latitude domain (highlighted in pink in Figure 6). HFFI 494 

exceedances were concentrated primarily across southern Canada, central and eastern Europe, 495 

and the southern transition zones of Siberia. In contrast, the vast majority of the high-latitude 496 

domain, including Alaska, northern and central Canada, Scandinavia, and northern Siberia, did 497 

not experience a single day of critical exceedance (represented in blue, denoting 0 days, in Figure 498 

6). 499 



 500 

Figure 6. Circumpolar HNL mapping of the High Fens Fire Index (HFFI) exceedance footprint 501 

over the summer season (JJA 2016–2026). Blue regions denote areas with zero exceedance days, 502 

while pink shaded regions isolate geographic areas that met or exceeded the High Fens Fire pre-503 

fire threshold (HFFI ≥ 1.0) on at least one daily interval. 504 

 505 

Integrating this HFFI exceedance pattern with circumpolar peatland distributions and the 506 

2001–2025 MCD64A1 burned-area record reveals substantial peat carbon stocks occurring 507 

within areas that experienced comparable hydro-climatic conditions. Overlapping the 508 

PEATGRIDS-derived 1 km peatland map with the 25-year MCD64A1 dataset shows a detailed 509 

spatial distribution of burned and unburned peatland areas that fall directly within this severe 510 

HFFI exceedance footprint (Figure 7). Because the extreme fire weather footprint is restricted to 511 

the southern margin of the domain, the resulting HFFI-exposed peatland areas are selectively 512 

situated along these transitional zones, rather than across the vast northern peatland. 513 

Importantly, this spatial overlay highlights that while historically burned peatlands (represented 514 

in red) mark localized zones of active disturbance, they are heavily outweighed by vast, 515 

contiguous networks of unburned peatlands (represented in cyan) that are directly exposed to 516 

these extreme climate anomalies (Figure 7). These intact, unburned peatlands contain substantial 517 

carbon stocks located in areas where comparable severe hydro-climatic conditions occurred. 518 

 519 



 520 

 521 

Figure 7. Spatial overlay of circumpolar peatland ecosystems intersecting the severe HFFI 522 

exceedance footprint. HFFI-exposed peatland areas are categorized into unburned peatlands 523 

(cyan) and peatlands with MCD64A1-detected burned area during 2001–2025 (red). 524 

 525 

The total area and absolute soil organic carbon pools for these circumpolar peatland 526 

scenarios are quantitatively summarized in Table 2. Across the HNL domain, peatlands without 527 

MCD64A1-detected burned area during 2001–2025 covered 6,051,266 km² and contained an 528 

estimated 802.9 Gt C of soil organic carbon. Peatlands with MCD64A1-detected burned area 529 

covered 570,240 km² and contained 75.9 Gt C. Within the HFFI exceedance footprint, 252,771 530 

km² of peatland had no detected burned area during 2001–2025 and contained 35.9 Gt C, 531 

whereas 84,158 km² had detected burned area and contained 10.1 Gt C. Across the HNL 532 

peatland domain, 8.6% of the mapped peatland area had MCD64A1-detected burned area during 533 

2001–2025. Within the HFFI exceedance footprint, 25.0% of the mapped peatland area had 534 

detected burned area. 535 

 536 

Table 2. Quantitative summary of peatland area and soil organic carbon stocks across the HNL 537 

and within the HFFI exceedance footprint. Burned and unburned categories are based on 538 

MCD64A1-detected burned area during 2001–2025. 539 



Scenario Category Area (km2) 
Total Soil Carbon  

(Gt C) 

Total HNL Land Unburned  6,051,266 802.9 

Total HNL Land Burned 570,240 75.9 

Severe HFFI Exposed Unburned  252,771 35.9 

Severe HFFI Exposed Burned 84,158 10.1 

 540 

5. Discussion 541 

5.1. The High Fens Fire as an important peatland-fire case 542 

The significance of the 2026 High Fens Fire extends beyond its mapped extent. Sentinel-2 543 

imagery identified a 25.43 km² burn scar with substantial spatial variation in dNBR across the 544 

reserve. While the fire occurred primarily within a peat-covered landscape, satellite surface 545 

reflectance cannot partition combustion between aboveground vegetation and the underlying 546 

organic soil. High dNBR values reflect severe canopy consumption, vegetation scorch, and 547 

surface charring, but they do not provide direct evidence of the depth or mass of peat consumed 548 

below the surface. Consequently, field measurements of post-fire residual organic layer thickness 549 

remain essential to determine the extent to which the peat deposit itself, rather than overlying 550 

biomass, served as the primary fuel source. 551 

Unlike predominantly aboveground forest fires, peatland fires can involve prolonged 552 

subterranean smouldering that triggers massive carbon loss and severe ecological shifts (Harrison 553 

et al. 2024; Turetsky et al. 2015). This subterranean dynamic presents a unique challenge for 554 

post-fire assessment. Within the High Fens burn scar, we observed substantial spatial 555 

heterogeneity in the dNBR footprint (Figure 2), indicating a highly variable surface response. 556 

However, because optical sensors only capture surface-level reflectance, this dNBR 557 

heterogeneity cannot directly quantify the depth of the organic-soil combustion or the total 558 

volume of carbon consumed. 559 

While optical satellite data cannot directly quantify subterranean carbon loss, the High Fens 560 

landscape offers an exceptional opportunity to address these data gaps through existing 561 

resources and local accessibility. Previous work has characterized peat thickness and carbon 562 

storage using field surveys, airborne LiDAR, UAV-based remote sensing, and ground-563 

penetrating radar in the Belgian High Fens (Li et al. 2024), as well as in situ (Li et al. 2025) and 564 

potential (Li et al. 2026) gaseous carbon loss in the form of soil respiration. Although these 565 

specific observation sites are located outside the mapped burn scar and cannot serve as direct 566 

pre-fire measurements of the burned pixels, their proximity (within 2 km of the High Fens burn 567 

scar) provides valuable environmental context. Combined with the high accessibility of the 568 

reserve, repeated satellite observations, and the potential for targeted post-fire field assessments, 569 

this event provides a robust framework to investigate how surface burn severity relates to actual 570 

carbon emissions and long-term ecosystem recovery over time. 571 

5.2. A broader context for circumpolar peatland exposure 572 

The High Fens pre-fire benchmark was uncommon at the site during 2016–2026, with the 573 

exception of a three-day period in July 2019. When applied across the HNL, comparable HFFI 574 

conditions were concentrated primarily along the southern margins of the domain, including 575 

southern Canada, central and eastern Europe, and southern Siberia. This spatial pattern indicates 576 



that the hydro-climatic combination observed before the High Fens Fire has occurred elsewhere 577 

across northern peatland regions, but its occurrence alone does not imply fire susceptibility. 578 

The peatland overlay provides a further perspective on the magnitude of this exposure, 579 

demonstrating that approximately three-quarters of the HFFI-exposed peatland area had no 580 

detected burned area during the MCD64A1 observation period. The size of this unburned, yet 581 

meteorologically exposed, peatland carbon pool highlights a potential vulnerability. If extreme 582 

fire weather facilitates novel ignitions and subsequent deep smouldering in these ecosystems, the 583 

resulting carbon release could be substantial, though estimating actual emissions is beyond the 584 

scope of this study. 585 

While this intersection of extreme fire weather and vast recently unburned carbon stocks 586 

highlights a severe latent risk, these results demonstrate that the hydro-climatic conditions 587 

represented by the High Fens pre-fire benchmark occurred across a substantial area of northern 588 

peatlands, including extensive areas without a detected fire history during the study period. The 589 

potential carbon implications nevertheless warrant further investigation because carbon loss 590 

from peat combustion is highly sensitive to the depth of burning. Previous work has shown that 591 

burn depth can dominate uncertainty in peat-fire emission estimates. For example, Rodríguez 592 

Vásquez et al. (2021) found that burn depth accounted for 94.2% of the variance in their 593 

estimated emissions from Indonesian peatland fires. Consequently, the carbon stocks reported 594 

here provide an estimate of the amount of carbon present within peatlands exposed to the HFFI 595 

benchmark, rather than an estimate of future fire emissions.  596 

5.3. A long-term opportunity for studying peatland recovery 597 

The High Fens Fire provides an opportunity to examine peatland recovery following a large 598 

disturbance in a landscape where nearby pre-fire observations are available. Li et al. (2024) 599 

characterized peat thickness and carbon storage at field sites approximately 2 km from the 600 

mapped burn scar, documenting substantial spatial variation in these properties over relatively 601 

short distances. The spatial variation in dNBR within the Sentinel-2 burn scar (Figure 2) similarly 602 

indicates a heterogeneous surface response to fire, but the ecological and biogeochemical 603 

consequences of this variation cannot be determined from the initial post-fire observations 604 

alone. Future monitoring could examine whether differences in fire-related spectral change are 605 

associated with subsequent variation in vegetation recovery, surface moisture, water-table 606 

dynamics, peat subsidence, and carbon or greenhouse-gas fluxes. Measurements from the 607 

adjacent unburned sites, together with the spatial patterns documented by Li et al. (2024), could 608 

help assess whether pre-existing spatial variation in peat properties is associated with differences 609 

in fire effects and subsequent recovery across the burn scar. 610 

Hydrological change is likely to be particularly important. Previous peatland research has 611 

shown that lowering of the water-table depth can increase the vulnerability of peatlands to post-612 

fire ecological regime shifts (Kettridge et al. 2015). Repeated observations of soil moisture, 613 

water-table conditions, vegetation composition, and surface elevation could therefore help 614 

determine whether the High Fens Fire produces persistent changes in ecosystem structure or 615 

hydrological functioning. The relatively accessible setting of the reserve makes such repeated 616 

observations more feasible than in many remote northern peatlands. The combination of satellite 617 

observations with field measurements, and potentially airborne observations such as UAV 618 



surveys, would be especially valuable. While spaceborne LiDAR such as the Global Ecosystem 619 

Dynamics Investigation (GEDI) can characterize pre-fire aboveground biomass, its discrete 620 

orbital track spacing is generally too coarse to continuously map localized burn-scar elevation 621 

changes. However, active L-band Synthetic Aperture Radar (SAR) missions, such as the recently 622 

launched NASA-ISRO Synthetic Aperture Radar (NISAR) and the upcoming European Space 623 

Agency (ESA) Radar Observing System for Europe in L-band (ROSE-L), offer a transformative 624 

capability. These sensors penetrate vegetation canopies and can utilize interferometric SAR 625 

(InSAR) to track continuous surface subsidence, providing a spatially comprehensive proxy for 626 

peat combustion depth and post-fire compaction that moderate-resolution optical sensors 627 

cannot resolve.  628 

5.4. Remote sensing enables rapid characterization of unexpected wildfire events 629 

Our study illustrates how complementary satellite observations can support rapid 630 

characterization of unexpected wildfire events. VIIRS active-fire observations can provide 631 

information on fire activity within hours, and in some cases minutes, of satellite acquisition 632 

(Orland et al. 2025; Schroeder et al. 2014), making them particularly valuable for the initial 633 

detection and characterization of an emerging or recently occurred fire. In the case of the High 634 

Fens Fire, the VIIRS cluster identified a 35.20 km² fire-associated footprint and allowed the 635 

event to be placed within a broader regional context shortly after the event, before a complete 636 

official fire record was available. As shown in Table 1, the High Fens Fire ranked sixth in cluster 637 

area among the events identified in our analysis. Thus, active-fire observations can provide both 638 

near-real-time information on fire activity and a means of contextualizing an unexpected event 639 

within the regional fire record before the official fire record becomes available. 640 

Post-fire optical observations from Sentinel-2, and similarly from Landsat, provide an 641 

important complement to active-fire observations because their higher spatial resolution allows 642 

the spatial extent and surface characteristics of the affected area to be delineated in greater detail. 643 

For the High Fens Fire, Sentinel-2 imagery acquired on August 26, 2026 identified a 25.43 km² 644 

burn scar, providing a more spatially detailed delineation of the surface burn scar than the VIIRS 645 

active-fire footprint (Figure 3). Coupled with pre-fire observations, the optical imagery also 646 

captures the spatial pattern and relative heterogeneity of surface change following the fire. 647 

Together, the two types of observations provide complementary information: VIIRS enables 648 

rapid identification and characterization of fire activity, whereas Sentinel-2 and Landsat provide 649 

more spatially detailed observations of the resulting surface disturbance. 650 

The difference between the VIIRS-derived footprint and the Sentinel-2 burn scar also 651 

illustrates the uncertainty associated with interpreting either observation as a direct measure of 652 

burned area. The VIIRS footprint extends beyond the Sentinel-2 scar, particularly toward the 653 

west (Figure 3), likely reflecting the 375 m detection footprint and our 375 m cell dilation, among 654 

other factors. Conversely, optical burn-scar mapping can be affected by clouds, smoke, viewing 655 

conditions, and image acquisition timing. These differences underscore the value of combining 656 

active-fire and post-fire optical observations rather than treating either product as a complete 657 

representation of fire extent. More broadly, the rapid availability of active-fire observations, 658 

followed by the higher spatial resolution of optical imagery, provides an effective framework for 659 

characterizing unexpected wildfire events shortly after they occur. 660 



5.5. Interpretation and limitations of the HFFI framework 661 

The HFFI should be interpreted as an empirical benchmark derived from the High Fens 662 

Fire rather than as a general predictive fire-susceptibility model. The index represents the 663 

combination of Tmax, VPDmax, and surface soil moisture anomalies observed immediately before 664 

the fire, and HFFI ≥ 1.0 identifies days whose combined anomaly state reached or exceeded the 665 

magnitude represented by the High Fens benchmark. The temporal results in Figure 5 therefore 666 

show when conditions comparable to those preceding the fire occurred at High Fens, while the 667 

circumpolar results in Figure 6 show where comparable conditions occurred elsewhere. 668 

This interpretation also highlights an important limitation of the circumpolar analysis. The 669 

HFFI reference statistics derived from High Fens were applied uniformly across HNL, meaning 670 

that HFFI values at other locations represent similarity to the environmental conditions 671 

associated with the High Fens Fire rather than anomalies relative to local climate conditions. A 672 

high HFFI value therefore indicates similarity to the hydro-climatic conditions observed before 673 

the High Fens Fire, but it does not indicate that conditions are unusually extreme relative to the 674 

local climate or that fire is likely to occur. Also, the benchmark threshold is event-derived. 675 

Because HFFI = 1.0 was defined from the conditions immediately preceding a single fire, the 676 

threshold has not been independently validated against an independent set of fire events. The 677 

rarity of HFFI exceedance at High Fens shown in Figure 5 is therefore informative about the 678 

historical occurrence of this particular combination of conditions at the study site, but it should 679 

not be interpreted as validation of a universal fire threshold. For example, the HFFI benchmark 680 

was exceeded in July 2019 without a VIIRS-detected fire in the High Fens, illustrating that 681 

extreme weather alone is insufficient to cause fires without ignitions and favorable underlying 682 

fuel conditions. 683 

Furthermore, the selection of the three hydro-climatic variables and their target anomalies 684 

was determined post-hoc based on their extreme departure from the baseline prior to this 685 

specific event. The additive nature of the HFFI equation also mathematically allows an extreme 686 

anomaly in one variable to compensate for a less fire-conducive state in another. Finally, utilizing 687 

a point-based centroid baseline to standardize coarser 50 km hemispheric grids introduces a scale 688 

mismatch that may smooth localized climatic extremes. 689 

Spatial resolution is another important limitation. The circumpolar HFFI analysis was 690 

conducted at 50 km resolution, which is appropriate for identifying broad regional patterns but 691 

cannot resolve the fine-scale heterogeneity of peatland hydrology, vegetation, topography, or fuel 692 

structure. In addition, the peatland dataset used to estimate exposure operates at 1 km resolution 693 

and is itself subject to uncertainty in both peatland delineation and estimates of peat carbon 694 

storage. The 252,771 km² of peatland without MCD64A1-detected burned area during 2001–695 

2025 identified in Figure 7 and Table 2 should therefore be interpreted as a regional-scale 696 

estimate of potentially HFFI-exposed peatland area and carbon, rather than a precise delineation 697 

of individual peatlands or their carbon stocks and susceptibility to burning. Furthermore, the use 698 

of SMAP surface soil moisture limits the representation of peatland hydrological conditions, as 699 

the 0–5 cm surface layer does not directly characterize deeper peat moisture or water-table 700 

position, which strongly influences smouldering combustion. 701 

Similar caution is required when interpreting the fire-history layer. The circumpolar 702 



burned/unburned classification was derived from MCD64A1 burned-area data for 2001–2025 703 

rather than from the VIIRS active-fire footprints used in the Western European comparison. 704 

While the MCD64A1 layer provides a consistent global record, moderate-resolution surface 705 

reflectance algorithms often struggle to map peatland fires; for instance, recent updates to the 706 

Global Fire Emissions Database (GFED5) noted that large omission errors prevent the direct 707 

use of the MCD64A1 product for accurately estimating burned area in tropical peatlands (Chen 708 

et al. 2023). Consequently, our classification of peatlands without MCD64A1-detected fire 709 

history likely includes some areas that experienced undetected low-intensity, small, or 710 

subterranean burning. Furthermore, this binary classification records whether burned area was 711 

detected at least once during the observation period but does not distinguish the number, timing, 712 

or severity of individual fire events. 713 

The carbon estimates represent soil organic carbon stock contained within the mapped 714 

peatland areas. They do not represent carbon emissions, carbon loss, or the amount of carbon 715 

that would necessarily be combusted in a future fire. Actual carbon emissions would depend on 716 

ignition, fire behavior, water-table conditions, peat properties, burn depth, and combustion 717 

completeness, none of which are quantified by the HFFI exposure analysis. 718 

Taken together, these limitations define the appropriate role of the HFFI in this study. Its 719 

principal value is not as a standalone forecasting tool, but as a consistent empirical benchmark 720 

linking the hydro-climatic conditions observed before the High Fens Fire with their occurrence 721 

elsewhere across the HNL. Combined with the satellite-based characterization of the fire itself, 722 

the regional fire comparison, and the peatland carbon overlay, this framework provides a way to 723 

place a single unexpected wildfire within a much broader environmental context. 724 

6. Conclusions 725 

The 2026 High Fens Fire was an unusually large wildfire in Belgium, demonstrating that 726 

extensive peatland fires can occur outside the traditionally studied boreal and Arctic regions. The 727 

strong spatial heterogeneity in the post-fire surface response highlights that the consequences of 728 

peatland fire cannot be inferred from burned area alone, particularly because combustion depth 729 

and associated carbon loss cannot be directly determined from Sentinel-2 surface reflectance 730 

observations. 731 

The environmental conditions preceding the fire indicate the circumstances under which 732 

peatland fires may emerge in regions where they have historically been uncommon. The severe 733 

combination of high temperature, atmospheric dryness, and declining surface soil moisture 734 

preceding the High Fens Fire also occurred across extensive areas of southern Canada, Europe, 735 

and southern Siberia. Crucially, these conditions intersected with large areas of peatland that 736 

lacked detected fire activity between 2001 and 2025. The substantial carbon stocks within these 737 

exposed, unburned peatlands highlight a major vulnerability in the northern carbon pool as 738 

extreme hydro-climatic anomalies occur. However, because ignition, fuel conditions, and local 739 

hydrology ultimately dictate fire behavior and carbon release, the HFFI serves best as an 740 

empirical benchmark for identifying environments experiencing comparable pre-fire extremes, 741 

rather than as a standalone emissions model. 742 

This study also demonstrates the value of multi-scale satellite remote sensing for responding 743 

to unexpected wildfires. Near-real-time VIIRS active-fire observations provide early indications 744 



of fire activity and regional significance, while higher-resolution Sentinel-2 and Landsat 745 

observations rapidly delineate the affected footprint and characterize spatial burn severity. 746 

Moving beyond remote sensing, the High Fens event provides a uniquely accessible natural 747 

laboratory. Because historically wet, temperate peatlands are rarely exposed to such severe drying 748 

and combustion, this site offers a logistically feasible opportunity for ongoing, field-based 749 

ecological research. Long-term field monitoring of the High Fens burn scar, integrated with 750 

satellite observations, will yield foundational insights into how carbon-dense ecosystems respond 751 

to novel fire regimes, ultimately reducing uncertainties in biogeochemical modeling under a 752 

warming climate. 753 
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