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 6 

Abstract. This article presents the CONUS Fire EXtent (CONFEX) database. CONFEX is based on the VIIRS S-NPP 7 
375 m active fire product and provides wildfire perimeters, centroids, ignition locations, and start and end dates for 8 
the period 2012–2024 across CONUS and Alaska. The algorithm extracts hotspot detections from VIIRS S-NPP, 9 
clusters them into fire events using a spatio-temporal DBSCAN approach and derives a perimeter polygon and centroid 10 
for each event, assigning event-level attributes. When evaluated against MTBS using regional area-threshold filters, 11 
the algorithm obtained area-based F1 scores of 67% (western CONUS; >1000 acres), 77% (Alaska; >1000 acres), and 12 
26% (eastern CONUS; >500 acres). When evaluated against California FRAP (excluding the 2020 tuning year), an 13 
area-based F1 of 69% was found, demonstrating the ability to aggregate VIIRS hotspots into spatially and temporally 14 
coherent fire events. To our knowledge, CONFEX is the first publicly available, moderately high-resolution wildfire-15 
extent dataset developed for the CONUS and Alaska regions using the VIIRS S-NPP 375 m active fire product. The 16 
database provides a valuable resource for researchers to study fire regimes in CONUS and Alaska. 17 

1. Introduction 18 

Wildfire is a natural ecological process and a crucial component of the carbon cycle (Santín et al., 2015). The 19 
implementation of fire suppression policies, curtailment of indigenous fire stewardship, mass deforestation of fire-20 
resistant tall trees for fuel purposes, ever increasing thirst for inhabiting wildlands, and the influence of climate change, 21 
have contributed to the current fire pandemic (Greenler et al., 2024; Martinez et al., 2023; Copes-Gerbitz et al., 2024). 22 

Wildfire activity in the western fire regime of the continental United States has intensified significantly over the past 23 
two decades, and this increasing trend in frequency and severity is expected to continue (Westerling, 2016; Harvey, 24 
2016; Westerling et al., 2006; Iglesias et al., 2022; Holden et al., 2018; Brown et al., 2004). 25 

Amplified wildfire regime has a severe impact on the biosphere. Climate change and wildfires reinforce one another 26 
in a positive feedback loop, with the latter leading to the release of more greenhouse gases, like CO2 and NOx, into 27 
the atmosphere from biomass burning further aggravating the already hot planet (Barbero et al., 2014). The permafrost 28 
thaw and the wildfire regime in the boreal forests create a positive feedback loop, with the former, caused by a 29 
changing climate, leading to drier and warmer near-surface conditions, increasing fire propagation capacity; the latter 30 
leading to ground subsidence, thickening of the organic content of surface soil layer, changes in the vegetation from 31 
coniferous to broad leafed, all leading to increased permafrost thaw (Kim et al., 2024; Kornei, 2020; Li et al., 2021). 32 
Massive fires can inject smoke into the stratosphere, altering aerosol loading and stratospheric ozone chemistry 33 
(Hirsch & Koren, 2021; Ma et al., 2024). At the surface, wildfire destroys the top layer of the soil leading to enhanced 34 
erosion and runoff, increasing the probability of flooding events (Wieting et al., 2017; DeBano, 1991). 35 

Researchers have been trying to understand these complex and increasingly intense interactions between climate 36 
forcings and wildfires, resulting in a notable increase in studies related to wildfires over the past decade. Three 37 
prominent areas in this research are predicting the regions ripe for wildfires, especially at the urban wildland interface 38 
and along utility distribution lines (Taylor et al., 2024; Barzani et al., 2024; Syphard et al., 2024); real-time wildfire 39 
monitoring (Tong et al., 2024; Zhao & Ban, 2025; Briley & Afghah, 2024); and modelling the propagation of an 40 
already ignited fire, to effectively dispose of suppression resources ( Hu et al., 2024; Sadrabadi & Innocente, 2024; 41 
Pereira et al., 2024). These fields need accurate, detailed and global datasets which can be utilized to study not only 42 
the spatial distribution of these fires, but also the temporal and spatial evolution of such fires, given the topographic 43 
expanse. 44 

Wildfire related data can be acquired through manual or remote sensing methods. Manual methods primarily consist 45 
of firefighting units monitoring fires, and of forest service departments surveying burnt areas post-fire. After 46 
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monitoring and surveying, wildfire reports are created based on collected data and made available for public 47 
knowledge. The information recorded typically includes characteristics like probable cause of fire, amount of area 48 
burnt, and the extent of damage inflicted (Porter et al., 2019; Brown et al., 2002; Short, 2022). Manual data has been 49 
the primary mode of collection for centuries, and in the case of ignition near urban centers, proves reliable concerning 50 
details such as the location of ignition, possible reason, initial mode of spread, and the level and type of discomfort 51 
and damage. This provides valuable knowledge for preparing for future fires, through development of more resilient 52 
urban infrastructure. However, this data is most accurate at urban or urban wildland interfaces, since these areas have 53 
been the priority for centuries. 54 

Remote sensing methods include satellite and low elevation airborne instruments. Broadband spectral sensing and 55 
hyperspectral sensing are the two competing surveillance techniques currently in use (Barmpoutis et al., 2020; 56 
Dennison & Roberts, 2009; Veraverbeke et al., 2018). In the case of active fire detection, both reside in the short-57 
wave near infrared (1.2 – 2.5 µm) to mid infrared range (3 – 5 µm), where there is a noninterference window, while 58 
the nearest infrared (0.7 – 1.2 µm) and visible range (0.4 - 0.7 µm) are not useful due to smoke interference 59 
(Veraverbeke et al., 2018). Another spectral range utilized for detecting active fires is the thermal infrared band (8 – 60 
12 µm), due to significant fire emissions and the presence of a window in the atmospheric absorption spectrum, 61 
however it is close to the earth’s average temperature emission peak (~ 9.7 µm). Burnt area mapping is usually done 62 
by utilizing the differences in the land cover and moisture differences, and for this microwave spectral region can be 63 
utilized especially for negating cloud interferences. Infrared and visible regions are widely employed and are very 64 
efficient, except for cloud interference (Leblon et al., 2016). 65 

Over the past two decades, a diverse suite of fire event datasets has been developed using spaceborne and ground-66 
based observations, each tailored to specific scientific goals. Global Fire Atlas (Andela et al., 2019) reconstructs fire 67 
events from the MODIS burned area product (500 m resolution) by tracking daily burned pixel progression, providing 68 
insights into fire growth dynamics and spread direction. The FRY global database (Laurent et al., 2018) emphasizes 69 
morphological fire traits creating two datasets with different spatial resolutions, one with MODIS (2000-2017) and 70 
the other with MERIS (300 m resolution; 2005-2017)) burned pixels into consistent fire patches, creating two separate 71 
datasets, while GlobFire (2001-2017; Artes et al., 2019) produces globally harmonized fire perimeters using threshold-72 
based merging of MODIS detections. 73 

Regionally focused efforts include FIRED (Balch et al., 2020), which creates a fire inventory (2001-2019) for the 74 
CONUS region using MODIS burned area data, FEDS (2012-2020; Chen et al., 2022) and Firelytics (2012-2022; 75 
McClure et al., 2023), which leverage higher-resolution VIIRS data (375 m resolution) and state agency records to 76 
generate rich, dynamic fire characterizations, particularly in California. Short (2022) is one of the most comprehensive 77 
ground-based datasets for CONUS, spanning across 28 years from 1992 -2020. The fire entries are obtained from 78 
local, state and federal organizations. The Fire and Resource Assessment Program (FRAP) dataset is another 79 
comprehensive wildfire database for California, based primarily on ground-based reports and incident records. While 80 
not directly derived from satellites, FRAP can complement spaceborne datasets (e.g., MODIS, VIIRS) for validation 81 
and analysis. The Monitoring Trends in Burn Severity Index (MTBS) project uses Landsat imagery (30m) to create a 82 
dataset containing extent of fire and burn-severity for large fire (>500 acres in the east CONUS, and >1000 in the west 83 
CONUS and Alaska) in the CONUS, Alaska and Hawaii regions (Finco et al., 2012). While these datasets offer 84 
valuable insights, they are often limited by coarse spatial resolution (e.g. FIRED), outdated temporal coverage (e.g. 85 
FEDS, Short, MERIS, FRY), restricted geographic scope (e.g. FRAP, FEDS), omission of smaller fires (e.g. MTBS) 86 
or reliance on specific satellite products (e.g. FEDS, Global Fire Atlas). 87 

In this article we present a wildfire dataset - the CONUS Fire Extent (CONFEX). CONFEX is developed based on 88 
the VIIRS 375 m active fire product, and was designed to fill the above mentioned gaps, as it uses a moderately high 89 
resolution VIIRS S-NPP product available on a global scale, at a high temporal resolution (2 - 4 passes per day), 90 
providing an up-to-date (2012-2024) and publicly accessible dataset for CONUS and Alaska region. VIIRS (3060 km) 91 
has a relatively larger swath than its heritage sensor MODIS (2330 km). MODIS achieves near-daily global coverage 92 
but with small gaps near the equator, whereas VIIRS swath overlap enables full global coverage about every 12 hours 93 
(NASA Earthdata, 2026; LAADS, n.d.; Dark Target, n.d.). Through a system of pixel aggregation techniques, VIIRS 94 
controls pixel growth towards the swath edges, resulting in minimal degradation in pixel resolution at the swath edges 95 
away from nadir.  96 

https://doi.org/10.5194/essd-2026-116
Preprint. Discussion started: 19 March 2026
c© Author(s) 2026. CC BY 4.0 License.



3 
 

Section 2 provides an overview of satellite wildfire measurements. Section 3 describes the motivation and 97 
methodology used to develop the dataset. Section 4 summarizes key data characteristics and presents case studies of 98 
some well-known fires. 99 

2. Satellite Wildfire Measurements 100 

Satellite fire surveillance came into use a decade and a half after the beginning of the era of meteorological satellites. 101 
The quality of satellite-based fire data is contingent on the orbital type, the instrument used, and the accuracy of the 102 
algorithm converting the received signal into actual values. Dozier (1981) provided the basis of the earliest method of 103 
extracting remote sensing wildfire data from the passive Advanced Very High-Resolution Radiometer (AVHRR) 104 
imagery (3.55 – 3.83 µm and 10.5 -11.5 µm channels) onboard the National Oceanic and Atmospheric Administration 105 
(NOAA) managed NOAA-6 satellite of the Television Infrared Observation Satellite-N series (TIROS-N) (Nordin & 106 
Aziz, 2007). The same algorithm was applied to the imagery (3.9 and 11.2 µm channels) from the Visible Infrared 107 
Spin Scan Radiometer Atmospheric Sounder (VAS) on board the NOAA’s Geostationary operational environmental 108 
satellite (GOES). In 1994 the Cooperative Institute for Meteorological Satellite Studies (CIMSS) developed an 109 
automated biomass burning algorithm (ABBA) to classify the VAS pixels for fire, essentially for monitoring basin-110 
wide biomass burning over South America, while still relying on the Dozier (1981) method (Prins & Menzel, 1994). 111 
With the 1994 launch of GOES-8, the temporal resolution was improved to 15 minutes, and the IR resolution was 112 
improved to 4 km (Kaufman et al., 1998). More detailed information on the early evolution of fire detection techniques 113 
using AVHRR onboard NOAA 6 – 14 can be found in the article written by Kaufman et al. (1998). 114 

The Moderate Resolution Imaging Spectroradiometer (MODIS) instrument was launched onboard the two Earth 115 
Observing Mission (EOM) satellites: Terra, in 1999, and Aqua, in 2002 (Xiong et al., 2015). The MODIS instrument 116 
has 4 special fire channels: 2 each for 4 µm and 11 µm, with 500 m spatial resolution, and the algorithm used for its 117 
data quantification is provided by Giglio et al. (2003, 2016, 2021). The Landsat 7 imagery and Advanced Spaceborne 118 
Thermal Emission and Reflection Radiometer (ASTER) imagery are used for validation of the MODIS product. The 119 
brightness temperatures from 1 km MODIS channels for 12 µm, 11 µm, and 4 µm are used for deriving the fire 120 
product. For sunlight hours, aggregation to 1 km of reflectance of 2.1 µm, 0.85 µm and 0.65 µm are employed. The 121 
swath imagery is checked for fire pixels by the algorithm, and each pixel is defined as unknown, fire, non-fire, cloud 122 
or missing data. 123 

The Visible Infrared Imaging Radiometer Suite (VIIRS) instrument (continuing the heritage of AVHRR and MODIS 124 
instruments) was launched in October 2011 onboard the Suomi National Polar-Orbiting Partnership (S-NPP), and 125 
subsequently onboard NOAA-20 (in 2017) and NOAA-21 satellites (in November 2022), as part of the EOM (Justice 126 
et al., 2013; Cao et al., 2018; Xiong & Butler, 2020; Xiong et al., 2023). The VIIRS has 22 moderate 750 m resolution 127 
M bands, and 6 high 375 m resolution I bands. The temporal resolution is 12 h or less, and the threshold for fire 128 
detection at nighttime is as low as 5 m2 (Schroeder et al., 2014). Each VIIRS instrument (S-NPP, NOAA-20, and 129 
NOAA-21) has a ~3,040 km swath and completes ~14 sun-synchronous orbits per day (orbital period ~100 min), 130 
resulting in ~2 overpasses per day at the equator and ~3–4 at mid-latitudes. The wide swath also produces modest 131 
overlap between successive orbits at the equator (~15%), supporting full global coverage on approximately a 12-hour 132 
(twice-daily) cycle (NASA, 2016; Remote Sensing Systems, 2016; eoPortal, 2022; Cao et al., 2013; NASA Earthdata, 133 
2026). For this study, only the S-NPP VIIRS data were used because they provide a continuous record since late 2011, 134 
while NOAA-20, launched in 2017, offers a shorter time span. The S-NPP VIIRS sensor data record has been 135 
extensively validated and is suitable for long-term analyses (Cao et al., 2013). 136 

VIIRS 750 m channel Active Fire Application Related Product (ARP) was built on the MODIS Collection 4 algorithm, 137 
applying the same tests to the VIIRS 750 m multi-spectrum (Justice et al. 2013). In subsequent upgrades the VIIRS 138 
750 m product featured a pixelated parameter, for fire characterization, and a 2D image classifier (Schroeder et al. 139 
2014). The VIIRS 750 m product is based on the 4 µm and 11 µm channel data. A new nighttime algorithm uses the 140 
Day-Night Band (DNB) and 1.61 µm channel for sub pixel high temperature and gas flare detection at night (Elvidge 141 
et al., 2013). 142 

The VIIRS 375m channels are also used for fire detection. The product algorithm processes five I band, and one M 143 
band, given in Figure 1. The five channels of I band extend from the mid to thermal infrared region and are therefore 144 
effective for detecting fires. I4 (3.55 – 3.93 µm) is the main channel for fire detection and distinguishes between 145 
subpixel fires and non-fires, with a 367 K saturation temperature (Schroeder et al. 2014). This channel is 0.3 µm below 146 
the M13 channel (3.973 – 4.128 µm) which corresponds to the VIIRS 750 m ARP. Channel I5 (10.5 – 12.4 µm) is the 147 
thermal channel against which the I4 channel checks for non-fires. The rest of the three channels are used in the 148 
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algorithm for water body discrimination, sun glint and clouds. For validation of VIIRS 375 imagery, Landsat- 8 data 149 
is used. 150 

 151 

Figure 1: Channels used in the 375 m active fire detection algorithm (adapted from Schroeder & Giglio, 2016) 152 

3. Methodology  153 

3.1 Motivation 154 

The product described in this manuscript was created due to lack of a comprehensive and spatially consistent wildfire 155 
dataset product for the CONUS and Alaska regions. Three widely used databases are analyzed in Figure 2: the ground-156 
based dataset by Short (2022), and the MODIS and VIIRS satellite pixel products from NASA fire information for 157 
resource management system (NASA FIRMS, n.d.). The Short database was created to supplement the National fire 158 
program analysis (FPA) system. There are some spatial inconsistencies in the Short database even though significant 159 
improvements were made to the current version compared to previous versions. Further, it lacks fire extent or 160 
perimeter information. The MODIS and VIIRS S-NPP fire product from NASA FIRMS were just the fire pixels or 161 
hotspots and not actual fires. By comparing the MODIS and the VIIRS products, we found that the number of fire 162 
pixels in VIIRS is significantly higher than the one detected by MODIS, due to the higher resolution.   163 

 164 

Figure 2: Comparison of short (2022) database and MODIS firms hotspot product for the Northeast CONUS 165 
for 2001. Basemap/imagery credit: Sources: VCGI, Esri, TomTom, Garmin, FAO, NOAA, USGS, EPA, 166 
USFWS | Powered by Esri. 167 
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To address the shortcomings related to lack of spatial extent, spatial inconsistency, different resolutions and 168 
identification of hotspots instead of actual fires, we developed a novel CONUS Fire Extent (CONFEX) product for 169 
CONUS and Alaska, based on the VIIRS hotspot (or fire pixel) data from NASA FIRMS. 170 

We developed the final product from 2012 through 2024 based on the availability of the NASA FIRMS data. The 171 
CONFEX database contains the area, the start date, the end date, the centroid location and perimeter of the fire. Some 172 
earlier products based on MODIS and VIIRS (Artés et al., 2019; Chen et al., 2022) were an aid to the work, but there 173 
is no database of this kind based on VIIRS 375 S-NPP for the CONUS and Alaska to the authors’ knowledge. 174 

3.2 Data Preprocessing: 175 

We used the standard VNP14IMGML (S-NPP) csv data from the NASA FIRMS (NASA FIRMS, n.d.) for the period 176 
2012 - 2024. We filtered the data to keep only the vegetation type. We excluded low-confidence detections that are 177 
often glint, water, or false alarms, and we only kept nominal and high confidence pixels that the algorithm considers 178 
physically valid and robust detections (Schroeder & Giglio, 2016; Schroeder et al., 2014). 179 

3.3 Algorithm Description: 180 

First, the hotspots are converted into the EPSG:5070 projected coordinate system to enable consistent planar distance, 181 
area, and shape calculations across the study domain (Figure 3). All geometric operations are performed in 182 
EPSG:5070, while CONUS and Alaska land-cover/fuel rasters are sampled/clipped using their respective raster 183 
extents. Although EPSG:5070 is optimized for CONUS, we retained it for Alaska in order to maintain a single 184 
consistent planar coordinate system across the entire dataset, and to avoid reprojection-induced inconsistencies in 185 
clustering and geometry construction. Following this, the algorithm maps each hotspot to a 3D normalized feature 186 
vector (x/d, y/d, t/Δt). We then run DBSCAN with the Chebyshev metric and ε = 1, which is equivalent to using a 187 
custom spatio-temporal distance that enforces 2000 m and 48 h thresholds. There are multiple approaches for 188 
clustering hotspot detections: (i) partition based clustering, which needs a target number of clusters (k) as input and 189 
thus is not a good option; (ii) hierarchical clustering,  which operates by building a tree or dendrogram and is very 190 
hard to stop correctly; and (iii) density-based clustering, which selects areas of high density, can identify arbitrary 191 
shapes and noise naturally, and does not need k as input. Due to the highly irregular spatial patterns of fire spread and 192 
the presence of noise in hotspot detections, we selected the density-based clustering. In separate sensitivity 193 
experiments (which were not part of the operational pipeline), we compared DBSCAN and HDBSCAN, the most 194 
common density-based techniques, by checking the duration bins of resulting fires, and found that HDBSCAN was 195 
forming unrealistically long-duration fires based on fire durations from FRAP fire event datasets.  We tested several 196 
parameter sets, and the d1500 t48 α0.001 run produced the least fires crossing the 200-day duration period which was 197 
30, compared to no such fires for DBSCAN for the same run as well as our preferred configuration i.e. d2000 t48 198 
α0.001.  Therefore, our algorithm uses DBSCAN, for clustering using custom spatiotemporal distance metrics. The 199 
clustering distance threshold is 2000-meters, and the temporal distance threshold is 48-hours, which assumes that if 200 
no fire is detected over multiple overpasses in a period of 2 days, the initial fire has stopped (or has been contained). 201 
In DBSCAN, the algorithm uses Chebyshev 3D metric and an epsilon value of 1 to develop clusters. Using Chebyshev 202 
distance on the normalized feature space enforces independent hard thresholds in space and time; two detections can 203 
be linked only if both the normalized spatial separation and normalized temporal separation are ≤ 1. Geometrically, 204 
this corresponds to an axis-aligned neighborhood in the normalized space rather than a spherical (Euclidean) 205 
neighborhood. We did not use Euclidean distance, as it allows for tradeoffs between dimensions (e.g., a large temporal 206 
separation can be offset by small spatial separation), while our intent was to enforce explicit maximum thresholds in 207 
both space and time. Additionally, Euclidean neighborhoods impose a different geometry that does not correspond to 208 
independent thresholding in each dimension. Each cluster is taken as a candidate fire event. We used the NLCD land 209 
cover data (MRLC, n.d.) from the year 2016 (since this is the most recent data available for Alaska), to classify the 210 
clusters into forest and non-forest clusters. The forest classes are: Deciduous Forest (41), Evergreen Forest (42) and 211 
Mixed Forest (43). If >50 % of the pixels reside in {41, 42, 43}, the algorithm classifies the cluster as a forest cluster.  212 

Once we get the cluster level pixels, the algorithm assigns final burnt perimeter shapes to the candidate fire events 213 
based on the number of cluster pixels and their arrangement. For every cluster with more than 3 pixels, the algorithm 214 
fits an alpha shape to generate the final perimeter. Alpha shape is a generalization of the convex hull created by 215 
wrapping around the concavities to provide a realistic lobed fire boundary rather than a smooth convex boundary. The 216 
alpha value determines the tightness of the shape. 217 
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For clusters with ≥4 hotspots, the algorithm conducts Delaunay triangulation, retaining triangles when the 218 
circumradius is < 1/α (α=0.001). The retained edges are then polygonized to form an alpha shape (concave hull); if no 219 
triangles satisfy the criterion, the method falls back to the convex hull, which is the smallest convex shape enclosing 220 
all the points. We use alpha shape as our primary method, as the convex hull tends to overestimate the fire area.    221 

For 3-point clusters, if any triangle angle is <5° our algorithm treats the points as nearly collinear; in that case, it 222 
constructs per-pixel anisotropic ellipses using the VIIRS scan/track dimensions and unites them to define the 223 
perimeter. The same ellipse/union logic is applied for 1- and 2-point clusters. However, if the three points are not 224 
collinear, the algorithm falls back on convex hull.  For clusters with alpha shape and convex hull-defined perimeters, 225 
the algorithm provides an increased 187.5m buffer to the perimeter, which is half of the nadir VIIRS pixel size, while 226 
there is no buffer provided for ellipse-based shapes. Once the algorithm generates the shapes, the 13 Anderson Fire 227 
Behavior Fuel Models 2024 - FBFM13 land 30m resolution tiff files (Soluk, 2024) are used to clip the unburnable 228 
regions out of the final perimeters. To create the mask, we used classes 91 (NB1 Urban / Developed), 92 (NB2 229 
Snow/Ice: perennial snow or ice), 98 (NB8 Open Water: lakes, rivers, reservoirs and other water surfaces), and 99 230 
(NB9 Bare Ground: land devoid of enough fuel to support wildland fire spread). After clipping with the LANDFIRE 231 
nonburnable mask, the removed interior patches smaller than 120×120 m² are added back to reduce small-hole 232 
artifacts. 233 

After the algorithm assigns the final shapes, it calculates the areas of the resultant concave/convex polygons (or 234 
ellipsoid shapes). The final dataset consists of geospatial fire-event objects, each corresponding to a single cluster. 235 
Attributes include ignition time and location, end time, burned area, and perimeter centroid coordinates (Figure 4).  236 
Moreover, the algorithm generates a CSV file in which each row corresponds to a summary of the most important 237 
attributes of each cluster’s geodata frame.  238 

 239 

Figure 3: Algorithm for developing CONFEX from VIIRS S-NPP 375 m data. 240 
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3.4 Parameter Tuning: 241 

We decided the distance and time thresholds for the Chebyshev method and the alpha value based on a parameter 242 
tuning validation test on a dataset of 2020 fires in the state of California. For this test we used the 2020 FRAP data 243 
(CAL FIRE FRAP, n.d.) as the standard. FRAP is the most comprehensive California wildfire dataset, and 2020 was 244 
the most destructive year in the state’s history, burning approximately 4.2 million acres (Office of Environmental 245 
Health Hazard Assessment (OEHHA), 2022). For the distance threshold, we checked 750m, 1000m, 1500m, and 246 
2000m; for the time we checked 48h, 72h, 96h, 120h, and 144h; and for the alpha we checked 0.001, 0.01, and 1. In 247 
Table 1 we present the top 10 F1 scores. 248 

Table 1: Parameter tuning results from multiple simulation test runs of the CONFEX algorithm for 249 
California state using FRAP as validation dataset. 250 

Distance 

(m) 

Time 

(h) 

Alpha Precision 

Object 

Recall 

Object 

F1 

Object 

Precision 

Area 

Recall 

Area 

F1 

Area 

750 48 0.001 0.187 0.260 0.217 0.887 0.882 0.884 

750 72 0.001 0.164 0.270 0.204 0.882 0.886 0.884 

1000 48 0.001 0.193 0.260 0.221 0.869 0.898 0.883 

750 96 0.001 0.145 0.281 0.191 0.880 0.887 0.883 

2000 48 0.001 0.223 0.270 0.245 0.861 0.907 0.883 

1500 48 0.001 0.208 0.270 0.235 0.861 0.906 0.883 

750 120 0.001 0.128 0.281 0.176 0.878 0.887 0.882 

1000 72 0.001 0.154 0.270 0.196 0.864 0.901 0.882 

750 144 0.001 0.108 0.281 0.156 0.876 0.888 0.882 

1500 72 0.001 0.160 0.276 0.203 0.857 0.907 0.882 

 251 

Figure 4: Spatial comparison of CONFEX fire perimeters overlaid with FRAP fire perimeters, for 2020, across 252 
the state of California. Basemap/imagery credit: Sources: Esri, Earthstar Geographics | Powered by Esri. 253 

The α parameter strongly controls the output quality with 0.001 consistently producing the best F1 scores, across 254 
distance time combinations (Table 1). Based on the analysis, we can see that the 2020 California d2000 t48 α0.001 255 
run (Figure 4) hit the sweet spot in terms of both F1 object and F1 area score. We further evaluated the realism of 256 
our derived fire events by comparing the duration distribution of 2020 California d2000 t48 α0.001 run (> 2 days: 257 
assuming fires < 2 days as noise) perimeters with that of official FRAP 2020 (>2 days) fire records (Table 2). 258 
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Table 2: Comparison of fire duration for various simulation test runs of CONFEX against the FRAP dataset 259 
for the year 2020, for all fires > 2days. 260 

Duration 

Bin 

(days) 
Fire count for distance and time threshold combinations for α = 0.001 

FRAP 

(2020) 

 

d750 

t48 

d750 

t72 

d750 

t96 

d750 

t120 

d750 

t144 

d1000 

t48 

d1000 

t72 

d1500 

t48 

d2000 

t48 

2-7 287 312 348 377 408 257 311 235 226 95 

7-35 65 71 86 99 150 58 65 51 49 65 

35-60 3 3 3 1 3 3 3 2 2 10 

> 60 4 5 5 6 6 4 5 5 5 26 

 261 

The longest fire duration for the 2020 California d2000 t48 α0.001 run (> 2 days) was 76.5 days. There were 20 fires 262 
in the FRAP2020 dataset which lasted for more than 76.5 days. We took a shapefile of these 20 FRAP2020 fires, and 263 
subsetted the 2020 California d2000 t48 α0.001 run (>2 days) perimeters which overlapped or touched these 20 264 
FRAP2020 perimeters spatially and temporally. We found that only 16 FRAP perimeters had overlapping 2020 265 
California d2000 t48 α0.001 run (>2 days) perimeters which were 88 in number, while 4 perimeters from the FRAP 266 
did not have any overlapping 2020 California d2000 t48 α0.001 run (>2 days) perimeters. The 16 overlapping FRAP 267 
perimeters had an acreage of 2,408,330 acres, while the 4 unrepresented fires had durations of 92, 88, 122, & 188 days 268 
with acreage of 133.3, 30.2, 17.1 and 4.4 acres respectively. We checked the confusion matrix for the overlapping 88 269 
2020 California d2000 t48 α0.001 run (>2 days) perimeters with all the 20 FRAP2020 fires over the entire California 270 
state (Table 3) and found most of the area was represented by the 88 perimeters, 62 of which had less than 10-day 271 
durations. The remaining 26 had an acreage of 2,673,916 acres, and the other 62 had an acreage of 2,879.09 acres, it 272 
is also possible that these two groups overlap. 273 

 274 

Figure 5: Spatial comparison of CONFEX against FRAP for 4 of the 20 longest duration fires in FRAP. 275 
Basemap/imagery credit: Sources: Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap 276 

contributors and the GIS community | Powered by Esri. 277 
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Table 3: Confusion matrix of overlapping CONFEX fire perimeters (2020 California d2000–t48–α0.001; >2-278 
day fires) with the 20 longest-duration FRAP 2020 fire perimeters across the state of California. 279 

Precision 

Object 

Recall 

Object 

F1 

Object 

Precision 

Area 

Recall 

Area 

F1 

Area 

0.295 0.867 0.441 0.883 0.988 0.933 

From this analysis we concluded that the FRAP durations were not representative of the spread or acreage of the fires 280 
and were mostly exaggerated due to low temperature residual smoldering fires, which have a low likelihood of capture 281 
by VIIRS as a temperature anomaly. For this reason, we decided to opt for the d2000 t48 α0.001 combination. 282 

3.5 Validation:  283 

We performed external validation by using the interagency wildfire product MTBS, which provides perimeter 284 
shapefiles data with different criteria for the western CONUS plus Alaska (>1000 acres) and the eastern CONUS 285 
(>500 acres) (Figure 9a). For validation we divided our dataset into Western CONUS, keeping only perimeters >1000 286 
acres, Eastern CONUS (> 500 acres), and Alaska (>1000 acres). MTBS dataset is available from 1984 to 2023. We 287 
checked the yearly F1 area scores for all three regions (Figure 6).  288 

 289 

Figure 6: Yearly variation of F1 scores for the different regional datasets of CONFEX against MTBS (2012-290 
2023), using the MTBS area filters. 291 

Table 4: Confusion matrix quantifying the spatial overlap between CONFEX fire perimeters and MTBS and 292 
FRAP (excluding the 2020 tuning year) reference fire perimeters for the 2012-23 fire seasons. The object-293 
based (F1ₒbⱼ) evaluation used an Intersection-over-Union (IoU) threshold of 0.1. 294 

Region Area 

Threshold 

Precision 

Obj 

Recall Obj F1 obj Precision 

area 

Recall area F1 area 

West 

CONUS 

(MTBS) 

1000 ac 0.41 0.61 0.48 0.71 0.65 0.67 

Alaska 

(MTBS) 

1000 ac 0.57 0.78 0.64 0.87 0.69 0.77 

East 

CONUS 

(MTBS) 

500 ac 0.17 0.42 0.24 0.23 0.33 0.26 

California 

(FRAP) 

(exc. 2020) 

None 0.03 0.32 0.06 0.60 0.82 0.69 
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The F1 area scores were consistently high for Alaska [0.65, 0.8], and Western CONUS [0.50, 0.80], especially for the 295 
intense fire seasons of 2020 (0.80) and 2021(0.80) (Figure 6). However, the results were poor for the Eastern CONUS 296 
region [0.11, 0.35].  297 

The reason behind the low F1 score for Eastern CONUS is the high number of false positives (9,084), which is nearly 298 
five times the number of true positives (1,916). This demonstrates that CONFEX identifies substantially more fire 299 
activity than MTBS. At the same time, a significant fraction of false negatives (2703) indicates that CONFEX does 300 
not fully replace MTBS for capturing large fires; rather, the two products complement each other. Another feature of 301 
CONFEX is that it can identify separate ignitions that are represented as a single fire by MTBS (Figure 7). Because 302 
of the low frequency of overpass for Landsat 30 m, it cannot temporally resolve fires which start separately and may 303 
merge within the overpass gap. The Soberanes fire is one such example: CONFEX identifies it as two separate large 304 
fires based on ignition, whereas MTBS represents it as a single fire. 305 

 306 

Figure 7: Evolution of two distinct fires that eventually merge; in MTBS, they are represented as a single fire. 307 
Basemap/imagery credit: Sources: Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap 308 

contributors and the GIS community | Powered by Esri. 309 

The validation of CONFEX was also performed using the historical wildland fire perimeter database incorporated in 310 
the California Fire and Resource Assessment Program (FRAP) for 2012–2023, excluding the 2020 tuning year. 311 
Object-based agreement with FRAP was low (F1 obj = 0.06) because FRAP perimeters represent incident-based 312 
administrative fire events that may integrate multiple separate ignitions and growth episodes into a single complex 313 
fire object. Since CONFEX explicitly represents individual ignitions and temporally separated fire growth, multiple 314 
CONFEX fire objects are often nested within a single FRAP incident perimeter. The one-to-one object-matching 315 
criterion imposes a severe penalty in this situation, leading to very low object-based precision (≈0.02–0.05) and 316 
consequently low F1 obj scores. 317 

In contrast, coverage-based agreement between CONFEX and FRAP was high (mean F1 area = 0.69; precision area 318 
= 0.60; recall area = 0.82), indicating strong consistency in both the spatial location and extent of burned areas. Taken 319 
together, these results demonstrate that CONFEX adds value to FRAP by providing detection-inferred ignition 320 
location and characterization of fires with complex growth behavior at substantially higher temporal resolution than 321 
incident-based perimeter products. 322 

4. Data Characteristics and discussion 323 

In this section, we analyzed the CONFEX database in order to provide an overview of its spatial and temporal 324 
characteristics. The year characterized by the largest burnt area was 2020, with 62337.6 Km2, followed by 2021 325 
(Figure 8a). The data also shows a very high interannual variability, the burnt area in 2023 is less than half of 2020.  326 
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Figure 8: a) Time series for total area burned and total fire counts each year based on the CONFEX; b) Time 327 

series for number of fires each month across years in CONFEX. 328 

The fire season is bimodal, with peaks in March and October (Figure 8b). The regional trend of the number of fires in 329 
CONFEX reveals that the fire season is bimodal for the West and East CONUS (Figure 9b). Alaska has a unimodal 330 
fire activity, with a small peak in midsummer.  The yearly area trend reveals that the West CONUS has the most burnt 331 
area followed by the East CONUS (Figure 9c), whereas the East CONUS has the greatest number of fires. 332 

 

  
Figure 9 a) Different regions of CONUS and Alaska. b) Regional monthly trend of number of fires for 333 

CONUS and Alaska regions, based on CONFEX. c) Timeseries for total area burnt for different regions of 334 
CONUS and Alaska regions based on CONFEX. Basemap/imagery credit: Sources: VCGI, Esri, TomTom, 335 

Garmin, FAO, NOAA, © OpenStreetMap contributors and the GIS community | Powered by Esri. 336 
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In East CONUS, Florida has highest number of big fires (>500 acres) (Figure S1), with many of them due to prescribed 337 
burns, like in the Apalachicola national forests (USDA Forest Service, n.d.) (Figure 10). There are also other areas in 338 
the CONUS and Alaska regions where cultural burnings are performed, like Yurok and Karuk tribes in the Pacific 339 
West (Lake & Christianson, 2020). 340 

 341 

Figure 10: CONFEX fire perimeters (>500 acres) in the Apalachicola National Forest (2012-2024). 342 
Basemap/imagery credit: Sources: VCGI, Esri, TomTom, Garmin, FAO, NOAA, © OpenStreetMap 343 

contributors and the GIS community | Powered by Esri. 344 

In Figure 11, it is possible to see an example of fire perimeter and attributes for the Caldor fire. As per FRAP, the area 345 
burnt in Caldor was 897.73 Km2, which is 6.7% lower than the 938.96 Km2 observed through CONFEX (CAL FIRE 346 
FRAP, n.d.). The FRAP provides a temporal span of the Caldor fire from 8/14/2021 to 10/21/2021, while CONFEX 347 
provides a temporal span from 8/15/2021 to 09/11/2021. However, as per U.S. Forest service’s (2021) and CALFIRE 348 
(CAL FIRE FRAP, n.d.) by 9/11/2021, 884.3 km² (98% of the total area reported by FRAP) were already burnt. 349 

The alpha shape is supplemented by various attributes which are available for every shape file or cluster. The number 350 
of points in each cluster is also presented, to provide an estimate of quantity of hotspots detected by VIIRS in that 351 
cluster. The CONFEX contains individual shape files of all the fires from 2012 to 2024, as captured by VIIRS S-NPP 352 
375 m. The final product contains a CSV file summary of all the fires, which can be readily used in ignition modelling. 353 

 354 

Figure 11: Database example for Caldor fire California (Aug – Oct 2021).                                  355 
Basemap/imagery credit: Sources: Esri, TomTom, Garmin, FAO, NOAA, USGS, © OpenStreetMap 356 

contributors and the GIS community | Powered by Esri.  357 
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4.1 Alaska Fire Dynamics 358 

Understanding the fire regime of Alaska presents unique challenges, as the fire occurrences are sparse and spread 359 
across two different ecoregions of boreal and tundra forests (Kasischke & Turetsky, 2006; Mack et al., 2011). Their 360 
boreal regime is well documented through manual datasets, however, there isn’t adequate manual data about the tundra 361 
region owing to its scarce population (Jenkins et al., 2014). Remote sensing fire products for Alaska, while more 362 
spatially consistent, have a lot of missing data due to consistent cloud cover in the region and the inability of the 363 
satellites to capture the low-intensity residual fires (Jenkins et al., 2014). Geostationary satellite products are even less 364 
reliant, since the Alaskan high latitudes lie at the fringe of their coverage range (Hillger et al., 2015). The polar-365 
orbiting satellites provide better coverage owing to their daily overpasses (Hillger et al., 2015). High resolution VIIRS 366 
active fire products have higher detection likelihood for smaller fires than the MODIS fire products (Waigl et al., 367 
2017). 368 

The clustering approach used in developing the CONFEX was consistent across both CONUS and Alaska. Applying 369 
the same clustering thresholds (2000 m distance, 48 h temporal) may result in differences in cluster formation as 370 
compared to CONUS fires. Sparsely distributed and slow-moving fires in Alaska could be underrepresented or 371 
fragmented into smaller clusters. Even though CONFEX is a consistent and moderately high-resolution satellite 372 
dataset for Alaska, there is a lot of scope for creating Alaska-specific datasets using modified algorithms (Waigl et al., 373 
2017), as well as using complementary ground-based datasets to build a more holistic record of the data.  374 

4.2 Dataset Limitations 375 

The CONFEX dataset has its own limitations as well. The perimeter may sometimes show non-burnt areas as burnt 376 
when they are enclosed by the fire perimeter. The mask significantly helps by excluding enclosed regions which are 377 
non-burnable, but it might be faulty due to some incorrect values. Sometimes a single fire can be shown as different 378 
fires due to missing in-between pixels because of long-duration cloud cover and other hindrances. Detection of 379 
understory fires is very unlikely as they are typically small, and the view of the fire is obstructed by the tree canopy 380 
(NASA Earthdata FIRMS, 2026). The validity of the VIIRS 375 m burning area estimates is largely dependent on the 381 
ecosystem characteristics and fire behavior. The estimates prove most accurate in forested areas characterized by large, 382 
long-duration fires, while grasslands, savannas and agricultural areas show the highest amount of omission and 383 
commission errors (Oliva & Schroeder, 2015). Since preprocessing only considers type 0 pixels, which are vegetation 384 
pixels, the algorithm may not take into consideration the fires that spread from vegetation covered areas to areas with 385 
urban infrastructure. 386 

Orientation of the pixels is not used to properly align the ellipsoid areas for non-convex hull and non-alpha shape 387 
clusters. Extents of fires that started during the last months of 2024 may be incomplete if they continued beyond the 388 
last processed date of 12/31/2024. Absolute end dates may not be accurate since certain fires keep lingering or 389 
smoldering long after the fire has stopped, and VIIRS may not be able to detect any temperature anomaly. 390 

5. Data Availability 391 

The data set presented in this work is available on Mendeley data repository. The DOI for the dataset is 392 
10.17632/sk6jwy7xmg.3 (Qadiri and Cerrai, 2026). 393 

6. Conclusion 394 

In this article we defined a new wildfire database for the CONUS and Alaska regions. The CONFEX database is based 395 
on the VIIRS S-NPP 375m satellite data product. Currently available data sets are either spatially inconsistent, lack 396 
perimeter information, or are based on low resolution satellite products. The CONFEX database was created to 397 
complement these data products. The final product contains the perimeter, start date, end date, ignition and centroid 398 
location of the wildfires. The algorithm we developed takes the hotspot data and clusters it into actual fires over the 399 
specified region by using DBSCAN clustering. We validated the CONFEX dataset with the MTBS database and 400 
attained an F1 score of 67 % for West CONUS (fires > 1000 acres), 77% for Alaska (fires >1000 acres), and 26 % for 401 
East CONUS (> 500 acres). Also, when we validated CONFEX against FRAP, excluding the tuning period 2020, the 402 
F1score was 69% for the state of California. 403 

CONFEX is, by no means, a have-it-all dataset, as it doesn’t provide daily fire progression, is dependent on satellite 404 
data which can be compromised by atmospheric disturbances, and is not global, since this dataset was created for the 405 
CONUS and Alaska territory to complement the other datasets already present in order to enhance our understanding 406 
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of this fire regime.  Building upon this product, we will work towards the development of a more comprehensive 407 
global dataset, which will be capable of ingesting ground data, and provide fire progression which will help in wildfire 408 
propagation modelling. 409 
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