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Abstract16

Prescribed fires are widely used for land management in the United States, but their emis-17

sions remain difficult to quantify due to their small spatial extent and short duration.18

We present here the first demonstration that high-resolution “special observations” from19

the TEMPO geostationary instrument resolve sub-hourly nitrogen dioxide (NO2) col-20

umn enhancements from individual prescribed fires in the southeastern US. These ob-21

servations are able to detect local plumes and track their evolution at minute-to-hourly22

timescales, enabling top-down and time-resolved emission estimates. Across four case23

studies in Alabama, Florida, and Georgia during 2025–2026, TEMPO quantifies emis-24

sions from individual prescribed fire events that could not previously be time-resolved25

by existing low-Earth-orbit satellite systems (e.g., TROPOMI, VIIRS). These results demon-26

strate that geostationary observations can quantify emissions from small, short-lived pre-27

scribed fires, thus improving representation of these emissions in inventories used for fire28

management and downstream air quality applications.29

Plain Language Summary30

Land managers in the United States deliberately set small, controlled fires, known31

as prescribed burns, to clear excess vegetation and to lower the risk of future wildfires.32

Because each prescribed burn is small and lasts only a few hours, previous satellites strug-33

gled to measure how much they emit. Here, we use special high-frequency observations34

from TEMPO, a geostationary satellite over North America that provides column mea-35

surements of nitrogen dioxide (NO2) pollution. We track the NO2 released by four pre-36

scribed fires in Alabama, Florida, and Georgia and estimate their emissions throughout37

each burn. Our emission estimates agree well with independent ground-based invento-38

ries in three of the four cases. These results show that TEMPO can provide emission in-39

formation of these prescribed burns that can improve smoke forecasts and support burn40

planning decisions.41
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1 Introduction42

Land managers and policymakers in North America face the challenge of deciding43

how to deploy limited resources to protect communities from increasingly severe wild-44

fires, especially in the wildland–urban interface. In response, federal and state agencies45

are seeking to expand the use of prescribed burning to reduce fuel loads and mitigate46

the socio-ecological and public health impacts of large wildfires. In the US, this includes47

a national investment of nearly $2 billion for hazardous-fuel reduction through prescribed48

burning and other treatments (H.R. 5376, 2022), proposed legislation to streamline burn49

planning (H.R. 471, 2025), a California plan to treat one million acres annually across50

the state (California Governor’s Forest Management Task Force, 2021), and other related51

legislation (S. 3044, 2025; S.B. 762, 2021; H.B. 2733, 2018; S.B. 25-007, 2025; 19.20.5 NMAC,52

2022). However, the potential to avert widespread smoke exposure from future wildfires53

is not typically taken into consideration in prescribed fire planning (Sutherland & Ed-54

wards, 2022). Prescribed fire itself produces smoke that harms public health and dispro-55

portionately affects specific WUI communities (Afrin & Garcia-Menendez, 2021; ?; Stow-56

ell et al., 2025). Quantitative measurements of prescribed fire emissions in North Amer-57

ica remain limited, which hinders efforts to evaluate the consequences of expanding its58

use.59

Prescribed fire can reduce future risk of wildfire and smoke exposure, but direct60

measurements of its emissions remain limited. Indigenous fire stewardship across North61

America has long demonstrated the value of frequent, low-severity burning to maintain62

ecosystem function and reduce hazardous fuels (Kolden, 2019; Wu et al., 2023; Higuera-63

Mendieta & Burke, 2026). Prescribed burns generally produce less smoke and have a higher64

combustion efficiency on average than wildfires (Marsavin et al., 2023). Recent work also65

suggests that prescribed burning can reduce net smoke emissions by reducing the sever-66

ity of subsequent wildfires and can reduce the severity of subsequent wildfire burns (Kelp67

et al., 2025; Higuera-Mendieta & Burke, 2026; Davis et al., 2024; Strabo et al., 2026).68

However, those longer-term benefits are difficult to evaluate without direct information69

on the magnitude and timing of emissions from the burns themselves. Prescribed fire re-70

mains an air pollution source with near-term smoke impacts that are incompletely quan-71

tified and with public health impacts that remain highly uncertain (?). There is a crit-72

ical gap in our ability to directly quantify emissions from individual treatments and to73

link those emissions to their air quality consequences.74

Fire emissions are typically estimated using approaches that combine burned area,75

fuel consumption, and emission factors (van der Werf et al., 2025), or inferred from satel-76

lite observations of fire intensity (i.e., fire radiative power; FRP) and aggregate combus-77

tion and emissions factors derived from limited laboratory and field studies (Li et al.,78

2022). Compared to wildfires, prescribed fires are generally small (100–1000 acres), less79

intense, and short-lived, lasting only hours. This limits their detectability by existing80

satellites due to coarse spatial resolution (e.g., GOES-R) and infrequent overpasses (e.g.,81

MODIS, VIIRS, Landsat, Sentinel-2). Persistent cloud cover and thick haze or smog can82

further obscure fires from satellite detection. Consequently, many events are missed en-83

tirely or are only partially observed, introducing uncertainty in the magnitude, duration,84

and timing of emissions. While state and federal agencies collect prescribed fire and burn85

permit records, the quality, accessibility, and completeness of datasets may vary widely86

across jurisdictions (Call et al., 2025). Some emission estimates rely on model-based ap-87

proaches with a limited direct empirical basis, such as using scaling factors to account88

for discrepancies between satellite-derived burned area and burn permit records (Maji89

et al., 2026).90

The launch of the TEMPO satellite in 2023 provides a new opportunity to directly91

observe prescribed fire emissions. The TEMPO instrument is a geostationary imaging92

spectrometer that provides direct hourly observations of trace gases across North Amer-93

ica (Zoogman et al., 2017). Since its launch, TEMPO has been shown to resolve the di-94
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urnal evolution of urban and background NO2 columns (Fioletov et al., 2025), diagnose95

diurnal shifts in ozone production regimes across US cities (Jin et al., 2025), and detect96

and track large NO2 enhancements within wildfire smoke plumes (Schollaert et al., 2025).97

In addition to its standard observing mode, TEMPO performs targeted “special obser-98

vations” over selected regions through non-routine tasking, providing a rare opportunity99

to sample trace gas variability at up to 5-minute temporal resolution and 2.1×4.5 km2
100

spatial resolution. This capability is well-suited to prescribed fires, which have small foot-101

prints and short durations that fall below the detection limits of coarse or infrequently-102

sampling sensors. TEMPO special observations therefore provide a previously unavail-103

able opportunity to track plume evolution and quantify emissions from individual treat-104

ments.105

In this study, we use TEMPO special observations of prescribed fires in the south-106

eastern US along with coincident active fire detections, smoke products, and meteoro-107

logical data to resolve NO2 column enhancements from individual prescribed fire treat-108

ments. We derive emissions at sub-hourly timescales, with measurements as frequent as109

every 5 minutes, and apply this framework to four case studies during 2025–2026. These110

cases span a diverse range of burn sizes, from 722 to 10,063 acres, and atmospheric con-111

ditions, including weak to moderate winds and differing levels of detectability by exist-112

ing satellite products. We compare the resulting time-resolved emissions with coincident113

low-earth orbit (LEO) satellite observations and bottom-up estimates based on burned114

area and emission factors. Our results demonstrate, for the first time, that TEMPO quan-115

tifies emissions from prescribed fires at the spatial and temporal scales at which they oc-116

cur, providing a new observational constraint on the magnitude and timing of emissions117

that is unavailable from existing satellite systems.118

2 Data and Methods119

TEMPO special observations are used to retrieve tropospheric NO2 columns at 5–120

15 minute intervals over each targeted region and to derive top-down emission estimates121

for four prescribed burning events. For each TEMPO scan, the NO2 column field is ro-122

tated into the wind frame using NOAA High-Resolution Rapid Refresh (HRRR) (Dow-123

ell et al., 2022) meteorological winds and an exponentially modified Gaussian (EMG)124

is fit to the cross-wind integrated line density within a plume-aligned box (40 km up-125

wind, 120 km downwind, ±15 km crosswind) encompassing the NO2 plume from each126

fire (Beirle et al., 2011). Only scans passing quality control criteria are retained for sub-127

sequent analysis. Comparisons are made with coincident active fire detections from VI-128

IRS, MODIS, and GOES-East, digitized smoke plumes from NOAA’s HMS smoke prod-129

uct, trace gas retrievals from TROPOMI, and bottom-up emission estimates calculated130

from burned area, fuel consumed, and emission factors.131

2.1 Prescribed Fire Events132

The four prescribed fire case studies are located in Geneva State Forest, Alabama133

(27 March 2025); Eglin Air Force Base and Blackwater River State Park (“Eglin–Blackwater”),134

Florida (28 March 2025); Chattahoochee–Oconee National Forest (“CONF”), Georgia135

(8 April 2026); and Fort Stewart, Georgia (12 April 2026). These fire events include one136

or more burn treatments that are digitized based on data from NASA FireSense airborne137

campaigns (Geneva), records from the USFS Southern Region Prescribed Burn Accom-138

plishment Tracker (CONF), requested burn logs and burn unit maps (Fort Stewart), or139

satellite active fires and differenced Normalized Burn Ratio (dNBR, i.e., burn severity)140

derived from 30-m Harmonized Landsat and Sentinel-2 (HLS) imagery (Eglin–Blackwater)141

(Key & Benson, 2006; Ju et al., 2025). LEO active fire detections from MODIS (Terra,142

Aqua) and VIIRS (S-NPP, NOAA-20, NOAA-21) are retrieved from NASA’s Fire In-143

formation for Resource Management System (FIRMS) (Davies et al., 2009). GOES-East144
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active fire detections and HLS imagery are retrieved from Google Earth Engine (Gore-145

lick et al., 2017). Table 1 summarizes the four events.146

Table 1. Summary of the four prescribed fire events.

Event Date
Burn treatments
(acres)

Total area
(acres)

HMS smoke
plumes

LEO fire detections1
HRRR wind
speed2 (m s−1)

Geneva State
Forest, AL

27 Mar 2025 2 (177, 545) 722 None MODIS/Terra (10:54) 2.7–3.6

Eglin–
Blackwater, FL

28 Mar 2025
3 (4922, 1292,
3849)

10,063
1 light
(GOES-East)

MODIS/Aqua (14:25),
VIIRS/S-NPP (14:21),
VIIRS/NOAA-20 (13:03,
14:43-14:44),
VIIRS/NOAA-21 (13:56)

4.9–5.6

CONF, GA 8 Apr 2026 1 (1071) 1,071
1 medium, 1 light
(GOES-West)

VIIRS/S-NPP (14:38),
VIIRS/NOAA-20 (14:58),
VIIRS/NOAA-21 (14:09)

4.4–4.6

Fort Stewart,
GA

12 Apr 2026 1 (1148) 1,148
1 medium, 4 light
(GOES-East/West)

VIIRS/NOAA-20 (13:43) 2.0–2.2

1 LEO overpass times are given in local time (CDT or UTC-5 for AL and FL; EDT or UTC-4 for GA).
2 Wind speeds are HRRR 900–1000 hPa averages over the source region.

2.2 Satellite Observations and Meteorological Data147

We use Level-2 tropospheric NO2 vertical column densities (VCDs) from the NASA148

TEMPO V04 retrieval products (TEMPO Science Team, 2024), focusing on special ob-149

servation scans targeting prescribed fire events in the southeastern US during March–150

April 2025 and 2026. These TEMPO special observations provide measurements every151

5–12 minutes at the native pixel resolution of approximately 2.1 km × 4.5 km at nadir152

(10 km2). We retain only retrievals with the primary quality flag equal to zero.153

For cross-satellite comparisons, we use the operational TROPOMI Level-2 tropo-154

spheric NO2 product (Eskes et al., 2023) for the single Sentinel-5P overpass occurring155

within ±30 minutes of each TEMPO scan on the event day. We retain only TROPOMI156

retrievals with qa value ≥ 0.5 and regrid the filtered swath onto the native TEMPO157

grid. Differences in the derived emissions (Q) between the two satellite products can there-158

fore be attributed primarily to differences in the satellite retrievals themselves, provid-159

ing an independent consistency check on the robustness of the TEMPO-based emission160

estimates.161

We use GOES-16/19 ABI fire radiative power (FRP) observations at 5-minute tem-162

poral resolution to attribute observed plumes to specific burn treatments and to deter-163

mine the active burning period for each event (Hall et al., 2019). For comparison against164

the TEMPO time series, we additionally use LEO active fire detections from the MODIS165

(Terra, Aqua; Giglio et al., 2016) and VIIRS (S-NPP, NOAA-20, NOAA-21; Schroeder166

et al., 2014) instruments retrieved from FIRMS, which provide an independent indica-167

tor of fire timing and location. Because these polar-orbiting sensors observe each fire at168

most once per overpass, they yield only a single snapshot of the burn, in contrast to the169

continuous sub-hourly sampling of TEMPO. In addition, we use smoke plume polygons170

from the NOAA Hazard Mapping System (HMS) Fire & Smoke product (T. Liu et al.,171

2024; NOAA Office of Satellite and Product Operations, 2026), which provide an sep-172

arate qualitative indicator of smoke plume extent and transport. These smoke plumes173

include analyst-digitized polygons and qualitative classifications of smoke density as light,174

medium, or heavy.175
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For meteorological data, we use the hourly NOAA HRRR model at 3-km horizon-176

tal resolution (Dowell et al., 2022). For each TEMPO scan, we extract the u and v wind177

components averaged between 900 and 1000 hPa from the nearest HRRR time step and178

regrid them onto the native TEMPO Level-2 grid. The scalar wind speed and direction179

used to define the wind-aligned reference frame for each scan are calculated from the mean180

HRRR u and v values over all pixels within the cropped analysis window surrounding181

the burn centroid. Wind uncertainty is estimated as the standard error of the pixel-level182

wind speeds within the same analysis window.183

2.3 Bottom-Up Emission Estimates184

Our bottom-up emission estimates incorporate digitized fire perimeters, field-constrained185

fuel consumption, spatially explicit fuel loadings, and established emissions factors. First,186

to estimate burned area, we digitize prescribed burn perimeters for Geneva State For-187

est using NASA FireSense airborne infrared imagery (Majors & Pollard, 2025) with a188

spatial resolution of 1/3 arc-second (9 m), CONF using the USFS Southern Region Pre-189

scribed Burn Accomplishment Tracker, Fort Stewart using requested burn logs and burn190

unit maps, and Eglin–Blackwater using HLS-derived dNBR, guided by active fire detec-191

tions aggregated by HMS. Second, we estimate fuel consumed using Consume fuel load-192

ings mapped to 30-m LANDFIRE Fuel Characteristic Classification System Fuelbeds (FCCS)193

and three scenarios of low (25%), medium (50%), and high (75%) fuel consumption (FC)194

levels: FC25, FC50, and FC75 (Ryan & Opperman, 2013; Prichard et al., 2014). We ap-195

ply a bias correction factor of 0.67 to FCCS fuel loadings based on an average ratio with196

FireSense pre-fire fuel measurements along six 22-m transects at Geneva State Forest (Ro-197

bichaud et al., 2025). Finally, we apply NOx emissions factors for southeastern US conifer198

forest based on Urbanski (2014) and Prichard et al. (2020).199

2.4 Top-Down Emission Estimates200

For each scan, the analysis window is a 200 km square crop centered on the event-201

specific source centroid, rotated into a wind-aligned coordinate system (ξ, η) with ξ along-202

wind and η cross-wind. Following Beirle et al. (2011), the EMG fitting domain is cen-203

tered at (ξ, η) = (0, 0) and spans ξ ∈ [−40,+120] km and η ∈ [−h,+h], where the204

cross-wind half-width defaults to h = 15 km and is expanded to 40 km for Eglin–Blackwater,205

whose broader source footprint requires a wider domain to capture the full cross-wind206

plume extent. The 120-km downwind extent corresponds to at least three plume e-folding207

lengths under typical HRRR wind speeds of 2–6 m s−1, providing sufficient coverage to208

constrain the fits.209

To identify scans containing detectable NO2 plumes, we estimate a constant back-210

ground Bconst from a 30-km wide upwind sector outside the fitting domain and define211

a plume mask from pixels exceeding Bconst+kMAD, where MAD is the median abso-212

lute deviation of NO2 within the crop and kMAD = 3 by default (raised to 5 for larger,213

more diffuse plumes such as Eglin–Blackwater). We then apply a wind-alignment test214

to confirm that the detected plume orientation is consistent with the local wind direc-215

tion.216

For each detected plume, we compute the integrated line density L(ξ) along the217

wind-aligned axis and fit it with an EMG following Beirle et al. (2011) and Laughner218

& Cohen (2019), characterized by the integrated source mass A, plume peak location µ,219

Gaussian width σ, first-order decay rate λ, and constant background B. The fitted A220

and λ yield the source emission rate as221

Q[g NO s−1] = Aλvwind × 104

NA
× rNOx/NO2

×MNO, (1)
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where vwind is the HRRR-derived wind speed near the source, NA is Avogadro’s222

number, rNOx/NO2
= 1.32 is the assumed NOx/NO2 conversion ratio, and MNO = 30 g mol−1

223

converts to NO mass units. The corresponding effective lifetime is τ = 1000/(λ vwind 3600) h.224

Emissions are reported as NO rather than total NOx to maintain consistency with the225

bottom-up inventory. Because these fires are short-lived, the EMG steady-state assump-226

tion holds in the near field, and we interpret τ as an effective lifetime that combines chem-227

ical loss and physical dilution.228

We screen the EMG fits with four quality-control (QC) criteria, following thresh-229

olds adapted from previous EMG studies (Beirle et al., 2011; Laughner & Cohen, 2019):230

(1) coefficient of determination R2 ≥ 0.5; (2) peak position µ within the fitting domain;231

(3) Gaussian width σ ∈ [σmin, σmax], with σmin = 1 km (relaxed to 0.5 km for CONF,232

whose compact 1,000-acre source produces physically narrower plumes) and event-specific233

σmax; and (4) lifetime τ ∈ [0.1, 6] h with Q > 0. The fractional uncertainty in Q is234

the quadrature sum of five independent terms, including the fit covariance of Aλ, the wind-235

speed error σv/v (the standard error of HRRR wind speeds across the analysis window),236

the TEMPO Level-2 single-pixel retrieval uncertainty sVCD = 0.25, the background un-237

certainty sbg = 0.10, and the NOx/NO2 ratio uncertainty sratio = 0.10. For each event,238

the total NO emission is the median QC-passing Q multiplied by the GOES-defined active-239

window duration, taken as the elapsed time between the first and last detected scan.240

3 Results and Discussion241

TEMPO special observations resolve NO2 column enhancements from individual242

prescribed fires across multiple sites in the southeastern US. Figure 1 shows retrieved243

NO2 columns with distinct plumes aligned with burn treatment polygons identified from244

airborne observations and complementary satellite imagery capturing smoke plumes. These245

enhancements are distinguishable from background variability and persist over the du-246

ration of active burning. For example, at Geneva State Forest (Alabama), plumes are247

detected from two burns occurring in close succession (545 and 177 acres), demonstrat-248

ing sensitivity to fire activity at spatial and temporal scales below the detection limits249

of the HMS smoke plume product (T. Liu et al., 2024). Similarly, at CONF (Georgia),250

a burn of 1,071 acres produces a well-defined NO2 column plume consistent with mapped251

burn area. At peak burning, NO2 vertical column density within the plume footprint is252

enhanced by 152% above background at Geneva State Forest and 133% above background253

at CONF, with mean enhancements over the active burn period of 74% and 33%, respec-254

tively. These observations together show that TEMPO detects and resolves emissions255

from individual prescribed fires across a range of treatment sizes and atmospheric con-256

ditions.257

The high temporal resolution of TEMPO enables direct characterization of emis-258

sion dynamics at sub-hourly timescales. As shown in Figure 2, we derive top-down NOx259

emission estimates at each TEMPO observation time through the burn period, yielding260

5 to 14 scans per event. Across four prescribed fire events spanning more than an order261

of magnitude in emissions, per-scan emission rates show rapid increases associated with262

active burning with median emission rates ranging from 270 g NO s−1 at the smaller CONF263

and Geneva State Forest fires to 2,860 g NO s−1 at Eglin–Blackwater. Within individ-264

ual events, per-scan emission rates vary by roughly a factor of 2 to 3 over the burn (e.g.,265

220–750 g NO s−1 at Geneva State Forest), capturing event-specific evolution that in-266

cludes both rapid buildup (e.g., Fort Stewart) and gradual decay (e.g., CONF) in NO2.267

At Fort Stewart, per-scan emissions rose by nearly two orders of magnitude, from 67 to268

4,057 g NO s−1 within the first 20 minutes of detection before subsiding. Figure S1 shows269

the per-scan NO2 columns for every QC passing scan of the CONF fire on 8 April 2026.270

The NO2 column plume strengthens through the early afternoon, reaches a maximum271

roughly 1.3 hours after ignition, and then decays over the following hour, mirroring the272

evolution of the fitted emission rate Q. Throughout the burn, the plume core remains273
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Figure 1. TEMPO NO2 enhancements from individual prescribed fires. The top row shows

Geneva State Forest, Alabama, on 27 March 2025, and the bottom row shows Chattahoochee–

Oconee National Forest, Georgia, on 8 April 2026. Left panels (A, D) show true-color satellite

imagery with prescribed burn perimeters outlined in red. Center panels (B, E) show TEMPO

tropospheric NO2 vertical column density (VCD) overlaid with the same prescribed burn perime-

ters in white. Black contours denote the smoke plume identified independently for each TEMPO

scan using an HRRR wind-aware detection algorithm and outline the core region of persistent

NO2 enhancement. Right panels (C, F) show TEMPO NO2 VCD time series averaged over pixels

within the detected plume (red) and within a background region (black). Local times are CDT

(UTC−5) for Alabama and EDT (UTC−4) for Georgia.

anchored near the source rather than advecting progressively downwind, which is con-274

sistent with the near-field steady-state assumption underlying the EMG retrieval (Beirle275

et al., 2011). Because the fires are short-lived, the inferred Q primarily reflects recent,276

near-source emissions, so the retrieval tracks a physical signal rather than a systematic277

downwind drift of the plume. In several cases, we detect emissions during periods when278

other satellite products report no fire activity or smoke. For instance, at Geneva State279

Forest and Fort Stewart, TEMPO captures sustained NO2 column enhancements dur-280

ing intervals without active fire detections from VIIRS and MODIS, digitized smoke plumes281

from HMS, or NO2 enhancements from TROPOMI. Polar-orbiting sensors capture at282

most a single scan of prescribed fires and only when the satellite overpass coincides with283

the active burning period (at 3.2 hours for the Eglin–Blackwater fires and 1.8 hours for284

the CONF fire after ignition). Across the four events, TEMPO provides 37 QC-passing285

retrievals, compared to only 2 coincident TROPOMI retrievals. Although emission es-286

timates from coincident TROPOMI retrievals are broadly consistent with TEMPO within287

50%, such overlaps are infrequent and TROPOMI does not capture the full temporal evo-288

lution of these events. As a result, only TEMPO resolves the sub-hourly structure of these289

short-lived emission pulses.290

Compared to top-down estimates, bottom-up approaches target the overall mag-291

nitude of fire emissions, although some inventories approximate the sub-daily temporal292

structure using active fire observations (van der Werf et al., 2025; Li et al., 2022). The293
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bottom-up approach is sensitive to uncertainty in the components of its calculation: burned294

area or fire radiative energy, fuel consumption or scaling factors, and emissions factors.295

Due to broad land cover assumptions, variable satellite observing conditions, missing or296

false positive active fire detections, or coarse spatio-temporal resolution, estimates of each297

component can vary widely across fire events and inventories. In contrast, the top-down298

approach bypasses these components and directly observes and resolves the temporal struc-299

ture of emissions. However, the top-down approach is likewise affected by satellite ob-300

serving conditions, such as during highly cloudy and hazy periods.301

We compare integrated TEMPO totals against the medium fuel-consumption sce-302

nario (FC50), with the FC25 and FC75 scenarios defining the bottom-up uncertainty en-303

velope (Figure 2). Based on pre-fire and post-fire transect measurements at Geneva State304

Forest, the average fuel consumed by the 545-acre prescribed burn is 52%, which is close305

to the FC50 scenario (Robichaud et al., 2025). Our top-down emission estimates yield306

2,668 kg NO [2,151–3,186] for Geneva, 45,439 kg NO for Eglin–Blackwater, 2,050 kg NO307

[1,390–2,709] for CONF, and 12,405 kg NO [5,292–19,518] for Fort Stewart. Three of the308

four events show moderate agreement with our bottom-up estimates, while the CONF309

event exhibits a large low bias. We attribute this discrepancy to intermittent cloudy con-310

ditions and heavy aerosol loading within the dense smoke plume, which introduces sub-311

stantial uncertainty into the retrieved NO2 column (S. Liu et al., 2024). In the four events,312

further differences could arise from assumptions in our fuel consumption estimates and313

high uncertainty in NO emission factors in the bottom-up estimates; the NO emissions314

factor for southeastern US conifer forests ranges from 1.7 (0.93) g kg−1 in Urbanski (2014)315

to 1.86 (1.8) g kg−1 in Prichard et al. (2020). As with other inventories, we did not in-316

corporate the reported uncertainty for emission factors in our bottom-up estimates, though317

we note that this could help to further explain the observed differences between our top-318

down and bottom-up estimates. Finally, while we manually verified the area and loca-319

tion of the prescribed burns using agency records or high-resolution imagery for our bottom-320

up estimates, this is typically not the case for regional or global fire emissions invento-321

ries, which rely on moderate-resolution satellite observations of fires. Overall, the top-322

down and bottom-up estimates agree in total magnitude across the events when retrieval323

conditions are favorable, while TEMPO is able to resolve the dynamic timing and du-324

ration of emissions.325

We note several limitations of our study. The top-down estimates depend on wind326

and plume geometry, as the EMG fitting requires a wind-aligned plume that is well sep-327

arated from background variability. Fire events with weak or variable winds yield fewer328

QC-passing scans. The retrieval also assumes a fixed NOx to NO2 ratio (1.32), which329

introduces uncertainty under varying combustion and photochemical conditions. The CONF330

low bias further demonstrates that dense smoke with heavy aerosol loading degrade the331

NO2 retrieval, suggesting that aerosol-corrected products is needed for the most intense332

burns, and that cloud cover corrections may be necessary in some cases. Finally, our anal-333

ysis uses only four special observation event taskings, which limits the range of fire sizes334

and conditions sampled. We recommend future work to focus on expanding the num-335

ber of tasked events and accounting for the aerosol correction in the NO2 column retrievals336

for a better constraint of top-down NO2 emission estimates.337

4 Conclusions338

TEMPO special observations offer a transformative capability for quantifying pre-339

scribed fire emissions by providing direct measurements of trace gases at the spatial and340

temporal scales at which these burns are conducted. This capability advances prescribed341

fire emissions from a quantity that is often largely inferred to one that can be observed342

directly at sub-hourly resolution. This information improves emission inventories and343

atmospheric modeling by constraining both the magnitude and timing of emissions from344

individual treatments, which in turn influence plume rise, transport, boundary-layer mix-345
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Figure 2. TEMPO resolves sub-hourly emissions from prescribed fire treatments and captures

activity missed by other satellite products. NOx emission rates for individual prescribed burn

events are shown as a function of time since fire ignition with comparisons to bottom-up esti-

mates. Each row corresponds to one event. Colored bars show the TEMPO per-scan EMG-fitted

source rate, with 1σ error bars from the fit covariance, and diamonds show the corresponding

TROPOMI estimate when a same-day overpass is available. The thin strip above each panel

summarizes coincident observations from other products and, from top to bottom, shows HMS

smoke polygons (light smoke in light lavender; medium smoke in dark purple), GOES-East FRP

greater than zero (gold), and VIIRS/MODIS overpasses with at least one nominal-or-better fire

detection near the source (brown). Box plots at right show the event-total NOx emission (right

axis, kg NO) from both top-down and bottom-up estimates. HMS here refers to analyst-digitized

smoke polygons, which are distinct from the satellite active fire detections shown separately.

ing, chemical evolution, and downwind smoke exposure. The need for this ability is likely346

to grow as prescribed fire use expands in the western US (Kelp et al., 2025). In addi-347

tion, TEMPO is highly synergistic with GOES to provide high-frequency observations348

of both active fires and trace gases (Li et al., 2022). Better quantification of emissions349

is needed to evaluate tradeoffs among short-term smoke impacts, long-term wildfire risk350

reduction, and ecosystem management objectives (Strabo et al., 2026). Direct observa-351

tions of prescribed fire emissions will also support health-impact assessments by provid-352

–10–
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ing treatment-level estimates of when and where smoke is emitted (Qiu et al., 2025). They353

can also inform cost-benefit analyses and environmental justice evaluations by linking354

fire activity more explicitly to resulting exposure patterns (Kelp et al., 2023). Consequently,355

these measurements provide an observational basis for integrating prescribed fire into356

land management planning with substantially greater specificity than has previously been357

possible (Chung et al., 2025).358
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Figure S1: 14 QC-passed scans of TEMPO NO2 column for the CONF, Georgia prescribed
fire on 8 April 2026 (14 quality-control-passing scans). Each panel shows the NO2 column
in time order, with the wind-aligned EMG fitting box (navy dashed), the independently
detected plume contour (black), the source location (star), and the near-source HRRR wind
direction (blue arrow). Panel titles give the local time (EDT) and the fitted emission rate
Q (g NO s−1).
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