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A B S T R A C T

The spectrum of burning biomass contains prominent potassium (K) emission lines at 766.7 nm and 770.1 nm. 
These emission lines are unique to flaming combustion, potentially allowing their use in development of remote 
sensing techniques to characterize fire phase, flaming temperature, and allow more accurate estimates of fire 
emissions. Previous studies have shown modest success in detecting potassium emission lines (K-lines) using 
airborne instruments or meter-scale spatial resolution satellites. This study, for the first time, shows the detection 
of K-lines in wildfire spectra under low-light conditions using the TROPOspheric Monitoring Instrument (TRO
POMI), and under local noon daylight conditions using the Orbiting Carbon Observatory-2 (OCO-2). Our ob
servations clearly show separation of dual K-line peaks and that the line at 766.7 nm (not 770.1 nm) is attenuated 
strongly by oxygen absorption, in contrast with previous studies. We also show that K-lines can be isolated from 
the background signal and atmospheric effects using Principal Component Analysis (PCA) and that the magni
tude of the Principal Component (PC) corresponding to the K-lines correlates well with both fire Visible Light 
Power (VLP) and Fire Radiative Power (FRP) as shown by the VIIRS FIre Light Detection Algorithm (FILDA), with 
VLP showing better correlation. This suggests quantitatively that K-lines could add critical information to 
improve existing active fire algorithms for deriving a daytime fire combustion efficiency and other characteristics 
to better estimate fire emissions.

1. Introduction

Fires and biomass burning are important factors in global atmo
spheric chemistry (Crutzen et al., 1979), making their accurate detection 
and characterization a significant goal of atmospheric remote sensing. A 
key factor that determines the chemical and aerosol species emitted by 
fires is the phase of combustion (flaming or smoldering) or quantita
tively, the combustion efficiency. The chemical species emitted by fires 
depends strongly on the modified combustion efficiency, defined and 
measured as the ratio of CO2 to the sum of CO2 and CO emitted. For 
example, only a few percent of the emissions of flaming combustion is 
CO, while in smoldering combustion it can be as high as 20% (Crutzen 
and Andreae, 1990). However, many current fire emission inventories 
(GFAS, FLAMBE, GFED) (Kaiser et al., 2012; Reid et al., 2009; van der 
Werf et al., 2017) typically use the mean or median statistics of emis
sion factors derived from laboratory or field observations, and such 
statistics are typically analyzed as a function of limited biomass types 
(Akagi et al., 2011; Andreae, 2019; Andreae and Merlet, 2001). As a 

result, for the same biome type, the emission factors are often prescribed 
as constant in these inventories, without consideration of combustion 
efficiency or fire phase, leading to uncertainties in emission estimates 
(van der Werf et al., 2017).

The spectrum of burning biomass contains prominent emission lines 
at 766.7 nm and 770.11 nm due to thermally excited potassium (K) 
atoms released during the burning process (Vodacek et al., 2002). At the 
maximum of smoldering combustion in wildfires (<850 K (Kaufman 
et al., 1998)), elemental K, which is the species responsible for K-lines, 
is not emitted during the char burning phase of combustion (Sorvajarvi 
et al., 2014). Additionally, assuming a Boltzmann distribution, there are 
~4 × 105 times as many K atoms in the excited state that gives rise to the 
770.11 nm emission line at 1000 K than at 600 K, which are the tem
peratures for flaming and smoldering combustion respectively 
(Kaufman et al., 1998). As such, the presence of K-lines is specific to 
flaming combustion (Vodacek et al., 2002). This specificity could be 
leveraged to provide estimations of combustion efficiency. The line
shape and center wavelength of K-lines are also sensitive pressure and 
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temperature (Ding et al., 2022) and could therefore be leveraged by an 
instrument with sufficient sensitivity.

Here, we explore the feasibility of detecting fire-emitted K-lines 
quantitatively from space-borne instruments in daytime conditions. Past 
case studies have demonstrated modest success in the detection and 
utilization of K-lines in fire spectra, primarily through airborne in
struments. These studies show that K-line signals associated with the 
flaming fires are discernable from the meter-scale spatial resolution 
airborne (Amici et al., 2011; Dennison and Roberts, 2009; Ononye et al., 
2005; Owsley-Brown et al., 2024; Vodacek et al., 2002) and satellite 
(Amici et al., 2011; Waigl et al., 2019) hyperspectral instruments, and 
contributes to the increase of intensity in Near InfraRed (NIR) 
broadband-based airborne fire detection (Kaaret et al., 2022). However, 
past K-line detections tend to only detect the most intense flaming 
pixels, underperforming other fire detection methods likely due to the 
low spectral resolution (~10 nm) of the observing instruments and 
attenuation by smoke (Dennison and Roberts, 2009; Waigl et al., 2019). 
Despite underperforming as a fire detection method, K-lines show great 
potential for characterizing fire emissions. Using a K-line-based hyper
spectral index developed by Amici et al. (2011), and in conjunction with 
FRP measurements, Owsley-Brown et al. (2024) was able to derive fire 
phase-dependent emission factors and modified combustion efficiency 
(MCE) in laboratory fires and applied these to estimate fire emissions 
using airborne data. While this method has not been extended to satellite 
data, it demonstrates the potential of K-lines as a tool complementary to 
existing remote sensing techniques for estimating fire emissions from 
space.

For satellite remote sensing of K-lines, hyperspectral resolution is 
needed because of several factors which either weaken or overwhelm 
the observable signal. These include: oxygen-A band absorption of the 
766.7 nm K-line (Magidimisha and Griffith, 2017), radiative attenuation 
by smoke, and the comparatively strong solar signal. It has been sug
gested (Amici et al., 2011; Vodacek et al., 2002) that fine spectral res
olution on the order of <0.5 nm is required to resolve the signal of K- 
lines from space.

This work differs from past studies by taking advantage of newer 
hyperspectral spaceborne instruments with significantly improved 
spectral resolution. For the first time, with a multiple sensor approach, 
we show here that K-lines are detectable quantitatively under low-light 
conditions (from the TROPOMI instrument) and daytime local-noon 
observations (from the OCO-2 instrument). Using Principal Compo
nent Analysis (PCA), we isolate the K-line spectral signature for both 
instruments and show that the Principal Component (PC) containing the 
K-lines correlates well with Fire Radiative Power (FRP) and Visible Light 
Power (VLP), with VLP showing the strongest correlation. These results 
demonstrate the detectability of K-lines using TROPOMI and OCO-2 and 
their sensitivity to flaming combustion, opening a pathway to space- 
based characterization of flaming phase of wildfires and their emis
sions in future studies.

2. Data and methods

2.1. Hyperspectral data

We used level-1B data from two instruments capable of resolving the 
potassium line at high spectral resolution: the TROPOMI instrument 
aboard the Sentinel-5 Precursor (Sentinel-5p) satellite, launched in 
2017, and OCO-2, launched in 2014. TROPOMI level-1b data have a 
swath width of ~2600 km and a spatial resolution of 5.5 × 3.5 km2 at 
nadir, allowing for global spatial coverage across a wide range of 
viewing and illumination angles (Chen et al., 2021).

Band 6 data from TROPOMI is used; it has a maximum wavelength 
range of 725–786 nm and a spectral resolution of ~0.34 nm, much 
higher than those of the instruments used in previous studies. Pre
liminary tests showed that K-lines were not visible in the TROPOMI 
daytime spectra due to the high intensity and variance of sunlight. To 

minimize solar contamination, we use observations during the brief 
period in TROPOMI's orbit where it performs low-light measurements in 
high latitude regions after passing over the terminator line. To further 
limit solar contamination, only the final 200 along-track pixel rows 
beyond the terminator line are considered here and pixels with solar 
zenith angle less than 95◦ are masked out for quantitative comparison to 
VIIRS fire data. Additionally, since fewer sensor pixels are binned into 
each ground pixel near the edge of the swath, the 20 ground pixels 
closest to either edge of the TROPOMI swath were excluded from the 
analysis due to their low signal-to-noise ratio.

OCO-2 level-1b data have a nominal swath width of ~10 km and a 
spatial resolution of 1.3 × 2.3 km2 (Crisp et al., 2017). As a sun- 
synchronous, predominantly nadir-viewing instrument, this limits the 
observations to near local noon time. We used the OCO-2 oxygen band 
measurements which ranges from 757.564 nm to 770.625 nm with a 
spectral resolution of ~0.04 nm, nearly an order of magnitude finer than 
TROPOMI. We show that the much higher spectral and spatial resolution 
of OCO-2 enables detection of fire spectral structure of K-lines during the 
day at local noon time.

2.2. Active fire detection data

The locations of active fires were determined using the Suomi-NPP 
Visible Infrared Imaging Radiometer Suite (VIIRS) FIre Light Detection 
Algorithm (FILDA-2) product (Zhou et al., 2023) for the low-light 
TROPOMI cases and the Aqua Moderate Resolution Imaging Spectror
adiometer (MODIS) MYD14 thermal anomaly and fire product for the 
OCO-2 cases. The VNP03MOD and MYD03 geolocation products corre
sponding to each instrument were also used to facilitate colocation of 
the fire detection and hyperspectral NIR measurements.

FILDA-2 has the additional advantage of combining VIIRS Day-and- 
Night Band (DNB) for fire light detection and mid-wave IR and thermal 
channels to not only derive FRP (as in MYD03) but also the visible light 
power (VLP) and visible energy fraction or VEF (e.g., the ratio of VLP 
and FRP) for each detected active fire pixel allowing better character
ization of fire flaming content (Wang et al., 2020); as such it is only 
available at low-light conditions. As the FILDA-2 operational product 
excludes measurements with a solar zenith angle less than 95◦, we adjust 
this threshold to 92.5◦ to encompass several particularly intense fires in 
our case list, although the threshold was set to 95◦ for the PCA.

Suomi-NPP leads the Sentinel-5P satellite by 3.5 min and Aqua trails 
OCO-2 by 6 min. FILDA-2 product has a spatial resolution of 750 m and a 
swath width of 3060 km and the MODIS product has a spatial resolution 
of 1 km and a swath width of 2300 km. Hence, both VIIRS and MODIS 
accompany the hyperspectral TROPOMI and OCO-2 instruments, 
respectively, on the daily basis with nearly spatially and temporally 
coincident observations at the global coverage to comprehensively 
characterize fire emitted radiances spectrally and spatially, allowing 
near simultaneous detection of fires and measurement of K-lines.

2.3. Fire cases

In total, 31 coincident cases were manually selected for VIIRS- 
TROPOMI and MODIS-OCO-2 synergy (see table S1) with emphasis on 
the presumed likelihood of K-line detection. For TROPOMI, 5 cases were 
selected involving intense fires observable under low-light conditions, 
which tended to occur in late summer in Northern Siberia or Alaska. 
While the most intense fires were in Siberia, two Alaskan cases were 
selected for variety. For OCO-2, 26 cases were selected from a 4-year 
period where it shared the same orbit as Aqua. 20 of these cases were 
selected from regions prone for large fires, but five additional cases were 
chosen from other locations for variety. Fewer cases (days) of observa
tions were required for TROPOMI due to its much larger swath width, 
which encompasses large fire regions, while for OCO-2, each case con
tains only 1 or (rarely) 2 fires.
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2.4. Data correction and colocation

For the TROPOMI instrument, for a given hyperspectral channel, the 
wavelength varies with the across-track index with longer wavelengths 
at nadir and shorter wavelengths closer to the swath edge. This was 
corrected by shifting the hyperspectral channel indices such that each 
corrected channel contained approximately the same wavelength. The 
hyperspectral channel indices before and after this correction are shown 
in Fig. S1. After this correction, the wavelength for a given hyperspectral 
channel index can still vary by as much as the spectral resolution of the 
instrument, or ~ 0.34 nm. Because of this source of variance, the 
resulting spectra were then linearly interpolated to the reference 
wavelength array. Additionally, TROPOMI spectra with significant 
cosmic ray interference were removed using a median filter.

For OCO-2, a correction and interpolation scheme like what was used 
for TROPOMI was applied. Additionally, off-nadir OCO-2 observations 
have a large radial velocity component, resulting in non-negligible 
Doppler shifts. This was corrected before wavelength correction and 
interpolation according to: 

λ0 =
λ

1 + vr
c 

where λ0is wavelength at emission, λ is the wavelength as observed by 
OCO-2, vris the radial velocity of OCO-2 relative to the fire pixel, and c is 
the speed of light. Like the TROPOMI correction, some variance from the 
correction and from the differing spectral response of each across-track 
pixel will be introduced into the data, but the effects from these non- 
idealities are minor.

Since the potassium signal is weak compared to other signals in the 
measured spectra, especially for the daytime noon OCO-2 measurements 
associated with strong solar radiation, only TROPOMI or OCO-2 pixels 
containing active fires were used. Pixels were classified as containing 
active fire if the TROPOMI or OCO-2 pixel overlapped with a VIIRS or 
MODIS fire detection pixel.

2.5. PCA of fire pixel spectra

PCA was used to isolate the K-line signal because it makes use of 
many channels to resolve the detailed spectral shape of the K-lines. This 
results in less sensitivity to noise and cosmic ray artifacts on any given 
channel. PCA can also account for mixing of the signal with oxygen 
absorption lines and other large sources of variance, since these are 
separated as distinct PCs, ensuring robustness across varying viewing 
and illumination angles. A simple 2-channel band difference test cannot 
robustly account for these interferences. The detailed shape of the K- 
lines may also contain additional information that a 2-channel band 
difference test cannot resolve.

After applying colocation and wavelength correction to the five 
TROPOMI cases and 26 OCO-2 cases, 3825 TROPOMI fire pixels and 
1160 OCO-2 fire pixels remained. The spectra of these pixels are shown 
in Figs. S2 and S3. PCA was applied to the resultant spectral data of each 
instrument to isolate the K-line signal. In the PCA, each fire pixel's 
spectrum was treated as an observation vector of radiance values across 
spectral channels. For TROPOMI, a spectral range of 765 nm to 771 nm 
was used as it contains both K-lines. OCO-2 data analysis reveals that the 
K-line at 766.7 nm coincides directly with a strong oxygen absorption 
line which contaminates the observed signal. This interference com
bined with the strong solar background and sparser data of the OCO-2 
dataset prevented clean isolation of the more attenuated 766.7 nm K- 
line. As such, the PCA for the OCO-2 data was performed on the spectral 
region from 769 nm to 771 nm containing only the 770.1 nm K-line.

3. Analysis and results

3.1. TROPOMI: common spectral signature of fire emitted K-lines in low 
light conditions

Fig. 1 presents the first observation of the distinct dual-peak struc
ture of K-line spectra from space. As an example, to illustrate that K-lines 
can be detected under low-light conditions with TROPOMI, we show in 
Fig. 1 the TROPOMI NIR spectra over a particularly intense cluster of 
fires from a case in Siberia (Fig. 1a) on 08 August 2021. Fire NIR spectra 
are analyzed over the TROPOMI pixels (Fig. 1c and d) that host FILDA-2 
fire pixels, while background NIR spectrum are collected from no-fire 
pixels (Fig. 1b). Clear K-lines with dual peaks are evident at 766.7 nm 
and 770.1 nm for fire pixels (Figs. 1c and d), respectively. Notably, the 
peak spectral radiance enhancement of the K-line at 766.7 nm is roughly 
equal to the line at 770.1 nm, contradicting previous studies which claim 
that the line at 770.1 nm would be attenuated by ~60% (Amici et al., 
2011; Kaaret et al., 2022; Vodacek et al., 2002). These studies used in 
vacuo wavelengths for the oxygen absorption lines but in-air wave
lengths for the K-lines in their radiative transfer calculations, resulting in 
a misalignment.

Quantitatively, the spectra of TROPOMI pixels coincident with 
higher FILDA-2 FRP values show more prominent K-lines. For example, 
the FRP of the fire pixels shown in Fig. 1c and d are 68.4 MW km− 2 and 
55.1 MW km− 2 respectively, with Fig. 1c showing stronger intensity of 
K-lines and FRP. The relationship is even stronger with VLP and K-line 
strength as Fig. 1c and d show VLP values of 0.018 MW km− 2 and 0.006 
MW km− 2, respectively. These values equate to VEF values of 0.00026 
and 0.00011 for the fire pixels shown in Fig. 1c and d, respectively, 
indicating stronger flaming in the former. This is expected since both 
observables are strongly correlated with fire phase. The peak spectral 
radiance of the K-line signal is approximately 0.3 mW m− 2 nm− 1 sr− 1, 
which is clearly distinguishable above the background light level, at 
least for large fires.

Statistically, the K-line signal can be separated from spectral vari
ance associated with non-fire factors such as solar radiance, oxygen 
absorption, etc. This is demonstrated by applying PCA to the TROPOMI 
fire pixel spectra. Fig. 2a and b show the first two PCs, with PC-2 clearly 
showing the isolated K-lines, explaining 3.41% of the variance in the 
TROPOMI fire pixel spectra. The majority (58.22%) of the variance, 
captured by PC-1, is introduced by background sunlight. The remaining 
PCs, which account for 38.37% of the signal variance, likely capture 
variance introduced from the variation of surface reflection, varying 
hyperspectral channel center wavelengths, differences in oxygen ab
sorption, and from the higher proportion of instrument noise in low- 
light conditions (Fig. S5). PC-1 shows weak K-line peaks at 766.7 nm 
and 770.1 nm, indicating that PC-2 may not fully capture the K-line 
signal, but this cross-contamination is small and not significant. As no 
other PCs show these features and PC-2 shows no contamination from 
other sources of variance, we consider PCA an effective method for 
isolating K-lines in wildfire spectra.

Assuming that PC-2 fully and exclusively captures the K-lines, the 
scores of PC-2 are proportional to the K-line radiance. To further 
quantify the K-line signal, we demonstrate correlation of the scores of 
PC-2 with respect to the FILDA-2 FRP and VLP, showing that VLP cor
relates more strongly than FRP. As the uncertainty of both the FRP and 
PC-2 scores should be considered, we use Reduced Major Axis (RMA) 
regression instead of Ordinary Least Squares (OLS) regression. For this 
analysis, we exclude TROPOMI fire pixels with PC-2 scores less than 
0.01 to focus on those with distinct K-line features. Some of these 
excluded pixels, however, have high FRP values but no or very small K- 
line signal, which could be due to large smoldering fraction (and 
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possibly smoke particle attenuation) in those TROPOMI pixels, as these 
excluded pixels also show reduced VLP (Fig. S6). Future studies may 
disentangle these factors.

Potential sources of uncertainty in the scores of PC-2 include in
strument radiometric error, attenuation of the signal by smoke and at
mosphere, and uncertainty resulting from mixing of the K-line signal 

Fig. 1. FILDA-2 fire detections and TROPOMI band-6 spectra for a scene at 18:05 UTC on 2021-08-08 in Siberia. (a) FILDA-2 FRP measurements for a selected fire 
region with overlaid TROPOMI ground pixel footprints. (b) Measured spectrum for a background pixel, showing no potassium line detections. (c) Measured spectrum 
for a strong fire pixel showing K-lines with regridded FILDA-2 FRP and VLP measurements. (d) Same as (c), but for a fire pixel showing weaker K-lines.

Fig. 2. a) PC-1 of the TROPOMI fire pixels in the spectral region containing both K-lines and their explained variance. b) Same but for PC-2 showing the potassium 
signal. c) Log-log correlation between FILDA-2 FRP and the scores of PC-2 thresholded at 0.01. d) Same but with FILDA-2 VLP. In c) and d), also denoted are the 
values of linear correlation coefficient R, ranked correlation coefficient (ρ), statistical significance test (p), and number of samples. Please see text for details.
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between PCs. While PCA as a technique does not provide uncertainty 
estimates, it may be possible to quantify uncertainty associated with the 
PCA decomposition using statistical techniques such as bootstrapping or 
cross-validation. Future studies could apply statistical techniques to 
estimate uncertainty in the extracted K-line signal. Additionally, a for
ward model based on radiative transfer modeling or empirical back
ground fitting similar to that described in Guanter et al. (2021) could be 
developed to avoid uncertainty introduced by interference between PCs 
and provide a more physically based estimate of K-line radiance.

Figs. 2c and d show the correlation and the RMA regression line of 
the PC-2 scores of the TROPOMI fire pixels and FILDA-2 FRP and VLP, 
respectively. Both FRP (R = 0.55) and VLP (R = 0.60) show statistically 
significant correlation with the PC-2 scores, and therefore K-line radi
ance. Additionally, the Spearman rank correlation values are higher for 
FRP (ρ = 0.60) and VLP (ρ = 0.67), indicating stronger non-linear cor
relation not fully captured by linear regression. The VLP results show a 
stronger correlation with K-line PC scores, which is expected since VLP is 
a better indicator of fire phase and combustion efficiency than FRP. 
These results can be further improved by consideration of the attenua
tion of the K-line signal by smoke and by accounting for the low spatial 
resolution of TROPOMI which cannot easily distinguish regions of 
flaming and smoldering combustion. A future instrument with higher 
spatial resolution or a more sophisticated retrieval algorithm could 
accomplish this. Additionally, the VLP and FRP measurements may 
themselves be subject to atmospheric attenuation (Deng et al., 2024) 
and atmospheric correction of these measurements may improve these 

results.
Geographically, when a PCA transformation is applied to the whole 

TROPOMI swath using the previously calculated PCs, the locations and 
magnitudes of PC-2 values correspond well qualitatively with the loca
tions and magnitudes of FILDA-2 VLP values. As an example, Fig. 3a and 
b show the spatial distribution of PC scores and FILDA-2 VLP, respec
tively, while Fig. 3c and d show a zoomed-in subset area of 3a and 3b, 
correspondingly. High PC-2 values correspond to high FILDA-2 VLP 
values and, in general, these two spatial distributions are in good 
agreement. Fig. 3c and d provide a closer view for comparison, in which 
those fire areas with high VLP values are also the areas with high PC-2 
scores. Note, for the comparison, the FILDA VLPs were resampled to the 
TROPOMI pixel grid box and weighted by area. Quantitatively, the 
variation or ratio between VLP and PC-2 scores is not necessarily con
stant, which is understood, because their correlations, while significant, 
has R of 0.60 (Fig. 2).

Indeed, the K-line PC scores in the TROPOMI swath are noisy, with 
many pixels that lack FILDA-2 fire detections still possessing small, non- 
zero PC-2 scores. This is illustrated in Fig. 3a and c. As such, for quan
titative detection of TROPOMI pixels with significant fraction of flaming 
fires, a threshold to filter those noisy pixels is useful. As shown in Fig. 3e, 
a K-line PC score threshold of ~0.05 minimizes the false alarm rate 
(defined as the ratio of above-threshold K-line detections that do not 
coincide with VIIRS fire detections), resulting in roughly 15% of above- 
threshold values falling outside of fire pixels. While this threshold 
minimizes the number of K-line detections outside of VIIRS fire 

Fig. 3. Comparison between geolocated PC-2 scores and FILDA-2 VLP measurements. (a) spatial distribution of PC-2 scores in a region surrounding the domain 
shown in Fig. 1 with threshold at 0.02 applied for the PC-2 score value. (b) FILDA-2 VLP measurements for the same region and with a threshold of 0.005 MW 
applied. (c) A zoomed-in view of a portion of (a). (d) A zoomed in view of a portion of (b) but with FILDA-2 VLP resampled to the TROPOMI grid. (e) Relationship 
between mean values of FRP, VEF, sample fraction and false alarm rate for the study domain as a function of threshold value (x-axis) used for K-Line PC-2 scores.
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detections, the sample fraction (defined as the fraction of VIIRS fire 
pixels containing K-line detections above this threshold) is very small 
(~1%). As shown in Fig. 3a and c, a large number of genuine K-line 
detections fall are excluded in this threshold, so there is a tradeoff be
tween noise removal and flaming fire detection. Additionally, the mean 
FRP and VEF of fire pixels containing the thresholded K-line detections 
increase consistently with increasing K-line PC thresholds (Fig. 3e) 
indicating that higher thresholds isolate the more intense and flaming 
fire pixels.

These results – that the K-line signal is sensitive to flaming com
bustion and that higher K-line threshold isolate intense, flaming com
bustion – imply that K-line observations could be leveraged in 
conjunction with FRP measurements to aid in determining the degree of 
flaming combustion. This relationship is currently not known, but future 
work could relate these observations to empirical emission data or 
thermodynamic model results to estimate combustion efficiency.

3.2. OCO-2 noontime fire spectral signature of potassium line

OCO-2 is capable of directly measuring K-lines at local noon time in 
mid-latitude regions. As an example, Fig. 4b shows the spectra differ
ence between a fire and background pixel, as identified based on MODIS 
fire detection and FRP (Fig. 4a). The difference is shown because the K- 
lines are much less clear in the raw spectra (Fig. S8). This unprecedented 
capability of detection is made possible by the ultra-fine spectral reso
lution (0.04 nm) and spatial resolution (1.3 km × 2.3 km) of OCO-2 
which are a factor of 8 finer and a factor of 6 smaller than those of 
TROPOMI, respectively. As a result, it is not constrained by the same 
low-light requirement as TROPOMI, allowing greater geographical 
coverage at daytime, for detecting K-lines. Indeed, due to the high 
spectral resolution, oxygen absorption line contamination of the 766.7 
nm line and the Voigt line shape of both K-lines is also clearly visible in 
the OCO-2 measurements (Fig. 4b). The ability of OCO-2 to resolve these 
fine details may be leveraged by a future algorithm to retrieve additional 
fire information since some, such as line width, are sensitive to fire 
temperature (Ding et al., 2022). The peak spectral radiance of the 770.1 
nm K-line peak is ~45 mWm− 2nm− 1sr− 1, which is much larger than the 

corresponding ~0.3 mWm− 2nm− 1sr− 1 measured by TROPOMI. This 
discrepancy is likely because of OCO-2's much higher spatial resolution, 
which allows higher flaming pixel fraction, spectral resolution, so the 
peak appears sharper, and the fact that fires burn at much higher in
tensity during daytime hours.

Performing PCA on the OCO-2 fire pixels successfully isolates the K- 
line signal as PC-2 (Fig. 4c). PC-2 is somewhat contaminated by nearby 
oxygen absorption lines, a consequence of the somewhat sparse data and 
strong solar signal, but overall, the K-line signal is very clear. Addi
tionally, there is no sign of K-line contamination in any of the other first 
six PCs (Fig. S7) indicating that PCA is excellent at isolating the signal. 
The high spectral resolution of OCO-2 is responsible for this success as it 
is able to distinguish individual oxygen absorption lines, unlike TRO
POMI. After removing the PC capturing solar variance, the K-line PC in 
the OCO-2 PCA makes up 8.55% (Fig. 4c) of the total variance in the 
observed fire pixel spectra. These results clearly demonstrate the feasi
bility of daytime observations of K-lines using satellite remote sensing.

Despite the successes of OCO-2 in isolating the K-lines, the resulting 
K-line PC shows weaker correlation with MODIS FRP (R = 0.38, ρ =
0.49) (Fig. 4d) than the TROPOMI results with FILDA-2 products. This 
poor performance compared to the TROPOMI results is mainly due to 
the intense background solar signal which makes up >99.9% of the 
variance of the unprocessed fire pixel spectra and easily overwhelms the 
weak K-line signal. Using PCA, however, is intended as a proof-of- 
concept for the isolation of K-lines in wildfire spectra at local noon 
time. More sophisticated retrieval algorithms using radiative transfer 
modeling are likely to improve these results.

4. Summary and conclusions

Using a multiple sensor approach, this study demonstrates for the 
first time that the K-lines at 766.7 nm and 770.1 nm are readily 
measurable in both low-light (dawn or dusk) and noon conditions from 
TROPOMI and OCO-2 respectively. This study is also the first to show 
measurements of the individual K-line peaks due to the high spectral 
resolution of the instruments used. In contrast to previous studies, we 
show that the K-line at 766.7 nm is attenuated by oxygen absorption 

Fig. 4. Daytime MODIS fire detections and OCO-2 O2-band spectra for a fire at 20:56 UTC (13:56 PDT) on 2020-09-07 at 48.1 N 119.5 W with a solar zenith angle of 
44.5◦. (a) spatial distribution of MODIS color-coded FRP values for the selected fire region with overlaid OCO-2 ground pixel footprints (with black lines as 
boundaries). (b) Difference between the spectra of a solar background and fire pixel showing clear dual-peak potassium emission lines. c) PC-2 showing the potassium 
line at 770.1 nm. d) Correlation between MODIS FRP and the PC-2 scores with the PC-2 score threshold value set as 0.
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lines rather than the K-line at 770.1 nm.
For both TROPOMI and OCO-2 instruments, we show that PCA 

effectively isolates the K-line signal from background sources of signal 
variance and that the results are sensitive to fire phase. Since the K-line 
PC scores are proportional to K-line radiances, correlation between PC 
scores and K-line PC scores and fire metrics also indicate correlation 
between these metrics and K-line radiance. In the TROPOMI data, the PC 
scores of the K-line PC correlate with FRP (R = 0.55, ρ = 0.60) and VLP 
(R = 0.60, ρ = 0.67). The correlation is stronger with VLP, indicating 
empirically that the observed K-line signal strength is tied to combustion 
phase. The OCO-2 results show moderate (R = 0.38, ρ = 0.49) correla
tion between the K-line PC and FRP, with the weakness compared to the 
TROPOMI case likely being due to the strong solar signal present in 
noon-time observations. These results may also be improved by per
forming atmospheric correction of the FRP observations.

When PCA is applied to the entire TROPOMI swath, the K-line PC 
detections correspond to the locations of FILDA-2 fire detections, 
showing that, indeed, the K-lines are indicative of biomass burning. A K- 
line PC score threshold of 0.05 successfully reduces the number of false 
detections to ~10%. Increasing this threshold also increases the average 
FRP and VEF of FILDA-2 fire detections containing the K-line detections, 
indicating that with proper thresholding, K-line data can be used 
quantitatively to isolate the most intense and flaming fires in VIIRS 
swath.

These results establish that K-lines can be detected under favorable 
conditions using TROPOMI and OCO-2 and show potential as a tool for 
characterizing fire phase and combustion efficiency. However, the 
quantitative relationships between satellite-observed K-line strength 
and fire phase and combustion efficiency is currently unknown and is 
left to future studies. As such, we consider this study an important proof- 
of-concept, rather than an outline of an operational product. Addition
ally, the extremely high spectral resolution of OCO-2 may allow the 
retrieval of additional information contained in the line shape, such as 
fire temperature. Further work is needed to establish the forward model 
to quantitatively relate the satellite-measured K-line intensity with the 
fire characteristics such as biomass burning rate and fire temperature.
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