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Abstract— We describe a novel algorithm to accurately char-
acterize burned area and generate a time series of active burned
areal extent during an actively burning wildfire based upon
changes in the second-order statistics of interferometric synthetic
aperture radar (InSAR) phase measurements. We present this
algorithm and demonstrate its use with Sentinel-1 InSAR data
collected during the 2020 Cameron Peak Fire, which burned
along the Front Range in Colorado, USA. We show that this
algorithm can successfully discriminate recently burned and
actively burning areas within a fire zone from unburned areas
at high spatial resolution (~10 s of m). We further introduce a
method for estimating a time series of burned areal extent from
interferometric observations of burned area-change via a singular
value decomposition (SVD) inversion. We compare the results
of our algorithm with fire progression maps from the National
Interagency Fire Center (NIFC) and find good agreement on
the total burned area (IoU = 0.65) and excellent agreement on
burned area extent (mloU = 0.91).

Index Terms— Fire monitoring, interferometric synthetic aper-
ture radar (InSAR), radar, remote sensing, time series, wildfire.

I. INTRODUCTION

HE Cameron Peak Fire, which initiated on August

13, 2020, and was contained by December 2, 2020,
burned over 208 000 acres across several counties in northern
Colorado, USA, making it the largest wildfire in Colorado
history [1]. As the frequency and severity of catastrophic
wildfire seasons are expected to increase across much of the
western United States [2], there is a critical demand for near
real-time monitoring of fire severity and evolution to protect
life and property as well as minimize damage through effective
wildfire emergency response.

Wildfire-burned areas have historically been monitored
through a variety of methods, including airborne remote sens-
ing platforms [3] and spaceborne remote sensing platforms [4].
Spaceborne remote sensing platforms afford extensive geo-
graphic coverage (in many cases near-global coverage) with
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relatively frequent (e.g., subdaily to monthly) temporal repeats
at modest to fine spatial resolutions; this operational resolu-
tion can be augmented by tasking of federal or commercial
assets to achieve higher frequency sampling when needed.
Spaceborne remote sensing methods are thus particularly
well-suited toward identification and time series monitoring of
natural hazards at the regional scale. Optical and multispectral
remote sensing instruments are commonly employed for near
real-time monitoring of wildfires, but these methods are only
operable during daytime and are severely limited by cloud
cover and smoke columns from active fires (Fig. 1; [5]).

Synthetic aperture radar (SAR), by contrast, is an active
radar imaging technique that penetrates clouds, operates in day
or night conditions, and provides images at consistent temporal
repeats in the microwave spectrum. Previous work has shown
that both polarimetric observables and SAR backscatter are
sensitive to wildfire burn severity and have been exploited
to map total wildfire burned area [6], [7]. Interferometric
synthetic aperture radar (InSAR) coherence has been used
previously to characterize wildfire burn severity [8], [9].
However, to our knowledge, no work to date has shown that
InSAR phase measurements can be directly used for real-time
wildfire identification, burned area classification, or wildfire
progression monitoring.

In this letter, we demonstrate that second-order statistical
interferometric phase information can be used to quantify
wildfire burned areal extent and discriminate between active
burn and unburned or extinct burn areas within an active
fire scar. In this letter, we use ‘“active” to refer to surfaces
exhibiting a marked change in surface scattering properties,
which we interpret as indicative of recent burn. By con-
trast, “inactive” refers to surfaces that were interpreted as
burning at some point during the observational record, but
no longer exhibit evidence for active modification of sur-
face scattering properties. We demonstrate that the second
moment of the interferometric phase can outperform coherence
thresholding-based methods of feature identification in certain
scenarios. Using a singular value decomposition (SVD) inver-
sion approach, we generate a time series of active burned areal
extent from InSAR observations, which largely reproduces
independently derived fire progression maps from the National
Interagency Fire Center (NIFC).

II. METHODS

We used Sentinel-1 SAR imagery for all analysis, which
we chose due to the broad imaging swath and fine temporal
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resolution of the Sentinel-1 constellation. This constellation of
satellites provides near-global (to £81.5° latitude) spaceborne
SAR coverage of the Earth’s surface with 12-day temporal
repeats for individual satellites. The use of both ascending and
descending tracks results in an effective repeat time of four or
eight days. We used Sentinel-1 SAR imagery in interferometric
wide (IW) swath mode, in which the C-band (5.405 GHz,
0.056 m wavelength) imaging radars acquired data across a
250 km swath at 5 x 20 m single-look spatial resolution.
We processed 11 descending track (path 56, frame 454) and
12 ascending track (path 78, frame 128) SAR images acquired
in IW Swath mode by the Sentinel-1 A and B satellites
between July 17, 2020 and December 12, 2020, spanning the
time period of the Cameron Peak fire.

A. Interferogram Generation

Raw (L1.0) level SAR products were processed using the
geocoded single-look complex backprojection method [10]
and coregistered to a 5 x 5 m resolution upsampled dig-
ital elevation model (DEM) acquired by the Shuttle Radar
Topography Mission (SRTM). We then formed a network of
interferograms with a maximum temporal baseline of 36 days
and a perpendicular baseline of 150 m as in [11] and restricted
our analysis to interferograms that spanned the active period
of the Cameron Peak Fire. During interferogram formation we
performed incoherent averaging by a factor of 3 in both range
and azimuth, resulting in interferograms with a final resolution
of 15 x 15 m. We unwrapped all interferograms using the
SNAPHU algorithm [12] and rejected interferograms exhibit-
ing obvious interferometric decorrelation and/or atmospheric
phase noise, which yielded a final total of 13 descending-track
and 18 ascending-track interferograms.

B. Burned Area-Change Identification Algorithm

Our newly designed algorithm exploits the observation that
the systematic reorientation of surface scatterers—due to,
for example, a wildfire burning off a fraction of vegetation
cover—leads to interferometric decorrelation. This decorrela-
tion consequently increases the second statistical moment of
the observed interferometric phase between two SAR scenes
spanning a systematically decorrelative event. Before estimat-
ing this change in the second moment of the interferometric
phase, we empirically removed the topographically correlated
atmospheric phase term from each interferogram as in [13].
To empirically estimate the second statistical moment of the
interferometric phase for each interferogram pair, we cal-
culated the local spatial standard deviation of unwrapped
phase by convolving each interferogram with a 1 x 1 km
standard deviation filter. This approach implicitly assumes
that the interferometric phase is ergodic over the spatial scale
of the convolutional filter. As a representative example, the
interferometric coherence, unwrapped interferometric phase,
and phase standard deviation for the August 14, 2020, and
September 7, 2020, interferometric pair are shown in Fig. 1.

After estimating the local phase standard deviation,
all pixels exhibiting a phase standard deviation above a
pre-determined threshold are classified as burned, whereas
pixels below this threshold are classified as unburned or not
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actively burning. As a simple threshold, we chose 7/+/3,
which is the upper-bound standard deviation for wrapped inter-
ferometric phase as the interferometric coherence approaches
zero based on the probability density function of the multilook
interferometric phase [14]. This threshold value was chosen to
minimize the incidence of false positive detections of burned
area. This thresholding results in a binary image of pixels
classified as burned or unburned. To minimize false positives
that arise from spurious decorrelation signals, we performed
an area opening operation on the binary image, during which
we filtered out all connected components with a total area less
than 1 km?. The steps of the burned area-change identification
algorithm are summarized below.
1) Empirically remove the atmospheric phase
correlated with topography as in [13].
2) Convolve each interferogram with a 1 x 1 km standard
deviation filter.
3) Classify all pixels exhibiting a phase standard devi-
ation above a pre-determined threshold as burned:
o > (n/«/§).
4) Perform area opening operation, removing all connected
component regions with a total area less than 1 km?.
Application of this algorithm yields a set of images with
areal estimates of burned-area change—that is, changes in
the spatial extent of burned area between the two acquisition
times of the SAR scenes used for interferogram generation.
To convert this network of area change estimates into a time
series estimate of burned areal extent and wildfire progression,
we performed a modified form of the Small BAseline Subset
(SBAS) time series inversion algorithm described below.

term

C. Time Series of Burned Area

The (SBAS) algorithm was originally formulated as an
inverse problem to generate a time series of surface defor-
mations from a network of interferometric surface-change
estimates via an SVD inversion [11]. We can form an analo-
gous linear system of equations that relates the interferometric
burned-area change estimates derived in Section II-B to a
time series of burned area estimates. For any single burned
area-change image acquired between times #; and #,, all
nonzero pixels represent a surface element that experienced
wildfire burn at some time between times #; and t,. For a
collection of N interferograms spanning M discrete observa-
tional times, we can construct a pixelwise linear system of N
equations of the form

sa=Ba )

where § a is an [N x 1] vector of burned-area change
estimates, a is an [M x 1] vector of unknown burned-
area estimates, and B is an [N x M] incidence-like design
matrix whose elements are either 0 or +1. For example,
if the 12th burned-area change image spanned the 5th and
8th observational times, the design matrix would be of the
form: B(12,5) = —1, B(12,8) = 1. This design matrix
is identical for each pixel spanning the series of images,
although the vectors §a and a uniquely encode the time series
of burned-area change estimates and burned-area estimates
respectively for each pixel. In adapting this proposed method
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(a) Unwrapped phase overlying an SAR amplitude image acquired during the 2020 Cameron Peak wildfire, with the burned area as identified via

the algorithm described in Section II-B denoted. (b) Contemporaneous Landsat-8 image with the burned area partially obscured with cloud cover, by which
SAR is largely unaffected. (c) SAR VV amplitude from September 7, 2020. (d) Unwrapped interferometric phase. (e¢) Interferometric coherence. (f) Spatial
standard deviation of unwrapped interferometric phase over a 1 x 1 km moving window for a pair of SAR scenes from August 14, 2020, and September 7,

2020.

to study active wildfire burn progression in real-time, the
design matrix in (1) would need to be updated after each
SAR image acquisition; consequently estimates of burned area
at a particular time step will progressively improve as more
SAR scenes are acquired later in time. The vector of unknown
burned area estimates a can be solved for

a=B%5a

2

where B¢ is the generalized inverse of the matrix B. For ease
of implementation, we have chosen to use the Moore-Penrose
pseudo-inverse of the design matrix B. As a final step to
remove spurious pixels, we perform a weighted threshold
filtering on the vector of burned-area estimates a, which identi-
fies pixels that are consistently labeled as positive burn pixels
for every interferometric observation that spans a particular
time step. We define the threshold value ¢; for the ith burned
area time step a; as
1

P|B;|
where P is an integer scaling factor that can be chosen
based on the overall quality of data, and ||B;||? is the squared
Euclidean norm of the ith column in the design matrix B.
Each pixel in the array a; that is greater than ¢; is considered
a burned pixel; pixels less than ¢; are considered unburned
and masked. We chose P 1 for ascending scenes and
P = 4 for descending scenes as these resulted in time series
with a minimum of spurious signals.

Gi 3)

III. RESULTS

Applying the wildfire identification algorithm presented in
Section II-B on all 31 ascending and descending track interfer-
ograms resulted in 31 burned-area change estimates spanning
12 unique time steps. Solving (2) and performing the weighted

TABLE 1

IoU AND MIOU RESULTS FOR INSAR-DERIVED AND NIFC
BURNED AREA ESTIMATES

Date 14 Aug. | 26 Aug. | 03 Sep. | 07 Sep. | 15 Sep. | 19 Sep.
ToU 0.213 0.599 0.662 0.698 0.676 0.758
mloU | 0.968 0.951 0.908 0.887 0914 0.915
Date 27 Sep. | 01 Oct. | 09 Oct. | 21 Oct. | 06 Nov.

IoU 0.712 0.727 0.715 0.676 0.692

mloU | 0.908 0.907 0.859 0.907 0.899

thresholding with (3) yielded a time series of 12 burned area
estimates from which we can create a progression map of
the 2020 Cameron Peak Fire.

As shown in Fig. 2, the burned area time series derived
from InSAR observations successfully captured the evolution
of the fire from its original initiation near Red Feather Lakes
through its spread into the Arapaho and Roosevelt National
Forests. The InSAR-derived burned area estimates (Fig. 2,
white pixels) agreed well with independently derived opti-
cal and infrared estimates of burned area provided by the
NIFC (Fig. 2, pink pixels). The spatial correlation between
the InSAR-derived and optical/infrared-derived burned area
estimates was consistently high at each resolved time step.
Notably, the InSAR-derived estimates also identify unburned
islands contained within the fire perimeter, suggesting that
InSAR observations might afford complementary high res-
olution estimates of heterogenous burn conditions within
active fire perimeters. To quantify the agreement between the
InSAR-derived areas and the NIFC results, we performed an
Intersection-over-Union (IoU) analysis between the two results
and a modified IoU (mloU) analysis (see Table I). The mloU
excludes from the union set pixels contained within the NIFC
perimeters but not identified by InSAR, and is therefore most
sensitive to differences between the two fire perimeters of each
product rather than differences in unburned islands within the
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Selected time steps from the burned area time series of the Cameron Peak Fire (white pixels) as determined by the InSAR algorithm described in

Sections II-B and II-C, compared to independent burned-area fire perimeters provided by the (NIFC; pink pixels).

fire perimeters. We use the mloU score to assess agreement on
burned area extent. A value of one indicates a perfect match
between InSAR-derived areas and NIFC results, while a value
of 0 indicates no agreement. Generally, a value greater than
0.7 is considered a good match, while a value greater than
0.92 is considered an excellent match.

IV. DISCUSSION

Several advantages of our second-order phase-based
approach to map fire progression are illustrated in Fig. 1: the
all-day, all-weather operating conditions of radar make SAR
observations insensitive to variable cloud cover and smoke
during active burn conditions, unlike optical methods; the use
of interferometric observables (e.g., differential phase) rather
than amplitude circumvents issues associated with multiplica-
tive speckle noise [15]; the use of second-order differential
phase information rather than first-order differential phase
also removes any potential sensitivity to variable propagation
phase delay due to uncompensated atmospheric phase and/or
propagation through dense smoke columns [16].

Because this method makes use of both ascending and
descending tracks, systematic differences in viewing geometry
and line of sight of the imaging platform can result in
variable image quality. In the case presented here, descending
track interferometric pairs exhibited higher interferometric
coherence overall and yielded fewer false positives; see,
for example, spurious estimates of burned area from
ascending-track interferograms in dates October 9, 2020 and
October 21, 2020 to the east of the main fire complex in
Fig. 2. We attribute the higher fidelity of the descending track
interferograms in part due to the favorable viewing geometry
of the descending track compared to the ascending track. The
Sentinel-1 constellation of satellites is right-looking, which
means that the look direction in the descending track is more
conducive to imaging the eastern flank of the Colorado Rocky
Mountains, where the Cameron Peak Fire occurred. The
launch of the left-looking NISAR mission in early 2024 will

provide complementary coverage to the right-looking
Sentinel-1 constellation of satellites. Furthermore, NISAR
will operate with a 1.2575 GHz center frequency, making
NISAR observations less sensitive to signal decorrelation [17].
Radiometric terrain flattening approaches might further be
employed to improve performance in topographically complex
areas [18].

Although changes in interferometric coherence have been
previously used to detect total burned area extent of wildfires,
these approaches can fail over areas that exhibit generally poor
coherence or for individual interferometric pairs exhibiting low
coherence. This fact is illustrated in Fig. 1, which shows inter-
ferometric observables from an interferometric pair spanning
August 14, 2020 and September 7, 2020. The uniformly low
coherence over most of the forested study region precludes
a simple coherence-thresholding approach for burned area
identification. Furthermore, a conventional approach using
SAR amplitude would be unable to quantify the burned area.

However, visual inspection of the unwrapped phase clearly
shows an increase in the spatial standard deviation of
unwrapped phase within burned pixels as opposed to unburned
pixels, even when the interferometric coherence in both areas
is comparable. Estimation of the phase standard deviation
clearly delineates the burn scar with the borders between
burned and unburned ground sharply resolved, in contrast
to the interferometric coherence. This difference between the
interferometric coherence and the spatial standard deviation of
the interferometric phase is due both to the different spatial
domain of the coherence estimator and phase standard devia-
tion filter, as well as the difference in probability distributions
of the two estimated parameters.

Implicit in these results is the simplifying assumption that
the algorithm described in Section II-B solely identifies decor-
relative events that are entirely due to the effects of wildfire
burn. As a result, several false positive pixels are identifiable
as spurious, disconnected regions at certain time intervals in
Fig. 2. These false positives might be correctable through the
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incorporation of ancillary datasets (e.g., multispectral-derived
burned-area estimates [5]) or more stringent filtering choices,
such as convolving the standard deviation filter over a larger
area, performing image opening over a larger threshold area,
or a different integer scaling factor in (3). Conversely, the
fact that this algorithm relies only on interferometric observ-
ables means that it is in principle generalizable to study
other physical phenomena that are responsible for systematic
interferometric decorrelation, such as extreme precipitation
events [19], forest disturbance [20], agricultural activities [21],
changes in soil moisture [22], and snow accumulation [23]. For
example, the greater discrepancy between the InSAR-derived
results and the NIFC results in October and November may be
partially attributable to increased precipitation events. Future
research is warranted to test the applicability of the proposed
technique to study other dynamic surface processes.

V. CONCLUSION

We have introduced a new algorithm that uses second order
statistical interferometric phase information from Sentinel-1
InSAR observations to generate burned area-change estimates
over the 2020 Cameron Peak Fire. We further introduced
a simple SVD-based method to generate a time series of
burned area estimates from burned area-change estimates and
demonstrated excellent agreement between our results and
independent estimates of fire progression from the federal
agency tasked with generating burned-area outlines, the NIFC.
In contrast to optical and multispectral instruments, SAR
instruments have the attractive qualities of operability during
day or night conditions, all-weather conditions, and insen-
sitivity to cloud cover or smoke cover during active burn
conditions. These results illustrate that InSAR is an effective
technique for acquiring fire-synchronous estimates of burned
area and can complement existing techniques while providing
beneficial insensitivities to atmospheric obscurations.
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