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1 Introduction

The Earth’s surface undergoes continuous changes driven by a combination of seasonal and
interannual processes, natural disasters, anthropogenic activity, and a warming climate.
These changes manifest through diverse environmental stressors: urbanization alters local
hydrology and climate; industrial mining degrades topsoil composition and water quality;
deforestation disrupts vegetation structure and increases carbon emissions; hurricanes de-
stroy infrastructure and uproot biomass; drought restricts primary production; and heavy
rains trigger landslides in sloped terrain. Delineating and mapping surface disturbances
as they occur has important implications for ecosystems, water resources, food produc-
tion, disaster response efforts, and other essential systems for human society. As such,
the OPERA project is committed to providing a suite of products derived from Earth-
orbiting sensors for reliable, global-scale disturbance monitoring. Our SAR-derived generic
disturbance algorithm identifies pixels in space and time that deviate from the estimated
statistics determined from a set of baseline images. In this document, we detail the design of
the OPERA DIST-S1 algorithm—its theoretical basis and product structure—for tracking
generic disturbances from the Sentinel-1 constellation using the OPERA Radiometric and
Terrain Corrected Imagery (RTC-S1). The DIST-S1 product will provide a complemen-
tary view of the disturbances captured in the existing OPERA optical disturbance product
DIST-HLS (derived from harmonized Landsat and Sentinel-2), which began production in
April 2023. The RTC-S1 input imagery provides structural information about the surface
being observed: double bounce from tall buildings, volumetric scattering from dense vege-
tation, and specular reflection from smooth surfaces such as roads and water. The RTC-S1
also reveals information about water content in soil and in vegetation. DIST-S1 therefore
characterizes generic disturbance through statistical deviations of the latest image from the
baseline. This is in contrast to the DIST-HLS disturbance mechanism, which is derived
from the interannual vegetation loss determined by modeling per-pixel vegetation cover.
Because the OPERA RTC-S1 input data is weather- and illumination-independent, DIST-
S1 will provide monitoring capabilities particularly where continuous cloud cover or smoke
obscure a scene. The DIST-S1 product is scheduled for release in mid-2026.

1.1 Background

Disturbance delineation is the process of mapping deviations from a baseline of reference
images. It can also be viewed as the process of selecting a time and area within a time-series
of co-registered images in which a disturbance or change occurs. Disturbance delineation
is frequently referred to as change detection in the literature. We will equate change and
disturbance in this document. Our goal is to use the OPERA RTC-S1 product for distur-
bance mapping alongside the OPERA optical disturbance product derived from Harmonized
Landsat and Sentinel-2 (DIST-HLS). This goal motivates many of our algorithm choices.
Before discussing our approach, we review two operational SAR disturbance products
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that demonstrate SAR’s power for detecting interannual forest loss. These products are the
SAR-based RAdar for Detecting Deforestation (RADD) products [1] and the ALOS-2 Forest
Alerts [2,3]. The input imagery for these products is the C-band Sentinel-1 constellation
and ALOS-2, respectively. These products’ algorithms focus on tropical forest loss, which
is highly visible in SAR imagery because volumetric scattering from trees significantly
decreases as trees are cleared. Such products are invaluable for large-scale monitoring where
the persistent cloud cover makes consistent optical observations challenging. The DIST-S1
product will have a wider geographic scope: it will be nearly global, covering all DIST-
HLS tiles with sufficient RT'C-S1 availability. In contrast, OPERA DIST-S1 will identify
generic disturbances, i.e., disturbances defined by statistical deviations from a baseline of
reference images. One obvious distinction between the aforementioned forest loss products
and OPERA DIST-S1 in forested areas is that DIST-S1 also detects anomalous interannual
regrowth.

We now provide a broader overview of disturbance delineation and its challenges. Any
method for delineating disturbance will depend on the following factors:

(a) the modality of the sensor (i.e., optical or SAR),

(b) its temporal sampling rate,

(c) its spatial resolution,

(d) the category of change being studied,

(e) a change’s duration,

(f) the baseline (i.e., reference) time-series of undisturbed pre-image observations, and

C

(g) the quantity of post-image data compared against the baseline time-series.

Items (a) - (c) are sensor constraints. Items (d) - (e) are related to the type of distur-
bances being tracked. Items (f) - (g) address the balance between the preceding sensor
and disturbance constraints. In (f), the reference image time-series is referred to in this
document as pre-images. In (g), the imagery compared to the set of pre-images is called
post-image. The OPERA DIST-S1 product will have a 30 meter spatial resolution following
the OPERA RTC-S1 input data and will be reprojected into the Military Grid Reference
System (MGRS) tile system so the products can be easily compared to DIST-HLS prod-
ucts. The DIST-S1 will have a nominal 6-day repeat pass through a single observation
geometry in forward processing mode when continuous data generation is possible using
two platforms from the Sentinel-1 constellation. As we will discuss in later sections, we will
accumulate disturbances through multiple SAR geometries so the sampling rate for DIST-
S1 can be much higher if data is available. For example, over Los Angeles, the sampling
rate for DIST-S1 is approximately 3 days; in fact there are descending and ascending tracks
that pass over the same area in a 24-hour period.

We provide broad categories of change detection algorithms following the OPERA DIST-
HLS ATBD [4]. These categories contextualize the algorithms used to analyze change. A
change detection algorithm can be either signal-based or theme-based. A signal-based ap-
proach uses a radiometric measure directly from the sensor, e.g., optical reflectance or SAR
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backscatter, to delineate change. A classical signal-based SAR change detection algorithm
is the log-ratio, denoted here as ¢, proposed in [5], where the amount of change between a
pre-image Iy and post-image [ is measured via:

¢ :=log (%) = log(Iy) — log(Ip). (1)

A theme-based approach first models a geophysical variable, e.g., forest cover, and then
uses the modeled variable for change detection. The OPERA DIST-HLS optical product is
theme-based in that it models percent vegetation cover to detect change. The SAR-based
RADD algorithm is theme-based in that it constructs forest and nonforest distributions
based on backscatter values, iteratively updating the distribution based on Bayes’ rule [1,
6, 7). Signal-based approaches are tied directly to acquired imagery, while theme-based
approaches clearly communicate the type of change detected.

Change detection algorithms can also be categorized as metric or classification ap-
proaches. A metric approach assigns a non-negative real value to each pixel measuring
the degree of disturbance relative to the pre-images. By convention, larger metric values
indicate greater change and smaller values indicate less change. For DIST-HLS, vegetation
cover loss is the disturbance metric [4]: greater loss corresponds to greater disturbance. For
RADD, the metric is the probability of non-forest pixels exceeding a threshold in the inter-
val [0.5,1) [7]. A classification approach directly labels each pixel as changed or unchanged.
Classification approaches are typically data-driven, trained on ground-truth datasets tar-
geting specific change types such as urban growth [8,9] or floods [10,11|. Such algorithms
often employ bi-temporal methods, using a single pre-image and a single post-image to
determine change.

This taxonomy allows us to more precisely characterize the DIST-S1 algorithm. We
highlight important differences between optically-derived and SAR-derived disturbances.
While the DIST-S1 product will complement the DIST-HLS product, the set of mappable
disturbances is not strictly overlapping. DIST-S1 measures structural change using a signal-
based metric of statistical deviations in interannual backscatter. DIST-HLS thematically
tracks interannual vegetation cover loss through the spectral signature of its input. All dis-
turbances in the OPERA disturbance suite (both DIST-HLS and DIST-S1) do not attribute
why a disturbance occurred (fire, development, etc.), though DIST-HLS’s thematic measure
indicates what was disturbed, namely vegetation. DIST-S1 generic disturbances indicate
that the current imagery deviated from the multi-year baseline and can include changes
as varied as urban development, floods, or wildfires. DIST-S1 and DIST-HLS will agree
for dense vegetation clearing. However, SAR will not detect burn scars or vegetation loss
over short, dry, sparse vegetation, e.g., plains that appear visibly burnt in post-fire optical
imagery. DIST-S1 will detect a broader range of change types than DIST-HLS, including
urban development and demolition; vegetation regrowth; drought and sandbar expansion;
agricultural rotation; and snow cover. We discuss additional differences in Section 3.
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2 The DIST-S1 Algorithm

The DIST-S1 Algorithm is a signal-based approach to delineating changes in OPERA RTC-
S1 images. The algorithm uses a probabilistic metric to quantify changes in recent data
collection (post-image) when comparing to an interannual baseline (pre-images). Specifi-
cally, the metric utilizes a vision transformer to estimate the per-pixel distribution from the
baseline and the metric quantifies the per-pixel deviation from these estimates. To establish
a baseline (i.e. estimate the per-pixel distribution), 10 reference dates from the previous 3
years are used. The details of this baseline curation is found in Section 2.2. The Vision
Transformer (ViT) [12]| captures rich spatial and temporal patterns within the baseline that
in turn can allow the algorithm to identify deviations across numerous environments and
terrain. In Figure 1, we provide a high-level view of our algorithm, its inputs and outputs.
We also include Table 1 showing the ancillary data used in our product. We highlight
that our methodology will output a new DIST-S1 ALERT product for each new Sentinel-1
acquisition. The rest of this section details the processes (blue squares) in the flow chart.
In Section 2.1, we discuss how the OPERA RTC-S1 data is despeckled. In Section 2.2,
we describe the mechanism for curating the baseline set. In Section 2.3, we detail the
technical aspects of our disturbance model and metric for the DIST-S1 product, which is
dubbed the “transformer metric”. In Section 2.4, we detail the neural network architecture
utilized for this transformer metric. Specifically, we detail the network’s structure, how
the network is trained, and its use in estimating the probabilistic parameters required for
the metric. In Section 2.5, we describe how transfomer metric is used to delineate change
and some calibration considerations. In Section 2.6, we provide an overall summary of how
the disturbances are aggregated into a single tiled product. In Section 2.7, we introduce
the mechanism we use for confirming disturbances in time through a given MGRS tile. In
Section 2.8, we provide a summary of the layers and its expected formatting. The code
and its documentation to generate the operational DIST-S1 product can be found at the
dist-s1 Github repository [13]|. Specific details about the implementation can found in
that repository.

2.1 Despeckling

In this section, we discuss how we despeckle each of the RTC-S1 products as a prepro-
cessing step. We utilize total variation denoising from [14| implemented in [15]. Rather
than following a strict model for the SAR speckle noise as in [16], we use the so called
homomorphic approach in [17]. That is, we transform our imagery to decibels (dB) via

X — 10logo(X)

and denoise the image assuming approximately Guassian noise. The optimization problem
can be stated as follows. Let X,y be the original, speckled image in dB. We obtain
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Figure 1: High-level workflow of the DIST-S1 algorithm including the ingestion of input
datasets and the algorithm’s processing steps. This document is an explanation of this
flow diagram. The output of the algorithm is the generation of the DIST-S1 ALERT
product, which provides information about disturbance from the latest Sentinel-1 pass in
three fields, and information about how consistently disturbances were observed over time
in an additional seven confirmation process fields. There will be a configurable file for
setting relevant algorithm parameters (which is called the RunConfig as is the case with
other OPERA algorithms). Details of the ancillary data used is found in Table 1.

Xdenoised 1
Xdenoised = argminX AHv}(‘h + §||X - Xnoisy”%

where A > 0 and || - ||, is the p-norm. We set A = 5 for VV and VH from ad-hoc visual
inspection. After despeckling, we return the image back into its original scale 4% [18]. Dur-
ing total variation despeckling, we need all pixels to have valid numerical values. However,
there are pixels with Not a Number (NaN) values and we need to fill these in to perform
the optimization above. We have two cases for NaN pixels: 1. pixels within the valid image
area (e.g. due to high incidence angle) and 2. pixels on the exterior of the image. For those
within the image area that have NalN values, we interpolate the pixels within the boundary
of the image using bilinear interpolation of nearby pixel backscatter values. For those on
the exterior of the image we set pixels to be -25 db, which is beneath the expected noise
floor in dB. During our workflow, we perform careful accounting to ensure the NaN values
are preserved in the final product, i.e. we do not consider pixels as disturbed or undisturbed
if they have NaN values in the input RTC-S1 product.
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365 days 365 days 365 days

|] = RTC-S1 Granule not used for DIST-S1 product D = RTC-S1 Granule used in Baseline
| = Recent acquisition (Post-image) at t;

Figure 2: Ilustration of baseline curation with a the search window size A, = 60 days.
The blue squares are the pre-images and green square the post-image. Above there are a
total of 9 images because in the second year there are no available images. We always have
at most n. = 10 total images in the baseline as dictated in Section 2.4.

2.2 Baseline Curation

In this section, we discuss how to curate the reference baseline that will be used to establish
the per-pixel statistics by which we measure disturbance. Ultimately, we curate each burst
time-series with respect to a given burst image or RT'C-S1 product independently and the
product is merged in a systematic way (see Section 2.6). This baseline curation is paramount
to the type of changes being studied as this effectively constrains the sampling rate and
the duration of changes that can be observed by the algorithm (see Section 1). We have
curated our baseline to align the DIST-S1 product with the DIST-HLS products. Before
introducing our baseline strategy we provide three important goals that will motivate the
curation strategy.

1. The baseline should be from previous years so that we can accumulate the disturbance
metric with each new acquisition.

2. Our baseline should capture phenological processes that are present in the latest
acquisition.

3. Our baseline should be able to adapt to the irregularity of Sentinel-1 acquisition
strategy.

We accomplish these goals by looking at the anniversary date of the latest acquisition
over the last 3 years and collecting images up to 60 days prior (approximately 2 months)
before each anniversary date. Specifically, we collect at most 10 images over this 3-year
period, selecting at most 4 images from the most recent year, at most 3 from the year
before that, and at most 3 from the year before that. This maximum aligns with the
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context length n. discussed in the previous section. By using this interannual strategy,
each new acquisition has a rolling baseline and consistent changes can be tracked over
time and we can accumulate the metric with each new acquisition. Further, restricting
to 2 months prior to an anniversary date year-to-year allows us to capture the seasonal
effects within a baseline e.g. leaf-on/leaf-off processes. Because our model can have a
variable length baseline, regardless of what baseline images are available, we are still able
to establish a baseline with at least one image. This approximates the curation strategy
followed by DIST-HLS. The primary difference as noted in [4] is that we use 60 days prior
to the anniversary date and DIST-HLS looks at +30 days around the anniversary date. We
choose our strategy because our parameter estimates care about sequence and we wanted
to have a baseline that represents the regular lead up to the current date. We call this
window d,, in days. See Figure 2 for an example of how this strategy works in practice. In
this figure we have a baseline of 9 because there is one year when not enough Sentinel-1
data is available. The code used to curate the baseline can be found in our repository
dist-sl-enumerator [19].

2.3 Model Description and the DIST-S1 Disturbance Metric

In this section, we detail the model and the metric used to assess per-pixel disturbance over
a burst time-series. We refer to the model and metric simply as the “transformer model”
and “transformer metric”, respectively. These names stem from the fact that our model
and metric utilize a neural network leveraging a transformer architecture [12, 20|, which is
discussed in Section 2.4. The model and metric will provide a probabilistic tool to quantify
how much the current observed post-image acquisition deviates from the reference pre-
images. Additionally, the model and metric will be able to take into account spatiotemporal
trends.

We now provide some notation to precisely describe the model and its associated metric.
Consider a time-series of coregistered SAR imagery over a fixed spatial burst. Let I for
k =1,...,n represent acquisitions times over a fixed spatial area such that I is the earliest
acquired image and I, is the most recent. Specifically, let {I3, ..., I;,} be the ordered set of
pre-images each with spatial dimension H x W. We assume that the temporal dimension
is indexed by k so that Iy, Is, ..., I, ..., I, represent sequential images. Let the post image
I,+1 be of the same spatial dimension H x W. We assume that all burst time-series are
coming from a single orbit track. We will detail how to combine disturbance delineations
across ascending and descending orbit tracks later in the document (Section 2.7). It is worth
also noting that while this discussion assumes the baseline images I, ..., I, are sequential,
our baseline curation (Section 2.2) will use images around the anniversary date of the
acquisition from the last 3 years. Our model’s architecture does not have explicit date
encoding (i.e. month or day or year). We also found that the recency bias in predicting
the per-pixel distribution provided greater interpretability, particularly with respect to
hazards such as fires and landslides. Also, for this discussion, we consider single-channel
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(i.e. single polarization) imagery, but the discussion will be extended to two-channel (dual-
polarization) imagery later in this section. A metric m;; is a per-pixel measurement of
disturbance and can be seen as distance function between the set of pre-images and a
post-image:

mij = m({Il, veuy In}, In+l)

We will typically assume m;; > 0 and that larger values of m indicate a greater likelihood of
disturbance. Now, let X be the random variable associated to the post-image I,, 1. We will
approximate the per-pixel distribution of the post-image as normal, i.e. X;; ~ N (5, 04j)
fori =1,...,H and j = 1,...W. We do not know the underlying per-pixel distribution
within the imagery, but we are able to approximate this distribution in a standard manner
as we now disucss. Suppose that p is an unknown distribution of the scatterers in a pixel and
qp is our known parametrized distribution, parametrized by 6, that we use to approximate
p. To find the optimal approximation of p with respect to @, one utilizes Kullback-Leibler
Divergence K L(p||gp) with respect to distribution parameters 6 in order to best approximate
p; in our case, # is uniquely characterized by the parameters p and o. It is well known
that KL minimization is equivalent to minimizing the Negative Log-Likelihood of gy with
respect to 6 using samples drawn from p [21], which is precisely what is done during training
of the neural network model that estimates the parameters p and o (see Section 2.4).
Thus, our selection of the normal distribution (the highest entropy continuous distribution)
approximates the unknown distribution of image in a precise, systematic manner. Indeed,
when SAR pixels are dominated by a single type of scatterer, normal approximations are
used to heuristically identify disturbance [2,3]. We will use our normal approximation
model to identify outliers with respect to the distribution. A single channel backscatter
SAR image (either VV or VH) encodes the amplitude of the returned signal [18,22], whose
values are restricted to the interval (0,1). Following [23|, before estimating the normal
parameters, we transform the range of observed values in 7° to R via the logit function:

logit(x):log< i )

1—=x

that is a monotonically increasing bijection between the open interval (0,1) and R. The
transformation ensures the domain of the per-pixel distribution matches that of the normal
distribution.

We reiterate that the image time series I, ..., I, I,+1 that we analyze (i.e. the set of
reference pre-images and post-image) will come from single fixed burst [24]. This ensures
the SAR acquisition geometry and terrain to be consistent through the time-series. This
also removes the burden of onerous input curation that would be required to train such a
model including providing information to the model regarding the SAR geometry. However,
even operating under constraint that the metric only assesses disturbances within a single
orbit track, we are still able to track disturbances for all orbit tracks that pass over a given
DIST-S1 product tile. This process will be detailed in Section 2.7.
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Given our per-pixel mean p and standard deviation o estimates, we are now ready to
define our transformer metric for a single polarization. The transformer metric quantifies
how much the post-image deviates from our modeled distribution. The transformer metric
is simply the Mahalanobis distance d;; of the post-image with respect to the estimated
distribution [25]:

£ o 1Unt1)ij = g
1] T
Observe that the transformer metric not only measures the absolute deviation from the
estimated mean g, but is inversely proportional to the observed variation o. This ensures
that areas that have highly variable pixels with respect to the reference pre-images, the
absolute deviation is weighted accordingly. We will now drop the spatial indices ¢j unless
their use is required for clarity. Let’s consider the random variable:

and its absolute value |Z|. We note that |Z| is the random variable modeling our single
channel transformer metric d. It is well known that P(|Z] > t) for t = 1,2, 3 is bounded
by .32, .05 and .01, respectively, using well-known properties of the normal distribution. In
fact, we can find a formula for |Z| >t for ¢t > 0. First, note that

Z ~ N(0,1)
where N(0,1) is standard normal distribution. Define:
p(t) == P (2] > 1)

In the equation above, we highlight that Z is a random variable while ¢ > 0 is a positive
number. Note that p(d) can be interpreted as “the probability that the random vari-
able modeling our transformer metric |Z| exceeds the observed metric d.” In fact, we can
compute p using the closed-form solution for the cumulative distribution function of the
standard normal distribution:

p(t) = P (2] > 1) (2)
=1-P(-t< Z<t)
=1—-[P(t< Z)— P(Z < —t)]

=1—-[Pt<Z)—(1—-P(t< 2))] Symmetry of Z about 0
=2-2-P(t<2)
=2-(1-F(t)

where F'is the cumulative distribution of the standard normal distribution. Rather than
dealing with p(d) whose value can become extremely small if d is large, we found it easier
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to deal with the Mahalanobis distance directly. Therefore, our transformer metric d for a
single polarization is precisely this Mahalanobis distance.

This transformer metric d for a single polarization image has the following interpreta-
tion: the transformer metric d has units of the estimated standard deviation o and the
metric measures the distance of the post-image to the mean in these units. For example,
if d is found to be 3.1, then post-image is approximately 3.1 standard deviations from the
mean. Even though the estimated mean and standard deviation vary from pixel-to-pixel,
the transformer metric allows us to measure deviation in a systematic manner throughout
an entire image using our probabilistic interpretation. In Figure 3, we illustrate how the
data is processed to calculate the transformer metric. The example uses data over the Papua
New Guinea Landslide occurring in May 2024 [26]. First, the figure shows how the mean p
and standard deviation o images for each polarization are estimated from a reference set of
pre-images using our transformer model. The figure then shows how the transformer metric
is calculated using the post-image and its deviation from these estimates.

Although we will use a deep neural network with spatiotemporal encoding to estimate
parameters p and o, these parameters can be estimated rather simply from the set of
pre-images. Specifically,

=)
Il

k=n

1

- Z I (3)
k=1

1 k=n
Fim 1> ()
k=1

n—1

Thus, we can compute the mahalanobis distance directly from these parameter estimates.
However, such estimates ignore temporal ordering of the data as well as rich spatial patterns.
In Appendix A, we discuss conventional disturbance metrics and contextualize them in
terms of the probabilistic setting we have established here. We also discuss the Cumulative
Sum metric and its relation to the transformer metric introduced here.

Up to this point, our discussion has focused on single channel (i.e. single polarization)
image time-series; indeed, our estimates for mean and standard deviation are real numbers.
We can combine the metrics from each polarization into a new single metric as follows.
We define dyax := max(dvv, dVH), then this new dpyax metric is the logical “or” of the two
metrics dVV and dV in that if the metric exceeds a value ¢, then at least one metric (either
d’V, dVH or both) exceeds t. To contrast this, we can define dy,i, and this represents a
logical “and” of the two metrics in the same way. For DIST-S1, we track changes that
can be seen in any polarization, so we utilize the maximum. The maximum of ¥V and
dVH is the final “transformer metric”. We note that the discussion above holds for any co-
and cross-polarization time-series including HH and HV. A summary of how the metric is
computed is shown in Figure 4. Although we could have estimated the 2 x 2 covariance
matrix for dual polarization imagery, frequently the cross-correlation values (i.e. the anti-
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diagonal values of the covariance matrix) are small and numerically unstable. Therefore,
we consider each channel separately and take a maximum of the Mahalanobis distances.
Our transformer metric design was adapted from Stephenson et al. [23], which utilizes
a Recurrent Neural Nets (RNN) to estimate damage in S1 Coherence time-series via the
Mahalnobis distance. We adapted this method to use the transformer architecture [20]
which has become a highly scalable computer vision tool for spatiotemporal modeling [12,
27-29]. Indeed, vision transformers are emerging as a powerful tool within remote sensing
[28,30-33]. It is worth highlighting that in [23] a model is trained for each new stack
of imagery. However, with the ability of transformers to robustly encode information,
we elected to train a single global model that could be applied to any time series. In
this work, we utilize a basic vision transformer architecture from the original paper [12]
with an additional temporal encoding to provide our estimates with an understanding of
spatiotemporal trends and variability within the baseline. This is discussed in Section 2.4.

Ancillary Spatial Static or Latency Inputs Geographic
data Resolu- Dynamic Scope

tion (m)
GLAD 30 Static N/A Landsat Global
Ocean
Mask [34]

Table 1: Table of ancillary data to be used in the DIST-S1 workflow including its spatial
resolution, latency, and geographic scope.

We reiterate that the DIST-S1 transformer model considers temporal trends within the
reference pre-images. Specifically, the relative temporal positions of the inputs is a crucial
part of spatiotemporal encoding of the transformer model and thus impacts the normal
parameter estimates that inform the metric. We also note that the model was trained
on image time-series coming from a fixed spatial burst. That is to say, the acquisition
geometry and terrain remain fixed for each subsequent image in the time-series. While
there are opportunities to train a similar model using time series spanning multiple tracks
overlapping the same area, this was not pursued to ensure simplicity of the model and
its training data. We anticipate models requiring inputs spanning both ascending and
descending tracks would require some encoding of the incidence angle and greater care
would have to be taken with nodata values as each track has different coverage. This
was beyond the scope of this work. Although our transformer model is designed to detect
disturbances coming from a single spatial burst, such information can still be combined
across all bursts covering a given area in order to track any disturbances detected by the
Sentinel-1 constellation. We discuss this process further in Section 2.7.
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Figure 3: Above is a visual description of the metric computation required for the DIST-S1
algorithm utilizing a OPERA RTC-S1 time-series. The data is taken over the tragic Papua
New Guinea landslide that occurred in May 2024 [26]. The landslide can be observed in
the bottom-center of the image extent. In the upper-left panel, there is a dual-polarization
sequence of pre-images before the landslide. The upper-center panel is the estimated mean
1 and standard deviation o of these pre-images, for each polarization. The bottom center
panel shows the actual acquisition. In the rightmost panel, we show the transformer metric,
which is the Mahalanobis distance of the the post-image acquisition from the mean p.
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Figure 4: A summary of how the DIST-S1 metric is computed. The first arrow is where
the deep-learning model is utilized to estimate the per-pixel distribution of the post-image.
We note that this metric computation is applicable to both VV + VH and HH + HV data.

2.4 Neural Network Architecture, Training, and Inference

In this section, we describe the neural network used to estimate the normal parameters
introduced in Section 2.3 that is used to compute the transformer metric. The training
code, the model’s architecture, and additional details can be found in the Github repository
dist-s1-model [35]. Indeed, neural networks have proven to be effective at delineating a
wide-range of disturbances and land-use dynamics using SAR and optical input datasets
[8,23,36-38]. The OPERA RTC-S1 is a relatively new SAR dataset and there does not
exist labeled disturbance data associated with it. Moreover, self-supervised strategies have
been shown to be extraordinarily effective in training deep transformers [27,29,39]. Very
large transformer models (i.e. those with billions of parameters) trained in a self-supervised
fashion are frequently called “foundation models” because such models can be fine-tuned
on a small set of labeled data [30,31,33,40,41]. Many of the training techniques rely on
masked pre-training following [27].

The transformer network used for the DIST-S1 algorithm is relatively small compared to
those in industrial settings; the model has approximately 10% parameters. It directly adapts
the architecture described in the original Vision Transformer architecture in [12]. We utilize
a transformer encoder that utilizes an additional temporal positional embedding alongside
the standard spatial positional embedding and the patch embedding [12]. There are more
complex spatiotemporal embeddings considered in [28, 30, 31| so that the models can be
applied to a variety of sensors at varying resolutions. We did not need such embeddings
here because our input data is restricted to the OPERA RTC-S1. We now detail the
self-supervised training strategy used for our model. The model estimates the per-pixel
parameters p and o introduced in Section 2.3 as follows: from a reference set of pre-images,
the network estimates these parameters and compares it to the next acquisition via the
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negative log-likelihood. Let the neural network be represented via the function gg with
parameters (or weights) #. Our function gy has domain RF>*W x ... x RIXW je  the
function accepts a sequence of reference pre-images as inputs. Note that the sequence can
be variable length up to the context length n., which is defined to be the maximum number
of pre-images that can be supplied to ¢g. That is to say, we can use 1, 2, ..., n. reference
pre-images as input to gg. The context length is not a model choice, but a computational
resource constraint. In our case, n. = 10. As noted in Section 2.2, the 10 images span
3 different years (targeting at least 3 in each). The function gy(I1,...,I,) outputs (i, o)
where 1 and o are of the same shape as I for k = 1,...,n. We use the post-image at time
n + 1 to train the model via the negative-log-likelihood (NLL):

NLL(Int1lgo(11, -, In)) := —log P(Iny1|p, o) (4)
1 Lni1)ij — phij)?
— Z §log(27r(7i2j)+ (« "H;”Z )
i=1,. ,H Tij
j=1,..W

where we obtain p and o from gy(I1,...,1,). We determine the model parameters (or
weights) 6 via standard stochastic optimization. We highlight that the loss in Eqn. 4
assumes that the post-image’s pixels are independent. Of course, the independence assump-
tion is false; but it allows us to compute the conditional pixel-wise probability log P(I,,+1|u, o)
of the entire post-image at once. However, each of the per-pixel parameters is computed
using a 16 x 16 time-series from the supplied pre-images, which allows the rich spatiotempo-
ral correlations to be utilized by the model. An even more detailed model description and
training mechanism can be found in [42] and the architecture can be carefully inspected in
our metric library [43|. As noted above, this training strategy is self-supervised as it en-
tirely relies on the OPERA RTC-S1 dual-polarization burst time-series without labels. Each
training sample can be thought of as a pair: a sequence of reference pre-images {11, ..., I;}
and post-image [,,11. The model is trained on any subsequence of the pre-images of length
1,...,ne. The 106 bursts used for training cover 59 sites out of 300 DIST-HLS validations
sites from [44,45]. We selected the sites with the greatest number of temporal sampling in
2024, and whenever possible, tried to get an ascending and descending track from the same
site. Due to Sentinel-1’s selective processing of the imagery it collects, some of the sites,
for example, have no available RT'C-S1 data available in either ascending or descending
geometry.

We now discuss the application of our model to a OPERA-RTC image. As we will
discuss in Section 2.6, we apply our model to individual burst products. Even though
bursts are relatively small (~ 1000 x 3000 pixels), we are constrained to apply our model
on 16 x 16 windows or chips as in [12]. If we were to apply the model to contiguous chips,
the pixels at the edge of each chip would contain artifacts as edge pixel estimates are more
uncertain than those on the interior of the chip. Indeed, pixels in the center of the chip
are able to utilize all of their spatially closest neighbors, whereas edge pixels are not. Thus
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Figure 5: Above, the transformer metric and its associated disturbance map derived from
RTC-S1 data to show the burn perimeter of the Park Fire in Butte, CA occurring in July
2024 [47]. The post-image used to compute the metric was acquired immediately after the
fire. The two images illustrate above how disturbance is determined from the metric. The
left panel (a) is the metric over the scene where the dynamic range goes from 0 to 4, i.e. we
see where the distance from the estimated mean varies up to 4 standard deviations. The
right panel (b) shows how the thresholds from Eqn. 6 generate a disturbance map.

the application of our model contains the well-known receptive field phenomena [46]. We
mitigate this effect by applying the model to non-contiguous areas, i.e. applying the model
to the chips with stride 7 and averaging the output over all such estimates. This is done in
our open-source library [43]. The stride has important computation aspects in that if we
have a stride of n and reduce by a factor k, then the computation time and memory goes
up by a factor of k2. While there are moving window artifacts, the selection of the stride
within the patch size of the window ensures that some of the model’s patch artifacts and
the inference artifacts are mitigated.

2.5 Disturbance Delineation

In this section, we discuss how disturbance delineations are derived from our transformer
metric. As noted in the previous sections, the metric is computed on a burst time-series
with consistent acquisition geometry, that is for fixed orbit-track. Thus, the delineation
in this section is focused on deriving a disturbance map in the scenario of a fixed spatial
burst time-series. After developing this machinery, we will be able to describe how such
disturbance maps can be aggregated across all bursts, even those on different orbit tracks
(see Section 2.7).

A disturbance delineation is a discrete-valued image Cj; indicating where and how likely
a disturbance occurred. Typically, a value of 0 indicates “no disturbance" and non-zero
values indicate disturbance and/or a category of disturbance. In the simplest case, the
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process of delineating a disturbance from an arbitrary metric m is the boolean operation:

1 ifd;;
Ciji_{ if d;j >t (5)

0 otherwise

where ¢t € R>(. Here, a value of 1 indicates the pixel was disturbed and 0, un-disturbed.
If the arbitrary metric m captures how likely a disturbance is in a given pixel with higher
values indicating higher likelihood, then the process of delineation with a threshold ¢ is
the identification that disturbances are above a certain likelihood. Frequently, a threshold
t is selected on an ad-hoc basis for a given time-series: an analyst inspects the per-pixel
histogram of the metric m;; and selects a threshold based on the percentile p so that (100 —
p)% of pixels are marked as change. Given that disturbance is sparse in space and time, this
is not an option for an operational product like DIST-S1. Indeed, it is not true that each
new post-image should have a pre-determined quantity of change, if any at all. Fortunately,
our metric has a probabilistic interpretation derived from a baseline of images and we can
select a threshold that captures deviation relative to previously observed spatiotemporal
variability with consistency in the probabilistic setting. Indeed, our thresholds too have a
probabilistic interpretation: the higher the threshold, the greater the deviation a pixel must
be from its baseline to be labeled as disturbed. We will demonstrate the wide applicability
of the selected thresholds in Section 3. For now, we simply describe the definition of the
relevant thresholds. Let d;; be the transformer metric and C;; a disturbance image with
0 indicating no disturbance, 1 indicating moderate confidence disturbance and 2 indicating
high confidence disturbance.

Cz'j =<1 if4.5 > dz‘j > 2.5 (6)

0 otherwise

These thresholds fashion the following probabilistic interpretation:

e A moderate confidence disturbance is between 2.5 and 4.5 deviations from the esti-
mated mean in at least one of the polarizations.

e A high confidence disturbance is at least 4.5 deviations from the estimated means in
at least one of the polarizations.

Rephrased, the higher the confidence of a disturbance, the greater the pixel labeled dis-
turbed deviates from the estimated baseline distribution. These thresholds are meant to
be fixed operationally as the transformer metric captures the spatiotemporal variability
across land cover types and different environments in a systematic, probabilistically struc-
tured way. The training data was selected to be globally representative and across different
phenological periods. As we shall see in Section 2.5.1, the thresholds suggested in Eqn. 6
provide helpful delineations of disturbance events such as floods, landslides, and wildfires
across numerous environments.
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Figure 6: In the center and right panel we see the before and after metric imagery thresh-
olded by the optimal threshold. The blue area in the right panel is the hand-drawn landslide
extent derived from Planet Imagery (Credit: Alexander Handwerger.) The leftmost panel
shows the results of optimizing the F} /; score for our disturbance metric and the 90% width.
The optimal threshold T" with respect to F} /5 is 3.03.

We will supply the metric d;; as a layer to users to ensure that more nuanced thresholding
for a given scene or event can be performed, if desired. For example, if there is a significant
rain event over a vegetated area, many of the pixels will appear disturbed and thresholds
can be increased for such a given scene. It is worth noting that the confirmation process,
which accumulates this metric over time to confirm changes over time ensures false positives
are removed. This is discussed in more detail in Section 2.7.

2.5.1 Additional Disturbance Threshold Calibration

The process of calibration is the formal tuning of the algorithm and its parameters to pro-
vide optimal performance. Although our thresholds have a probabilistic interpretation, we
did additional analysis to provide an analytical confirmation of these threshold choices. We
evaluate accuracy using calibration data, that is, data that is independently generated. We
curated hazard events delineated from high resolution optical datasets that were gener-
ated by Copernicus’s Emergency Management Service, National Interagency Fire Center’s
Database, or handrawn maps from planet imagery. See our dist-sl-events repository [48]
for information about the provenance of these datasets. We consider a 1-parameter family
of binary classifiers of the form:

disturbed; := (d;; > t) (7)

where t > 0 for our metric. For this calibration exercise, we consider an image coming from
a time prior to the hazard where the metric should have small values and a post-image
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after the hazard whose disturbance delineation should be similar to the external calibration
data. We can consider a threshold ¢ that maximizes the F} 5 score for all the available event
datasets (see B). In Figure 6, we show a result for the Papua New Guinea Landslide in 2024.
The F'y /5 score ensures that we prioritize precision over recall, because our baseline curation
strategy means we will collect all disturbances in a calendar year. Specifically, there will be
false positives from the point of view of our calibration exercise (i.e. areas that are not part
of the hazard but are legitimate disturbances occurring over the last calendar year. Indeed,
a hazard occurs over a much shorter time period: a landslide can happen in minutes, a flood
over a few days, and a fire can spread over days, weeks, or even months. Moreover, the
optically derived ground truth will also have different sensitivities than SAR and therefore
there will be disturbances that SAR is not systematically able to detect and vice versa.
For example, sparse short vegetation that gets burned in a wildfire is typically invisible to
C-band SAR. Nonetheless, we can consider this calibration activity over 9 events to obtain
a more formal view of the threshold selection. To obtain an upper and lower threshold, we
consider the 90% width around the optimal threshold and for each upper and lower value
we take a weighted average where the weight is determined by the optimal F /5 score. We
see the results by event in Figure 7. Some events like Tuscany flood have very low optimal
Fy /3 because the flood was not easily visible in the RTC-S1 pair. Ultimately, the results
indicated a lower threshold of 2.48 and upper threshold of 4.28.

2.6 Aggregating Burst Disturbance into a Tiled Product

At this stage, we are ready to summarize our algorithm and understand how the various
ingredients of the algorithm can be used to create a single tiled product. For a given MGRS
tile and a new Sentinel-1 pass, we collect all the most recent RTC-S1 data from bursts
overlapping the MGRS tile. For each burst product, we curate the reference baseline as in
Section 2.2. Each burst will have a different time-series due to availability. For example,
within a single MGRS tile, Sentinel-1 will turn off its imaging and therefore each RTC-S1
product will perform its own independent baseline curation. This flexibility allows us to
map disturbances for all of the recent data regardless of spatiotemporal variability. After
localizing all the necessary RT'C-S1 data, we despeckle each image as noted in Section 2.1.
We then compute the transformer metric for each burst time-series. We remark that this
calculation burst-wise allows for two important operational considerations: (1) we are able
to apply our transformer metric within memory and (2) the model trained on the RTC-S1
data product is being applied to this same product directly before any additional resampling.
Once we have a metric for each burst from the most recent S1 pass, we aggregate the data
into the MGRS tile, taking the average across overlapping pixels that are valid. This merged
dataset is precisely GEN-METRIC (see Section 2.8). With our metric layer resampled to an
MGRS tile, we delineate disturbance using the thresholds dictated in Section 2.5 to create
the layer GEN-DIST-STATUS-ACQ. We apply an ocean mask that excludes all pixels that are
at least 2 km from any land surface. To perform confirmation, we need the prior DIST-S1
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Figure 7: The results computing the 90% width of the F} /2 score and the associated optimal
Fy /3 score for 9 events considered. The Papua New Guinea event is shown in more detail
in Figure 6.
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product generated in this given tile and perform a confirmation process which we describe
in the next section.

2.7 Disturbance Confirmation and Accumulation

The confirmation process takes the current disturbance delineation determined from our
reference baseline and accumulates this change through time within the fixed spatial MGRS
tile. It is worth noting that while our disturbance relies strictly on a baseline constructed
from the same viewing geometry as the current acquisition, the confirmation process is
done using the MGRS tile time-series. Thus, disturbances are accumulated and confirmed
irrespective of the viewing geometry and we are able to increase the overall temporal sam-
pling of the DIST-S1 product. The confirmation process for DIST-S1 is directly adapted
from the DIST-HLS algorithm with minor adjustments to permit appropriate use of the
Sentinel-1 temporal sampling and the immediate deviation measured by our metric. The
simplest goal of the confirmation process is this: if a disturbance is detected in 3 consecutive
observations, we want to confirm that disturbance. Pragmatically, we only want to look at
the previous tiled product in a tile time-series to perform this confirmation. To accomplish
this, we accumulate changes through various layers within the product. Most importantly,
we utilize a confidence layer to track the accumulation of disturbance metric through the
tile’s time-series. We define the confirmation confidence Cy.. at a fixed pixel by

Cace = Ngist -d (8)

where NV gist is the number of disturbed observations and d is the sample mean of the metric
value across valid observations since a disturbance is first detected. This is precisely how
confidence is defined in DIST-HLS. C,.. can be rewritten as a cumulative sum of the metric
for disturbed pixels weighted by Ngigt:

Clace = |{Disturbances}| Z d’ 9)

ie{Disturbances}

The weighting by Ngist = |{Disturbances}| ensures the confidence is higher the more dis-
turbed observations there are. To prevent a single, highly anomalous observation from
dominating Cy.., we ensure that no metric contributes more than a value 10 to the cumu-
lative sum, that is in the cumulative sum within C,.. be perform a ceiling operation:

Z min(d’, 10)

i€Disturbances

A disturbance is considered confirmed once Cy.. exceeds this threshold . This threshold
tc is selected so that three consecutive detections at the lowest disturbance threshold (2.5)
triggers confirmation, i.e. tc = 32-2.5 = 22.5. To differentiate between high and low
confidence disturbances, we simply track the mazimum of the metric since the first detected
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disturbance. If at any time the metric was above the high confidence alert threshold (4.5),
the pixel is labeled as a high confidence confirmed pixel. We also have additional parameters
that we set to ensure practical accumulation of changes and so that the confirmation logic
can reset i.e. restarting the counter of Ny, and the related cumulative sum. If any of these
parameters that indicate that our cumulative confidence C,.. needs to be reset for a pixel
that has already been confirmed, then we label that pixel as “finished”. We discuss these
empirical parameters below:

¢ Maximum elapsed time since last disturbance detection: If the time since the
last detected disturbance exceeds 30 days, then we restart cumulative calculation of
CCLCC'

e Low Density Disturbance: We track the per-pixel percentage of the disturbances
with respect to the number of valid observations. If this density falls below 50%, we
restart the cumulative calculation of Clec.

e Absolute cumulative no-disturbance observations: If the total number of non-
disturbed observations in the series exceeds 10, then we restart the restart the cumu-
lative calculation of Clyec.

For example, if in a given pixel, we detect a disturbance, and then record no disturbance
in the following two observations, then the low density disturbance criterion will ensure we
restart our calculation of Cy... However, if a disturbance is visible in one viewing geometry
but not another (say alternating disturabnce and no-disturbance observations), then the
low density disturbance criterion will allow us to confirm the pixel’s disturbance. The
resulting disturbance state is captured in the GEN-DIST-STATUS field, which distinguishes
between provisional, confirmed, and finished disturbances for both high and low-confidence
detections. The full descriptions of the status labels for this layer are captured in table
3 in Section 2.8. An example series of products illustrating this confirmation process is
shown in the Figure 8 showing the growth of the Palisades Fire in January 2025. We
see how the fire grows and is confirmed and that an atmospheric river in February yields
numerous disturbance alerts across the scene but is not confirmed. Table 2 shows an
example disturbance series for calculating the accumulating confidence Cyee.
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Metric at time 7

(d)

2.1

2.4

3.6

2.4

3.9 5.9 3.7 2.7 2.0

Cumulative
Observed
Disturbances

(Naist)

Cumulative
Confidence

(Cacc)

3.6

3.0

13.2 | 356 | 624 | 92.5 0

Disturbance
Status

Table 2: Confirmation process operation across a single pixel’s time series (left to right).
Confirmation confidence Cy.. given by Eqn. 8. Disturbance status follows the code assign-

ments in Table 3.
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2.8 The DIST-S1 Product: Formatting and Organization

In this section, we provide an overview of the DIST-S1 product’s output layers including
some interpretation. Our DIST-S1 product will be distributed with respect to the Military
Grid Reference System (MGRS) as shown in Figure 10 with 30 meter resolution and size
3600 x 3600. Each tile spans approximately 109.8 km x 109.8 km. In Figure 10, the extents
are 6° x 8° tiles, which each contain hundreds of such tiles. A DIST-S1 product over a
given MGRS tile will be coregistered with the DIST-HLS products to ensure analysis can
be harmonized. Indeed, much of the DIST-S1’s algorithm design was adapted directly from
DIST-HLS. Further, to make this alignment explicit, labels, color maps, and interpretation
will be the same wherever possible.

A new DIST-S1 product over a given MGRS tile is generated with each new pass of
Sentinel-1 data over that tile. In fact, each DIST-S1 product can be uniquely identified by
its MGRS tile and the date and time of the latest Sentinel-1 pass over that tile. In Table
3, we show the various layers that constitute a DIST-S1 product and how disturbance and
accumulated disturbances are captured within these layers. We show a sample product in
Figure 9.
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Figure 9: Sample DIST-S1 status layer showing confirmed disturbances capturing the Chile
wildfire extent in February 2024. The product itself is derived from tile 199HBD and from
the Sentinel-1 pass on April 2, 2024, 2 months after the start of the fire.
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Table 3: The DIST-S1 layers: their names, descriptions, datatypes, and possible values.

DIST-S1 Description Layer Data Layer values
ALERT name type
Raster
Layer
Disturbance | Status of generic SAR | GEN- Ulnt8 0: No Disturbance
Status disturbance  measured | DIST- 1:  First Moderate
via  the transformer | STATUS Disturbance
metric. The discrete 2: Provisional Moder-
. . . ate Disturbance
vz'ilue in this layer in- 3. Confirmed Moder-
dicates moderate and ate Disturbance
high disturbance labels, 4: First High Distur-
indicating the confi- bance
dence of disturbance. 5: Provisional High
Additionally, there are Disturbance
confirmation labels: 6:  Confirmed High
ﬁrst' ‘(1 observation), ]'?:lStu?joiﬁgime 4 Low
provisional (2+ consec- Finished
utive observations) and 8: Confirmed High
confirmed  (cumulative Finished
confirmation confidence 255: No Data
above threshold - thresh-
old set to confirm after
3 consecutive distur-
bance detections). The
magnitude of confirmed
observations is deter-
mined by the highest
observed change over
consecutive observations.
Disturbance | Indication of generic | GEN- Ulnt8 Same as above, but
Status Lat- | SAR disturbance mea- | DIST- only uses [0,1,4]
est sured via the transformer | STATUS-
metric from just the lat- | ACQ
est pass of S1 data
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Table 3 — continued from previous page

DIST-S1 | Description Layer Data Layer values
ALERT name type
Raster
Layer
Current The transformer metric | GEN- Float32 | [0,00). Smaller val-
Metric computed from the cur- | METRIC ues indicate less dis-
Anomaly rent acquisition and the turbance and higher
historical baseline images values indicate more.
as defined by the current
window strategy. Layer
can be interpeted as the
confidence a pixel is dis-
turbed.
Mazimum | The maximum value of | GEN- Float32 [0,00). Smaller val-
Metric the transformer metric | METRIC- ues indicate less dis-
Anomaly that has occurred over a | MAX turbance and higher
disturbance series. Used values indicate more.
by the DIST-HLS confir-
mation process.
Generic Mean metric value since | GEN- Int16 -1: No Data
Distur- initial disturbance detec- | DIST- 0: No Disturbance
bance tion times the number | CONF >0: Disturbance
Confidence | of metric values above Confidence
a threshold squared, un-
til the anniversary date
is reached, or a fixed
number of consecutive
non-disturbances are ob-
served. Value converted
to integer form. Same
definition as used by the
DIST-HLS confirmation
process.
Date of | The day of first detec- | GEN- Int16 -1: No Data
First Dis- | tion of the current distur- | DIST- 0: No Disturbance
turbance bance series specified as | DATE >0:  Day of first
the number of days since disturbance
December 31, 2020.
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Table 3 — continued from previous page

DIST-S1 | Description Layer Data Layer values
ALERT name type
Raster
Layer
Number The number of distur- | GEN- Ulnt8 0: No Disturbance
of Distur- | bance detections within | DIST- [1-254]:  Number of
bances an on-going disturbance | COUNT Disturbance Detec-
series. Maximum of 254. tions
255: No Data
Percentage | The percentage of distur- | GEN- Float32 | [0,1.0]. Smaller values
of Distur- | bances within the cur- | DIST- indicate fewer distur-
bances rent disturbance series. PERC bances and higher val-
ues indicate more.
Disturbance | Number of days of on- | GEN- Int16 -1: No Data
Duration going disturbance detec- | DIST- 0: No Disturbance
tion starting from the | DUR [1-366]:  Number of
first day of detection days from ﬁr.st to most
. . . recent disturbance
(inclusive) and increas- detection
ing up to one year (366
days).
Date of | The day of the last obser- | GEN- Int16 -1: No Data
Last ~ Ob- | vation assessed for dis- | LAST- > 0: Last Day As-
servation turbance for land pixels | DATE sessed
Assessed specified as the number
of days since December
31, 2020.

3 Remarks on Validation

This section provides a high-level overview of the selected calibration of the DIST-S1 algo-

rithm.

Many of the parameters are calibrated empirically. For example, we selected confirma-
tion parameters based on desired outcome of the confirmation process given our knowledge
about Sentinel-1 temporal sampling. The related process of validation is comparing the out-
put product of the tuned algorithm and comparing to an independently generated dataset
to assess the accuracy of the generated product.
be covered in a forthcoming journal article similar to the article that covers the valida-
tion of DIST-HLS [50]. We will call the independently labeled data wvalidation data or
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Figure 10: MGRS tiling system from [49]. Shown are 6° x 8° aggregated tile extents for
visualization; there are hundreds of MGRS tiles subdividing each of these aggregated tiles.

calibration data. We are frequently required to assess the performance of the algorithm
curating optically-derived disturbances as optical datasets can be more easily understood
by an analyst. However, calibrating and validating the DIST-S1 SAR-derived outputs
against optically-derived data presents important obstacles: different sensor sensitivities
yield different disturbance delineations. Additionally, the interannual baseline curation of
the DIST-S1 product makes it harder to compare against hazard datasets where often the
delineations are based on an image before and after the hazard. In contrast, the DIST-S1
product invariably accumulates all disturbances over the entire calendar year. We therefore
balance empirical observations of the DIST-S1 product parameters with formal calibration
activities. Indeed, as we saw in Section 2.5, there are probabilistic interpretations of the
disturbance thresholds.

3.1 Requirements for DIST-S1 Accuracy
The OPERA project DIST-S1 requirement is stated below:

The disturbance (DIST-S1) products, derived from RTC-S1 data, shall
identify pizels having at least 50% vegetative structure loss per RTC pizel
(approzimately 30m in size) between a current single-date RTC observa-
tion as compared to a set of historical RTC observations. The Distur-
bance Alert (DIST-ALERT-S1) product shall measure said disturbances
with 80% accuracy per validation pizel for at least 80% of all validation
products considered.
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A validation approach developed by the Global Land Analysis and Discovery (GLAD)
group at the University of Maryland (UMD) for their DIST-HLS product was expanded
and adapted to evaluating the performance of the DIST-S1 algorithm. This evaluation has
shown that the operational DIST-S1 algorithm meets the above total accuracy requirement
over a stratified set of test sites as measured against human generated reference results.
The data, results, and their analysis will be discussed in a forthcoming journal article. The
OPERA project has ensured these products are passing.

4 Data Access

Data Access Input Data

e The primary input data to generate the DIST-S1 products, are the RTC products
which are available through the National Aeronautics and Space Administration
(NASA) Alaska Satellite Facility (ASF)-Distributed Active Archive Center (DAAC).

Data Access Output Data:

e DIST-S1 products, will be made available through the National Aeronautics and Space
Administration (NASA) Alaska Satellite Facility (ASF)-Distributed Active Archive
Center (DAAC).

Data Access Related URL: https://search.earthdata.nasa.gov /search/granules?p=C4090131664-
ASF

5 Acronyms

40 Gamma-naught (the scale of the OPERA RTC-S1) products
ADT Algorithm Development Team

AUC Area under curve metric

ALOS Advanced Land Observing Satellite

ASF Alaska Satellite Facility

CuSum Cumulative Sum Change Detection

DAAC Distributed Active Archive Center

dB decibels

DEM Digital Elevation Model

DIST-S1 OPERA’s Sentinel-1 Disturbance product

DIST-HLS OPERA’s HLS Disturbance product

ESA European Space Agency

Fg [-weighted harmonic mean of precision and recall. See Appendix B
GeoTiff Geographic Tagged Image File Format
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GPU Graphical Processing Unit

HDX Humanitarian Data eXchange

InSAR Interferometric SAR

W Interferometric Wide (S1-A/B mode)

JAXA Japan Aerospace Exploration Agency

JPL Jet Propulsion Laboratory

KML Keyhole Markup Language

L1 Level-1 product

L2 Level-2 product

NaN Not a Number

NASA National Aeronautics and Space Administration

NISAR NASA-ISRO SAR

NLL Negative Log Likelihood

OPERA Operational Product for End-users from Remote sensing Analysis

RADD RAdar for Detecting Deforestation

RNN Recurrent Neural Net

RTC-S1 Radiometric and Terrain Corrected Sentinel-1 Product

RV Random Variables

S1 Sentinel-1

S1-A/B Sentinel-1 A/B

SAR Synthetic Aperture Radar

ScanSAR  Scanning Synthetic Aperture Radar

SDS Science Data System

SLC Single-Look Complex

UNOSAT  United Nations Satellite Centre

ViT Vision Transformer

VH Vertical-Horizontal Polarization

VHR Very High (spatial) Resolution

VA% Vertical-Vertical Polarization
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reducing the stride used in inference.
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A Classical Disturbance Metrics

Metric Short-name Description

Transformer® Disturbance metric using per-pixel Mahalanobis
distance of the post-image relative to normal RV with
parameters estimated from deep-learning model. See
Figure 4 for details.

Log Ratio The decrease of the VH imagery in the log-domain
when compared to the per-pixel median of
pre-images. See Eqn. 10.

Mahalanobis VH Mahalanobis metric computed from post-image and
empirical normal RV determined by sample statistics
as in Eq. 3.

Max Mahalanobis Mahalanobis metric computed for VH and VV

post-images separately identical to Mahalanobis VH
above. Then per-pixel max across the polarizations.

Mahalanobis 2d The 2-dimensional Mahalanobis metric defined in Eq.
11, where the mean and covariance are estimated via
sample statistics.

CuSum The maximum of a probabilistic CuSum metrics
computed for each polarization as defined in Eqn.
17-18.

Table 5: Short-names of DIST-S1 metric and other conventional metrics in this Appendix.
The (*) is the transformer metric used for the DIST-S1 algorithm.

The DIST-S1 algorithm will provide a probabilistic view of generic disturbances at
the near global scale from RTC-S1 time-series. However, in order to demonstrate the
algorithms efficacy, it is important to compare the DIST-S1 algorithm to conventional
disturbance algorithms, which is what we do here. For our discussion of conventional
algorithms, we consider signal-based, metric-based algorithms. We provide nomenclature
(i.e. short-names) for the DIST-S1 metric and the conventional metrics we will discuss here.
All the metrics presented here are implemented in our open-source library distmetrics [43].
By no means are the conventional metrics here a comprehensive list, and additional change
metrics can be found in [51] and [52] for example. Our selection is motivated by NISAR's
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plan to use the CuSum algorithm for their annual disturbance product over specific sites [53].

As noted in the text, we call the DIST-S1 algorithm’s metric simply the transformer in
reference to the transformer architecture used to the estimate p and o (more details follow
in Section 2.4). We have summarized how this metric is computed from inputs in Figure
4. We will define the log-ratio metric as the metric which tracks the decrease in a VH
time-series. Define L per pixel (dropping spatial indices):

L :=log (I,Yﬂ) — log < med I,YH)
k=1,....,n
This is simply the dB difference of the post-image with the per-pixel median of the reference
pre-images. The log-ratio metric is thus defined:

&'j =

~Ly if Ly <0
{ j o1 ]< (10)

0 otherwise

First notice, we artificially set the metric to be 0 if the median is smaller than the value
of the post-image at any given pixel. Next, note the value inspected is the negative of the
log ratio discussed in the introduction in Eq. 1. This slightly modified metric aligns with
our interpretation of disturbance metrics in that larger values indicate larger disturbance.
Here, a decrease in cross-polarized backscatter is indicative of vegetation or forest loss [54].

We will call the metric derived using the empirical sample estimates from Eq. 3 via
the Mahalanobis distance as the 1D Mahalanobis Metric for a given polarization. We will
also consider the maximum of the 1D Mahalanobis metric for each polarization as the
Maz Mahalanobis metric. We can also estimate the full covariance matrix ¥ from the 2D
pre-images and compute the Mahalanobis distance as:

daq = \/(In+1 - ﬁ)Ti_l([n—H —n) (11)

where 1 is the 2-dimensional vector of VV and VH means computed from the pre-images
and similarly S is the 2 x 2 covariance matrix computed from this data.

NISAR will utilize the so-called Cumulative Sum (CuSum) change detection method to
detect forest loss [53]. The CuSum algorithm has a slightly different perspective on how
change is detected. The algorithm was first proposed in [55] and considers the cumulative
sum of residuals of the images from a drift parameter, frequently set to be the mean of the
time-series. Let

n

o= (Ix = fin) (12)

k=1

where i, is the empirical mean computed from the first n pre-images. As noted in [55], fi,,
can be replaced with any "drift" term that approximates the distribution. In the NISAR
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ATBD [56], the average of the per-pixel maximum and minimum is used as this drift term.
Typically, this metric can serve as an R-valued metric such that when its value sufficiently
deviates from 0 can indicate change in given polarization VV or VH polarized imagery.
However, since VH and V'V have different dynamic ranges (i.e. VH has smaller backscatter
returns than V'V), it is helpful to translate this single-channel metric into a probabilistic
setting following [57] so the two polarization can be compared more easily.

Let R,, be the random variable:

k=n

Ry =Y (Xg — fin)/Gn-

k=1

Assume that the assumptions of Central Limit Theorem hold, then as t — oo, this random
variable converges to a normal distribution with N(0,+/n). To obtain a standard normal
distribution, we define the random variable S,, as:

Sni=> KX =i, N(0,1) (13)

What’s nice about this modeling choice is that we only assume that the X; are independent
and identically distributed. Similarly, we can compute the following value from the time-
series:

k:nI //Z
k — HMn
T, = 14
" kz_l G/ (14)

We highlight that .S,, is a random variable whereas T;, is a real number. We can therefore
define q(7y,) := P(|Sn| > |T»|). Following the same computation from Eqn. 2, we can find
that:

q(Ty) :

P([Sul > |Tul) (15)
2(1 = F(|Tn))) (16)

This allows us to take the cumulative residuals and translate them into a probability, and
compare the probabilities these residuals deviate from the mean in each polarization. We
will define the metric for a polarization p as

=1 — q(TP). (17)

We again have the interpretation that larger values indicate more disturbance, though c
must lie in the closed interval [0, 1]. We define the CuSum metric as

c:= max P (18)
pe{VV, VH}
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It is worth noting that the in NISAR ATBD [53,56], change detection is performed after
a full year of data is collected and so the metric here differs slightly. We have adapted
the CuSum method directly so that it can determine change with each new acquisition
using the cumulative residuals. This CuSum metric combines both polarizations so that it
indicates change in either polarization.

It is well known that these conventional methods do not account for trend nor season-
ality [56]. As such, time-series adjustments are performed. For example, RADD applies
a trigonometric fit applied to the tropical forest data [6,7] in order to remove seasonality.
NISAR currently applies is a de-trending step for CuSum [56] on a per-time-series basis.

B Accuracy Measures

We quickly review standard, relevant accuracy measures that we will use to discuss our
accuracy assessments for calibration and validation of the DIST-S1 disturbance delineation.
A statistical learning textbook can serve as an additional reference e.g. [25]. For any binary
classifer (i.e. a classifer delineating “disturbed” and “undisturbed” areas) and associated
validation data of the same label, we can describe True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives (FN). The first word in the compound
descriptor refers to the agreement of the classification relative to the validation data (or
ground-truth data). The second word describes the label given to the input data by the
classifier. For example, False Positives are classified as positive by the classifier but disagree
with the validation data. We provide a table for some of the standard abbreviations used
in the section in Table 6.

Accuracy Metrics Abbreviation

True Positive TP
False Positive FP
True Negative TN
False Negative FN
F Score Fi

Jaccard Score Jacc
Accuracy Acc

Table 6: Common Accuracy Metrics and Their Abbreviations

We can now define precision and recall. The former measures how well the classifier
performs with respect to all labels given by the classifier. In this discussion, the most
important class is “disturbance.” The precision is defined as

TP

Precision := TP—I——FP
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The Recall metric captures how well the classifier performs relative to a given ground-truth
class label; again, we focus on the “disturbance” label. The recall is defined as:

TP

Recall \= ——— .
T TP Y FN

The F} score is the harmonic mean between precision and recall balancing the accuracy of
a given label by the classifier and the retrieval of the ground truth for disturbance.

2
Fl = — I -
Precision™" + Recall

More generally:
14 52
Fs:= , 19
B~ Precision—! + B2 (Recall ') (19)

which weighs recall by a factor of § over precision. We will use 8 = 1/2 to calibrate
thresholds in Section 2.5.1. We also evaluate our disturbance delineation using the Jaccard
similarity coefficient to measure the similarity between the DIST-S1 disturbance delineation
and the validation data. The Jaccard similarity is defined as the size of the intersection
divided by the size of the union:

_ |ANnB|

Jacc(A, B) = AUD

which can be rewritten for a binary classifier as:

TP
TP+ FP+FN'

Jacec :=

The total accuracy of the classifier is given:

TP+ TN
Acc = 2
T TPITN+FP+FN (20)

All the metrics in this section take values in the interval [0, 1]. It’s important to note that
disturbance is a sparse occurrence in space and time. That means the set of “undisturbed
pixels” is a much, much larger set than “disturbed pixels.” We often call classes with largely
different sizes imbalanced. Thus, total-accuracy is not as informative a metric as the others
presented because a classifier that simply ignores all disturbance will likely have high total
accuracy. For imbalanced classes, it is preferable to analyze precision, recall, Jacc, and £}
for disturbance [25]. For the remainder of this document, all metrics are used to describe
the “disturbed” label determined by the DIST-S1 algorithm. Specifically, our classifier’s
“positive” label is an estimate of a disturbed pixel.
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(a) Copernicus EMS Data (b) DIST-S1 Prototype Delineation

Figure 11: Above is an illustration of disturbance event data showing the burn perimeter
of the wildfires impacting the Attica region of Greece during August 2024 [58]. In (a), data
from Copernicus Emergency Management Services (EMS) [59]. In dark blue, the Area-of-
Interest (AOI) showing the total area that was mapped with VHR optical data. In light
blue, the burn perimeter is identified. In (b), the DIST-S1 prototype is shown. The DIST-
S1 product was generated using an acquisition from August 26th, 2024 (approximately 2
weeks after the fires began) along with the 10 most recent pre-images prior to the event
start (August 11th, 2024).

C Comparison of the Transformer Metric to CuSum

This appendix contains visual comparisons with the event data early in the design of
the DIST-S1 product. It showcases how the transformer metric outperforms the classical
CuSum metric introduced in Appendix A for a variety of events. We will show precision-
recall (PR) curves and provide the area under the curve (AUC) value for these curves.
Comparing these curves allows us to see overall how the transformer metric compares to
the CuSum algorithm generally. The closer the curves are to (1,1) (e.g. Figure 13), the
better its performance relative to the optically-derived validation dataset. Similarly, the
higher the AUC, the more robust the disturbance metric is at detecting the ground truth
disturbance. In Figure 12, we show pre-event and post-event change delineations for the
fire in Attica Greece.

These are referenced, but not essential to the text. We have the companion figures to
the Chile Wildfire to those occurring in Attica region of Greece (see Figures 12-13).
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Figure 12: A comparison of CuSum and Transformer Metric over fire in Attica region of
Greece. The pre-event image (left column) is on August 2nd, 2024. The post-event image

is on August 26th, 2024. The fires are said to have started sometime between August 11-
14 [58].
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Precision-Recall Curve for Attica Fire 2024
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Figure 13: Precision recall curve by parametrizing binary classifiers with threshold ¢ > 0
from Eqn. 7. The curves represent the precision and recall over each threshold across the
Attica Fire (see Figure 11).
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Figure 14: A comparison of CuSum and Transformer Metric over the Chile Fire in the
Valparaiso region in February 2024. The pre-event images in the left column are January
12th, 2024 and the post-event images in the right column are on February 17th. The fire
start occurred approximately on February 4th.
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Precision-Recall Curve for Chile Fire 2024
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Figure 15: Precision recall curve by parametrizing binary classifiers with threshold ¢ > 0
from Eqn. 7. The curves represent the precision and recall over each threshold across the
possible values. The curves are from the wildfire occurring in the Valparaiso region of Chile
in February 2024.
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Figure 16: A comparison of CuSum and Transformer Metric over the South West France
region on December of 2023. The pre-event images in the left column are November 24th,
2023 and the post-event images in the right column are on December 18th. The Flood
occurred approximately on December 14th.
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Precision-Recall Curve for Southwest France Flood 2023
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Figure 17: Precision recall curve by parametrizing binary classifiers with threshold ¢ > 0
from Eqn. 7. The curves represent the precision and recall over each threshold across the
possible values. The curves are from the flood occurring in the South West region of France
in December 2023.
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Figure 18: A comparison of CuSum and Transformer Metric over Papua New Guinea
region on May of 2024. The pre-event images in the left column are on May 22nd, 2024
and the post-event images in the right column are on June 3rd. The landslide occurred
approximately on May 24th.
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Precision-Recall Curve for Papua New Guinea Landslide 2024
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Figure 19: Precision recall curve by parametrizing binary classifiers with threshold ¢ > 0
from Eqn. 7. The curves represent the precision and recall over each threshold across the
possible values. The curves are from the landslide that occurred in Papua New Guinea on

May 2024.
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