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Highlights

What are the main findings?

• Tests in Madagascar’s frequently cloudy primary forests showed that using Plan-
etScope imagery alone with DIAS allowed detection of 52% of deforestation at the
10 m scale within a month, and that use of PlanetScope plus public sensors boosted
detection to 68% with a false-alarm rate of approximately 20%.

• A controlled experiment with Landsat and Sentinel-2 data over the test sites demon-
strated that allowing imagery from different sensors to corroborate each other in
building alert confidence produces a significant alert latency advantage in the first five
weeks after deforestation over current methods that require corroboration of change
detected in one image to come from subsequent imagery from the same source.

What are the implications of the main findings?

• The apparent coherence of DI values from diverse sources in the context of DIAS’
multi-sensor change detection algorithm, as well as effective use of 2022 Landsat-7
data acquired at varying altitudes and overpass times, suggest robustness to sensor
variability across time and available Earth observing assets.

• DIAS can integrate across sensors using simple image arithmetic, and our tests in
Madagascar indicate that integration of more sensors leads to faster high-quality alerts.

Abstract

Generating satellite-based deforestation alerts with actionable latency requires frequent
imaging, creating an imperative to use different sensors together. We introduce a simple
and open-source framework called the Disturbance Index Alert System (DIAS), which
is based upon transformation of imagery from different sources into an interoperable
stream of Disturbance Index (DI) values. Whereas most alert systems target divergence of
forested pixels from historical states, DIAS targets movement of a pixel’s Z-score position
relative to the image-wide population of forest pixels along a forest-sensitive axis. This
strategy provides the following practical benefits: (1) it reduces the need to process the
historical archive; (2) it reduces dependence upon stable sensor calibration; (3) it allows
Z-score-based DI values to be combined across sensors; and (4) it accommodates changes
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to the group of sensors providing measurements. We demonstrated in Madagascar that
sensor integration through DIAS can provide more timely alerts than both conventional
individual-sensor systems and additive combination of such systems. Across our study
sites, using a commercial source of daily imaging (PlanetScope) in conjunction with imagery
from public sources (Landsat, Sentinels-1 and -2) allowed high-confidence detection (false
alert rate of approximately 20%) of two-thirds of deforestation occurring at 10 m reference
pixels within one month; 40% were detected in that timeframe with public data alone.
As commercial options for Earth observation proliferate, flexible and computationally
lightweight approaches such as DIAS are needed to accommodate diverse and sometimes
only loosely calibrated instruments in support of timely forest monitoring.

Keywords: deforestation alerts; PlanetScope; near real-time; commercial imagery

1. Introduction
Deforestation compromises the planet’s capacity for natural climate change mitigation

and is an existential threat for many forest-obligate species. Forest protection remains diffi-
cult in many regions because of a lack of both monitoring and intervention infrastructure.
The potential for satellite-based alerting has long been recognized [1], and satellite-based
alert systems have helped reduce deforestation across large areas, especially in the Brazilian
Amazon [2]. Recognized mechanisms by which alert systems may support sustainability
include: (1) strengthened accountability for global commitments; (2) validation of respon-
sible supply chains; (3) empowered forest defenders; (4) provision of consistent decision
support for broad-based restoration; and (5) support of policy decisions [3].

The topographic relief and persistent cloud cover of many primary forests present a
challenge for remote sensing, and while existing alert systems may identify deforestation
events quickly if those events align fortuitously with scheduled imaging and cloud cover,
the average latency across many alert systems can be several months. For instance, the
Landsat and Sentinel-2 optical sensors that underpin leading deforestation alert systems
each went an average of approximately 80 days in 2022 between cloud-free imaging of
any given pixel in Masoala National Park in Madagascar (one of the sites of the current
study). The alert latency suggested by this rate of observation may be useful for what
Tabor and Holland [4] call “targeted response,” providing retrospective information about
individual events and allowing assessment of broader trends, but it is not sufficient for
“rapid response” applications. The detection timeline needed for dispatch of patrols or for
emergency response likely varies internationally, but Tabor and Holland suggested a need
for sub-monthly detection.

Many prominent alert systems generate updated forest disturbance maps using re-
peat measurements from a single satellite system, including multispectral imagery from
Landsat [5] and Sentinel-2 [6] as well as C-Band radar imagery from Sentinel-1 [7–9]. Some
platforms aggregate alerts generated from individual-sensor algorithms. For example, the
union of alerts from single-sensor Landsat, Sentinel-1 and Sentinel-2 systems operating in
parallel significantly increases alert frequency [10]. Other systems rely upon pre-process
harmonization of data from similar sensors, such as NASA’s Harmonized Landsat-Sentinel-
2 product (HLS) [11], to create a denser time series of imagery to which a single-sensor
change detection process can be applied [12].

The advent of time series-based change detection approaches, wherein date-sensitive
functions are fitted to all available acquisitions to highlight any divergence of surface
measurements from an expected state, has raised new sensor fusion possibilities for de-
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forestation alerts. New algorithms are combining sensor-agnostic normalized Z-scores,
calculated as a pixel-level indication of deviation from historical norms, to reduce deforesta-
tion alert latency [13–15]. These methods do require computationally intensive time series
fitting, however, and their reliance upon historical imagery limits use of newly launched
sensors. All of the above approaches also rely upon stable signals provided by robustly
calibrated public space missions.

The question of how best to integrate different sensors has been heightened by the
emergence of commercial SmallSats. The PlanetScope constellation of 5 kg satellites is
an example of this satellite class. Relatively low sensor cost allows the launch of a large
number of instruments providing high-resolution (nominally, 3.7 m), multispectral (visible
to near-infrared) imaging at an average frequency of approximately an image per day in
most places [16]. However, while PlanetScope image pairs have been used to map forest
fires in extensively calibrated deep learning contexts [17,18], there have been no studies, to
our knowledge, of how to operationally perform daily change detection using an evolving
fleet of instruments that lacks the extensive ground calibration measures associated with
missions like Landsat [19].

Here, we propose a multi-sensor extension of a Z-score-based image transformation
called the Disturbance Index (DI) [20], and we test DI-based alerts from different combina-
tions of sensors both in terms of accuracy and lag following deforestation. We loosely define
deforestation here as the loss of tree cover; while tree loss does not always result in land
use change, it does often accompany deforestation in places where near real-time detection
systems are needed. The DI represents standard deviations away from the local mean forest
condition in terms of a forest-sensitive satellite metric; an abrupt DI change in the direction
of non-forest can indicate a disturbance (Figure 1). Unlike the time series-based Z-score
algorithms mentioned above, which require historical curve-fitting at the pixel level, DI
Z-scores rely only upon the difference between the pixel’s value and the global mean of
forested pixels in the same image, divided by the global standard deviation. The DI has
been used extensively [21,22] for forest disturbance detection with the Landsat platform,
and here we tested not only extension of the DI to other public and commercial sensors but
also the interoperability of multi-source DI scores to create timely deforestation alerts.

We have developed an open-source platform called DIAS [23] (the Disturbance Index
Alert System) to support deforestation monitoring using low-latency satellite data on
the Google Earth Engine platform [24]. This platform can produce daily browser-based
alerts with the potential to provide consistent information for different parties that may
be interested in coordinated deforestation response, including forest patrols; national
monitoring authorities; international conservation organizations; and auditors working for
forest product trading blocks.

In five sample areas across Madagascar’s primary forests, we implemented DIAS to
integrate DI values from different sensors (Landsat, Sentinel-2, Sentinel-1, and PlanetScope,
each resampled to a ground resolution of 10 m) in the context of deforestation detection.
Using a sample of reference points recording the date of deforestation (if any) in 2022, we
quantified how quickly and accurately multi-sensor DI time series from different groups of
sensors would have allowed deforestation alerting by DIAS.

This application highlights the notion that functional interoperability of diverse satel-
lites can be achieved through derived products instead of more exhaustive sensor-to-sensor
calibration. Calculation of the DI is computationally lightweight, and deforestation alerting
relies simply upon identifying pixels that cross a DI threshold for a given number of con-
secutive observations. Both the DI threshold and the number of consecutive observations
above that threshold needed to generate an alert are customizable (code available: [23]).
Here, we required three consecutive DI values above 3.0 based upon ad hoc examina-
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tion of the DI distribution in local disturbed and undisturbed forests. Masek et al. [25]
described automated methods for threshold selection that could be used across larger,
diverse landscapes.

Figure 1. Illustration of multi-sensor deforestation detection based upon sensor-agnostic DI values
derived at the location of the red “+”. A DI value above 3.0 for three consecutive observations,
regardless of originating sensor, triggers an alert. Transformation to DI of imagery from PlanetScope,
Sentinel-1, Sentinel-2, and Landsat is described herein.

Transformation to DI does necessarily simplify image data, potentially leading to a
loss of signal. This paper tests two hypotheses built into DIAS: (1) that DI values from
diverse satellites are sufficiently compatible that accessing more sensors will allow more
rapid alerting while committing relatively few false positive errors; and (2) that beyond
simply adding more imagery, there is an immediacy benefit to creating a sensor-agnostic
stream of images wherein a scene from one satellite can corroborate (or refute) disturbance
signal detected in imagery from another.

As Earth-observing sensors proliferate, application-specific interoperability such as
we investigate may be a key to both optimizing coverage and maintaining monitoring
function across a diverse network of instruments.

2. Materials and Methods
2.1. Sample Data

A total of 1998 sample units were visually interpreted for deforestation date (if any)
using all available imagery across 2022 [23]. This stratified random sample was drawn
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within five 20 × 20 km areas in Eastern Madagascar (Figure 2). These areas each fall within
a protected area (Andohahela, Befotaka Midongy, Masoala, and Marojejy National Parks
and the Ankeniheny Zahamena Corridor), and they fall along a North–South cloudiness
gradient. Strata were designed to maximize sampling of deforestation, appealing to three
different change detection methods: RADD [8]; GLAD-L [5]; and Landsat-based distur-
bance detection with the DI [25]. Allocation of samples was as follows: 12.5% of samples
were mapped as deforested in ONLY one of three algorithms (RADD, GLAD-L, DI); 12.5%
mapped as deforested by two of three algorithms; 12.5% mapped as deforested by all algo-
rithms; 12.5% no deforestation mapped by any algorithm; 50% no deforestation detected
in a 1-pixel buffer around pixels mapped as disturbed by any algorithm. Increasing the
number of plots where deforestation was either omitted, erroneously mapped, or detected
was designed to support more precise analysis of omission/commission rates as a function
of time lag.

Figure 2. The five study areas in Madagascar where the tests described here were conducted.

At each sample plot, an interpreter visually recorded the date of the first definitive
evidence of deforestation throughout calendar year 2022 in a selected 10 m pixel, using the
plurality of available imagery from Landsats 7–9, Sentinels 1 and 2, and daily PlanetScope
imagery. This deforestation date was the basis of subsequent calculation of alert omission
error as a function of lag (time since this recorded disturbance date). Sampling probabilities
of each plot, accounting for the above stratification, were used to calculate representative
omission and commission errors for each validated map. Sample points falling outside
of the forest mask described in the next section (643 plots out of 1998) contributed to
calculation of neither omission nor commission error rates because no disturbances could
be mapped at those locations, and any observed tree loss in the reference data was assumed
to be outside of the domain to which DIAS was being applied. In doing so, we explicitly
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excluded disturbances in secondary forests, an important system globally that faces its own
threats [26]. Results here relate only to moist tropical forests in Madagascar.

2.2. Alert Generation Using the DI

DIAS adapts the DI concept of spatial normalization [20] to interoperably align data
from different sensors (Figure 1). Images from different sensors are transformed into com-
parable units of standard deviations above or below the centroid of the forest population
for a given band or index. A Z-score for each forested pixel is determined by dividing the
difference between that pixel’s value and the mean forest value by the standard deviation
for forest pixels within the image. A project-specific 10 m map of Madagascar’s primary
forests at the beginning of 2022 was used to determine where alerts could be generated.
Preliminary analysis showed that accuracy in this mask was paramount because inclusion
of previous deforestation sites or agricultural areas led to a high rate of false-positive alerts.
The map was created using supervised classification via the Random Forests algorithm [27]
applied to a three-month (October–December, 2021) mosaic of Sentinel-2 imagery, using
training data acquired visually from PlanetScope and Sentinel-2 sources. This map was also
used internally to define the area of forest within each image used to determine the mean
and standard deviation of a sensor-specific metric for purposes of the above transformation
to DI.

Bands chosen for each sensor as the basis for the above DI calculations were: the
Normalized Difference Vegetation Index (contrasting near-infrared and red) for Sentinel-2
and PlanetScope; the Normalized Burn Ratio (contrasting near-infrared and mid-infrared)
for Landsat; and the VH (Vertical transmit, Horizontal receive) backscatter band in Ground
Range Detected (GRD) scenes from Sentinel-1. There is evidence for VH polarization’s
superior sensitivity for detecting disturbances in tropical forest canopies compared to
VV polarization [28]. Sentinel-1 imagery was pre-processed [29] with a Refined Lee filter
(5 × 5 pixel kernel) and a radiometric slope correction, correcting distortions from varying
incidence angles for precise forest structural representation [30]. For PlanetScope, we in-
gested the orthorectified, 8-band, surface reflectance PlanetScope Scene from Planet’s cloud
repository into Google Earth Engine [24], where the other datasets were already available.

DIAS treats DI values from different sensors interoperably as a single stream of signals
(Figure 1). For this study, DI images were resampled (if necessary) to a standard 10 m
resolution using a bilinear method. Native cloud masks were used from each sensor, and
the DIAS algorithm created an alert flag for any previously forested pixel that remained
at a DI value above 3.0 for at least three consecutive images after being below that value.
Multiple independent DI values could be collected and counted on the same day for
purposes of consecutive “detections”; this frequently happened across sensors and within
the PlanetScope constellation. For purposes of sequence, observations from different
sensors on the same day were evaluated in the following order: Sentinel-1, Landsat,
Sentinel-2, and Planet.

The exception to strict interoperability was that while a DI value from Sentinel-1 could
contribute to the three consecutive values above 3.0 in the generation of an alert, it was not
allowed to interrupt a sequence if it was below 3.0. This rule accounted for the fact that
the Sentinel-1 DI response to disturbance was generally lower than for the other sensors.
Pixels flagged for deforestation were removed on a daily basis from the mask determining
where DIAS searched for deforestation. Deforestation flags therefore could occur only once
at a given pixel and could not be modified using later imagery. DIAS was applied to every
validation pixel using each of the sensor groups identified in Figure 3: (1) Sentinel-1 alone;
(2) Landsat alone; (3) Sentinel-2 alone; (4) PlanetScope alone; (5) Landsat and Sentinel-2
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together; (6) Landsat, Sentinel-1 and Sentinel-2; (7) PlanetScope, Landsat and Sentinel-2;
and (8) all sensors.

Figure 3. Omission/commission error by sensor. (A) Lag is defined in number of days following the
first date of clear evidence of deforestation in the reference data. Combinations of sensors in the DIAS
framework are indicated with slashes (e.g., Sentinel-2/Landsat). (B) Commission error (“false alarm
fraction”) represents the long-term rate of false-positive alarm pixels as a fraction of all alarm pixels.

2.3. Testing the Effect of Cross-Sensor Corroboration

It is common for change detection algorithms to use multiple post-disturbance images
to build alert confidence (e.g., [5,31]). In a multi-sensor context, however, the best way to
integrate signal from different sensors remains an open question. A current state-of-the-art
alert system operated by Global Forest Watch (GFW) uses the union of alerts created by
parallel single-sensor detection systems to accelerate deforestation mapping [10,32]. As we
discuss later, the single-sensor systems used by GFW require at least two “detections” prior
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to generating a high-confidence alert that might then be combined with alerts from other
sensors to create a highest-confidence alert [33]. In that system, imagery from different
sensors do not corroborate each other directly; multiple sensors are only used together
when each has enough “detections” to generate an alert of their own.

By contrast, DIAS allows direct corroboration across sensors because of the interop-
erability introduced through cross-sensor transformation to DI. We used our reference
data to perform a simple test of the impact of this difference. Using the same change
detection logic (DI > 3.0 for three images in a row) to declare an alert, we tested two
algorithms: (1) generating an alert for all reference data points as soon as either Landsat
or Sentinel-2 produced 3 DI values in a row above 3.0; and (2) generating an alert as
soon as the integrated stream of DI images from both sensors produced 3 sequential DI
values above 3.0. Neither scenario represents a particular operational alert system, but by
keeping the detection logic and available imagery constant, we intended to quantify the
advantage of allowing corroboration among sensors at the image level instead of at the
level of high-confidence alerts.

For each approach, we calculated F1 scores as a function of post-disturbance lag.
An F1-Score is the harmonic mean of a model’s precision and recall, which may also be
expressed as

F1 =
2 × (1 − Omission)× (1 − Commission)
(1 − Omission) + (1 − Commission)

Omission and commission error rates were calculated as described in the next section.
We performed a bootstrapping-based significance test of the difference in F1 scores at
different levels of time lag (0, 10, . . . 100 days) using the following procedure. In each of
1000 simulations, we resampled with replacement our reference sample and recalculated
the weighted omission and commission error rates. These rates were used to calculate F1,
as above, and the simulation-wise F1 difference was recorded. One of the two integration
approaches (integrated stream vs. union of single sensor alerts) was determined to be
significantly more accurate (p < 0.05) at a given level of lag if its F1 score was higher in
more than 95% of the simulations.

2.4. Testing the Effects of Adding Sensors Through DIAS

For all DI-based sensor combinations within DIAS, listed at the end of Section 2.2,
sample points with a deforestation event were considered to be errors of omission from
the time of the event until an alert was generated for that specific 10 m pixel. Omission
error rates (1 minus the ratio of detected deforestation points/total deforestation points)
could thus be evaluated across deforested plots at every level of lag (i.e., number of days
since the date of disturbance). Only sample points falling within the project’s 2022 primary
forest cover mask were used in the calculation of omission and commission rates. In
some cases, one or more images with a DI value above the critical threshold of 3.0 were
acquired slightly before the deforestation date recorded through image interpretation. This
was considered a consequence of DI sometimes being more sensitive to the occurrence of
deforestation than a human interpreter. In some cases, the DI value above the threshold
prior to the reference date may have been from Sentinel-1, which can be difficult to interpret
visually, or from Landsat, the coarser native resolution of which can make it difficult
to unambiguously assign a disturbance date to a 10 m reference pixel. For purposes of
omission rate calculation, DI values greater than 3.0 from up to 14 days prior to the recorded
event were allowed to contribute to the three “detections” needed to generate an alert. This
may have artificially reduced omission rates in some cases, but the same rule was applied
to all sensor groups being compared. Because the deforestation events recorded in the
reference data occurred throughout 2022, each DI-based detection algorithm was operated
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100 days into 2023 to ensure that omission rates as a function of lag could be tracked up to
100 days following disturbance.

Rates of commission error (false detections/all detections) were less straightforward
to associate with a given level of lag since there was by definition no true event to reference
for the timing of false positive errors. Here, we adopted the simplifying assumption that an
algorithm’s long-term commission rate was an adequate measure of commission at every
level of lag. We implemented the design-based weight of every plot (inversely proportional
to sampling probability) based on study area and the 5 a priori strata described above under
sample design. Specifically, we iteratively (10,000 times) randomly drew with replacement
6000 sample plots, implementing the above-described weights. In each iteration, we
calculated the overall commission rate (weighted ratio of false positive alerts/all alerts) for
the given algorithm at the end of 2022. The mean weighted commission rate was graphed
by algorithm.

3. Results
DIAS alerts created in study areas across Madagascar showed consistent improve-

ments in latency as more sensors were combined, although some sensors contributed more
than others (Figure 3). Using PlanetScope imagery alone, more than half of all 10 m
deforestation plots were detected within 30 days. At that level of latency, imagery from
Sentinel-2 alone supported detection of 21%, Landsat detected 12%, and Sentinel-1 detected
4% (Figure 3; throughout, “detection” is defined as the fraction of 10 m pixel-level defor-
estation events correctly mapped, while “omission” is 1 minus that fraction). With each of
the latter three (public) sensors combined, detection was 41% at 30 days, while inclusion of
PlanetScope and the public sensors allowed 30-day detection of 68%.

Omission errors by DIAS across all sensor combinations decreased through the ob-
served 100-day post-disturbance observation period, with omission particularly declining
for PlanetScope and Sentinel-2 (and configurations containing those sensors) around the
80-day mark (Figure 3). The period of maximum benefit of PlanetScope in our study area
appeared to be between 10 and 30 days following the deforestation event; after that, the
difference in omission rate between the “all sensors” and the “all public sensors” DIAS
configurations began to decline. By 100 days, the difference in omission rate was only
approximately 9% (14% with all sensors and 23% with all sensors except PlanetScope). It
was not possible to determine the omission rate of external alert products because historical
daily maps for Madagascar in 2022 are not publicly available, but by the end of 2023,
the Sentinel 1-based RADD Alert product [8] detected approximately 49% of reference
disturbances while the Global Forest Watch Integrated Disturbance Alerts product [33]
detected 61%.

Commission error rates, assessed as the fraction of total DIAS alerts that were false
after 100 days, were 15% for PlanetScope, 27% for Landsat, 22% for Sentinel-2, and 47% for
Sentinel-1. Commission error of DIAS with Sentinel-1/Sentinel-2/Landsat inputs was 7%
higher than with just Sentinel-2 plus Landsat; commission was 5% higher when all sensors
were used compared to all sensors except Sentinel-1 (Figure 3).

Figure 4 shows that synergy among sensors extended to the local scale. The source
of the third sequential DI value above the threshold (the “alert-generating” observation)
often varied even within the same patch when all sensors were used together in DIAS. The
granularity of sensor integration in this context is partially due to the spatial complexity
of available imagery, which was introduced both by the complex orbit patterns of the
PlanetScope constellation and by image decimation by clouds. The sensor providing the
alert-generating observation may also vary within a patch simply because patches can grow
gradually over the course of weeks or months. Figure 4 also shows that while PlanetScope
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provided a majority of alert-generating observations in all-sensor mode, the other sensors
also contributed to the low-latency evident in Figure 3.

Figure 4. Alerts generated for 2022 by DIAS using all sensors within the central 20 × 20 km study area
(see Figure 2). Alerts are indexed in both the overview and inset maps by the sensor that provided the
third consecutive “alert-generating” DI value above 3.0; the first two of the three required consecutive
values above that threshold may have come from other sensors. Even within the same spatial patch,
several different sensors work together to generate alerts. The pie graph represents the fraction
of deforestation events in the entire reference dataset for which each sensor provided the critical
third detection.

In a direct test of the benefits of using a common stream of DI imagery derived from
two sensors vs. adopting the union of parallel single-sensor systems, the common stream
option showed important advantages in terms of alert latency. Using identical sets of
imagery from the Landsat and Sentinel-2 sensors in our study areas in Madagascar, alert
generation with integrated DI values showed latency superior to aggregation of alerts from
two single-sensor algorithms. The integrated approach had significantly superior F scores,
a measure that combines the effects of both omission and commission errors [34], between
10 and 50 days post-disturbance (Figure 5).
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Figure 5. F-scores of alternative sensor fusion methods for Landsat and Sentinel-2. The red series
(“Interoperable sensors”) represents accuracy of DIAS using Landsat and Sentinel-2 images trans-
formed to a single stream of interoperable DI data to detect deforestation, generating an alert when
3 DI values above 3.0 are acquired consecutively, regardless of sensor. The cyan series (“Union of
1-sensor systems”) uses the same imagery and transformation to DI, but an alert is only triggered
when the 3 consecutive DI values > 3.0 are acquired by either one sensor or the other. F1 accuracy as
a function of post-event lag was calculated using the paper’s weighted sample of reference data. The
darker gray region indicates the time window since disturbance in which the interoperable approach
produced significantly higher accuracy.

4. Discussion
4.1. Alerting Performance by Sensor and Compositing Mechanism

The performance of DIAS reported here should not be taken as globally representative,
as several factors affect the latency of alerts in any system. Forest areas in Eastern Madagas-
car are particularly cloudy, having been classified as “low data availability” (Sentinel-2 and
Landsat) by Flores et al. [35] and showing clear imaging at the pixel level by PlanetScope
only one day in six (see below). This might indicate that our assessed latency might be
conservative in relation to other regions, as might the rapid recovery of local forests [36]
because of relatively short windows of unvegetated surface features. On the other hand,
separation of forest from non-forest conditions with respect to the Disturbance Index is gen-
erally more consistent in systems with dense canopies such as those in Eastern Madagascar;
accuracy in more open forests is often lower [20,25]. Differentiation and accuracy may also
be compromised if DIAS were to be applied in the detection of more subtle forest cover
changes or if used only with coarse-resolution imagery that incompletely resolves canopy
removal. Local performance testing would therefore be appropriate whenever DIAS is
integrated into a rapid response system.

The many disturbed pixels within a deforestation patch represent multiple opportu-
nities to generate an alert that authorities might use to mobilize a response [37]. Some
accuracy assessment approaches have therefore treated an entire patch as “detected” if an
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alert is generated for any constituent pixel. Our 10 m point-based accuracy assessment
likely understated alert accuracy in relation to studies targeting patch-level detection. How-
ever, patches may develop over weeks or months, causing ambiguity in the kind of lagging
accuracy analysis that interests us here.

Figure 3 clearly shows that adding imagery from more sensors in DIAS generally
resulted in gains in alert latency. The speed of detection across sensors was correlated to a
degree with imaging frequency. PlanetScope, which by itself supported better detection
(with lower commission errors) than the aggregation of the public satellites, provided 62
clear views of the average pixel in our study area in 2022. Landsat (including Landsat
missions 7–9) had 15 clear looks, Sentinel-2 had 12, and Sentinel-1 had 28.

Despite regular imaging in the presence of clouds, Sentinel-1 contributed relatively
little by way of detection (Figure 4). There is evidence that the sensor’s C-band radar is not
optimal for immediate detection of tree felling [38], perhaps because of scattering related to
logging debris. L-band imagery from the new NISAR platform is likely to be more sensitive
to the cutting of trees [15] and represents a potentially important future asset for DIAS.
While the additional complexity and processing involved with using Sentinel-1 argue
against its inclusion in future iterations of DIAS, it did result in marginal improvements
in alert latency when paired with Landsat and Sentinel-2, particularly in the first 70 days
following cutting (Figure 3). In light of relatively high rates of commission error (Figure 3),
though, use of Sentinel-1 in a DIAS framework may not be merited. Information provided
by Sentinel-1, or any of the sensors, may vary across global settings, as may operational
sensitivity to marginal improvements in alert timing.

4.2. Application-Specific Sensor Fusion

DIAS likely offers few accuracy-related advantages beyond the near real-time response
horizon. Comparison of long-term detection rates (after 100 days with DIAS and after at
least a year of monitoring with long-term GFW and RADD products) did not suggest a
striking difference between DIAS and other leading algorithms for retrospective purposes.
The omission rate of DIAS run with just Sentinel-1 was 78% and dropping steadily at
100 days; it is conceivable that, if allowed to run for a year, omission rates may have
approximately matched the omission of the long-term RADD product (51%). The omission
error rate of DIAS run with Landsat/Sentinel-1/Sentinel-2 in our study area was 23% after
100 days, which was marginally better than the rate (39%) of the long-term Integrated GFW
product that uses the same sensors.

However, in the days and weeks following an event, DIAS has two important ad-
vantages: (1) it can be used to pull in additional sensors to accelerate detection, which is
evident in Figure 3; and (2) its conversion of imagery from different sources to a single
stream of DI values allows different sensors to “corroborate” each other. The logic used by
Global Forest Watch’s current disturbance alert product [33] illustrates this latter advantage.
Four separate algorithms, each operating upon imagery from a single source (Sentinel-1,
Landsat, Sentinel-2, and Harmonized Landsat/Sentinel-2), search for disturbance signals
in each new image in their respective data streams. “Highest confidence” alerts are issued
when more than one system issues a “high confidence” alert. Such an alert depends upon
acquisition of at least two corroborative images within a single sensor’s data stream. With
DIAS, corroborative images (we require three in this paper) may come from any of the
input satellites. Figure 5 shows that, with input images and the change detection algorithm
held constant, this simple advantage produced significantly better results for our study
area in the first 50 days following disturbance.

The DIST-ALERT algorithm [12] likely benefits from the above dynamic, as it uses data
from Landsat and Sentinel-2 that have been made interoperable through the Harmonized
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Landsat-Sentinel (HLS) process [11]. However, production of HLS requires significantly
more computing and storage than the relatively simple distillation of each image to a
single-band DI image, and more importantly, it does not offer a route to including other
data sources such as PlanetScope. Sensor fusion is a complex topic with many potential
practical complications [39], but in the narrow application of issuing deforestation alerts,
our experience in Madagascar suggests that simple reduction of multi-sensor imagery to a
Z-score conditional on the local forest population is sufficient for effective harmonization.

4.3. Implications for DIAS and Practical Deforestation Alerting

Licensing costs of commercial imagery are a key consideration. In areas where defor-
estation is unlikely, or where prompt intervention is not a priority, integration of open data
sources may be adequate. Image costs should also be considered in the context of broader
intervention costs. Surveys emphasize the importance of local staff who are well trained,
coordinated, and equipped appropriately for responding to forest threats [40,41]. The cost
of providing fresher alerts to local personnel may in some cases be small relative to needed
investments in human capital.

Using the Disturbance Index for sensor fusion has several practical advantages. It
is based upon simple global mean and standard deviation calculations, limiting compu-
tational overhead to the degree that Masek et al. [25] were able to use it to map forest
disturbance across North America with 2006 technology. Unlike time series approaches
also based upon Z-scores, DIAS requires no historical imagery or intensive time series
analysis. Python code (current version: 3.14.6) associated with this paper [23] illustrates the
primary functions needed for continuous monitoring, including calculation of DI imagery,
tracking of DI scores, and alert generation, on Google Earth Engine (GEE; [24]). These
simple functions could be implemented on any platform with access to low-latency imagery,
essentially enabling a local instance of DIAS.

Operational tests of the DIAS platform on GEE [23] using Landsat and Sentinel-2 across
Madagascar have shown that it can be implemented in real time at scale. We have also
verified that the Planet Data API can be used to automatically move daily imagery into a
Google Cloud bucket that is accessible by our DI-based change detection algorithm. Similar
operations could likewise integrate public datasets not currently on GEE (e.g., [42]). Our test
implementation used simple GEE user interface tools, but further front-end development
could catalog and distribute alerts to any combination of enforcement staff, regulatory staff,
and/or funding agencies.

The choice of ancillary forest maps to be used with DIAS is an impactful decision.
In the choice of where DIAS looks for change, our experience indicates that inclusion
of non-forest areas (e.g., agricultural zones) quickly generates alerts because such areas
undergo rapid changes in vegetation, including transition to states represented by high DI
values. Commission error rates are highly sensitive to out-of-date and/or inaccurate land
use maps, and use of DIAS for mobilization of interdiction efforts would therefore merit
project-specific production of the kind of contemporary, high-quality resource maps we
used here.

The other important map-related decision relates to the population used within each ac-
quired image to normalize the population for purposes of calculating DI. Earlier operational
uses of the DI with Landsat for forest change detection have defined this normalization
population at coarse spatial resolutions and without regard to local-scale variation in
forest types [21,25]. However, derivation of population parameters when diverse forest
types occur within the same image may result in a loss of sensitivity to change in some
places and super-sensitivity in others. Case-specific forest type maps could enable parallel
calculation of DI values, but splitting the population within the already-small extent of
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most high-resolution imagery will sometimes lead to a small number of pixels driving
DI normalization. More research is needed related to the sensitivity of DIAS latency and
accuracy when this happens.

The self-normalizing property of DI would seem to be relatively robust against incon-
sistent sensor performance either across time or across different instruments in the same
constellation. The aging Landsat 7 satellite provided an informal opportunity to evaluate
that idea. Landsat 7 provided 36% of the 2022 Landsat inputs used here despite the fact
that the sensor’s altitude was lowered by 8 km four months into the study period and a
degrading orbit resulted in increasingly early local imaging times [43]. Nevertheless, in the
all-sensor implementation of DIAS, Landsat provided the alert-generating observation for
the same number of true disturbances as Sentinel-2 (Figure 4), and omission/commission
rates were only marginally worse than Sentinel-2 at most levels of lag (Figure 3) despite
a ground field of view 9 times coarser. Tracking the departure of a pixel from normal
local forest conditions, as DIAS does with every image from every sensor, may reduce
dependency upon consistent absolute calibration. In an alerting paradigm where vital
frequent imaging is enabled by inexpensive SmallSats of varying ages, this simplicity
would represent a tangible operational benefit.

While many current forest protection mechanisms in developing countries do not
rely upon, and could not exploit, near real-time deforestation alerting, the emergence of
commercial daily imagery and the multi-sensor interoperability we demonstrate signal
the feasibility of responding to forest loss in much less time than systems depending
upon acquisition of multiple post-event images by a single sensor. The DI-based alerting
structure outlined here is: opportunistic with respect to available sensors; computationally
lightweight; easily automated; and transparent/replicable for purposes of law enforcement.
As options for Earth-observing satellites continue to evolve, this kind of sensor-agnostic
alerting may prove optimal for both reducing latency and maintaining stable monitor-
ing systems.

5. Conclusions
DIAS provides a multi-sensor platform for operationally combining imagery from

diverse sensors to improve the immediacy of accurate deforestation alerts. As might be
expected from daily high-resolution imaging, Planetscope alone provided more immediate
alerts in our study area than all of the other sensors used together. However, synergistic
combination of public sources through DIAS greatly improved alert latency beyond alerts
drawn from any single sensor, and deforestation detection with combined public sensors at
approximately 80 days post-event was nearly equivalent to the rate of DIAS driven by those
sensors plus PlanetScope. Of particular interest in bandwidth-limited settings, cross-sensor
interoperability under DIAS does not depend upon complex time series functions or access
to large historical databases. Image inputs need only be “flattened” to a single DI band
dependent upon local mean and variance calculations for radiance values, which can often
be computed through the programming interfaces used to access low-latency imagery.
Change detection under DIAS is a matter of generating an alert when a DI value from
any source exceeds a pre-defined threshold for a given number of acquisitions (here, three
images in a row). While the costs of integrating commercial data may restrict its use to high-
sensitivity settings such as the threatened parks studied here, DIAS’ sensor-agnostic change
detection logic could provide for seamless alerting across space and variable constellations
of available satellites.
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