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Satellite time series enable the consistent and scalable characterization of land cover changes and vegetation
dynamics across extensive areas. The Composite2Change (C2C) protocol applies temporal spectral trend analysis
to identify land change events, producing metrics that describe the timing, magnitude, duration, rate, direction,

Land‘sat and recovery dynamics of disturbances. These metrics summarize spectral trajectories and support mapping and
Sentinel-2 A 7 K . A A o
Land cover modelling applications. While the methods have been published and their value demonstrated, their replication

across regions and sensors has been limited due to high storage and computational demands, coupled with the
lack of available implementation. To address these barriers, we implemented C2C as a reproducible cloud-native
framework within Google Earth Engine (C2C-GEE). C2C-GEE enables users to generate change products and
metrics that describe the spectral and temporal signatures of land cover change and recovery. The framework
supports the transparent and systematic generation of standardized change metrics for large-area mapping and

Change metrics
Cloud computing

modelling applications worldwide.

1. Introduction

Free and open access to satellite imagery in increasingly analysis-
ready formats, combined with high-performance computing (Wulder
and Coops, 2014), has resulted in a proliferation of methods for char-
acterizing and mapping terrestrial vegetation dynamics (Cohen et al.,
2017; Hughes et al., 2017). Approaches for analyzing large volumes of
satellite data over space and time have been widely adopted (Griffiths
et al., 2013; Hermosilla et al., 2024a; White et al., 2014), often proto-
typed and implemented on clusters of high-performance computers
(Chen et al., 2012). These refined, tested, and published approaches are
increasingly being shared via cloud computing platforms such as Google
Earth Engine (GEE) (Gorelick et al., 2017), which enables users to access
data and processing capabilities while reducing the need for local
infrastructure to download, store, and process data. Such a paradigm
allows users to bring their algorithms to the data, rather than the less
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efficient but more common requirement of bringing their data to the
algorithms.

Image compositing and change detection approaches are integral to
enabling the monitoring of forest dynamics over very large forest areas.
Image compositing approaches have been developed to generate cloud-
free, radiometrically consistent image composites that combine multiple
medium-resolution optical observations over large areas (Francini et al.,
2023), ranging from regional (Griffiths et al., 2014; Hermosilla et al.,
2015a; Roy et al., 2010) to global scales (Hansen et al., 2013). Simi-
larly, the development of various time-series analysis algorithms has
enabled the detection and characterization of vegetation trends and
changes (DeVries et al., 2015a; Griffiths et al., 2014; Kennedy et al.,
2012; Verbesselt et al., 2010; White et al., 2017). The information re-
quirements of a given application should guide the selection of the
appropriate compositing window (White et al., 2014) and inform the
development or selection of a specific change detection approach, as
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different change detection methods produce different results (Cohen
et al.,, 2017). Ultimately, the changes identified reflect the compos-
iting window selected, the image data used and its associated spectral
characteristics, the time step between images, the algorithm applied,
and other methodological considerations (Hughes et al., 2017; Zhu,
2017). Ensemble approaches also create opportunities to combine out-
puts from multiple change detection algorithms and refine results to
better target particular disturbance types (Cohen et al., 2020; Healey
et al., 2018; Schroeder et al., 2014).

Multi-year time series analyses provide a detailed characterization of
forest change dynamics and offer additional insights into the nature of
change processes (Comber and Wulder, 2019). Abrupt, punctual
changes such as severe forest fires or clear-cut harvesting, are relatively
straightforward to capture and have historically been detected using two
images acquired at different times (Hansen and Loveland, 2012;
Woodcock et al., 2020). In contrast, gradual, non-punctual changes such
as insect infestation or water stress are manifested over periods
measured in years (Coops et al., 2020; Vogelmann et al., 2012, 2016).
Time-series approaches can detect both abrupt and gradual changes,
generating descriptive metrics that are valuable for distinguishing be-
tween different drivers and types of change (Hermosilla et al., 2015a;
Kennedy et al., 2012). Processing time series of spatially and radio-
metrically consistent imagery provides a means of capturing and
condensing information on change dynamics across space and time
(Zhu, 2017). Descriptors of change summarize time series trends,
providing rich yet manageable insights into complex dynamics at the
pixel level. Examples of change descriptors that can be extracted from a
spectral time series are magnitude, rate, duration, and directionality
(Chirici et al., 2020; White et al., 2018). Such metrics enable consistent,
spatially explicit assessments of post-disturbance dynamics and support
the quantification of vegetation and forest return following disturbance.
Spectral change metrics relating forest recovery, for instance, can be
used to identify areas of delayed recovery and inform management and
reporting needs (White, 2024). These metrics describing the nature of
change dynamics can improve biophysical models (Pflugmacher et al.,
2014), disturbance agent classification (Stahl et al., 2023), and the
identification and classification of non-punctual changes (Coops et al.,
2020).

Google Earth Engine (GEE) is a cloud-based geospatial analysis
platform that provides high-performance computing resources and ac-
cess to geospatial datasets and Earth observation imagery, including the
complete Landsat and Sentinel-2 archives (Gorelick et al., 2017). While
many GEE workflows are implemented through user-defined scripts,
native platform functions operate within the underlying computational
infrastructure, supporting efficient processing of computationally
intensive procedures such as time series analysis and breakpoint
detection. Well-established native change detection functions available
in GEE include LandTrendr (Kennedy et al., 2018), BFAST (Hamunyela
et al., 2020), and CCDC (Arévalo et al., 2020). While these approaches
offer well-documented methodologies and interpretable results, they do
not natively provide a unified set of standardized, operational metrics
for measuring vegetation disturbance and recovery.

The Composite2Change (C2C) protocol generates spatially explicit
metrics describing change and post-disturbance recovery by applying
temporal spectral trend analysis to radiometrically consistent, cloud-
free image composites (Hermosilla et al., 2016). These metrics quan-
tify change magnitude, duration, and post-disturbance dynamics, spec-
trally characterizing vegetation recovery (Hermosilla et al., 2015a,
2015b; White et al., 2017, 2019). They also support operational forest
monitoring initiatives, including those within Canada's National Forest
Inventory and carbon accounting frameworks (e.g., Baral et al., 2025;
Smyth et al., 2024). While C2C was initially developed for application
with Landsat surface reflectance data, the protocol's conceptual frame-
work can be adapted to different compositing strategies and optical
satellite data sources, including Sentinel-2 and Harmonized Landsat
Sentinel-2 (HLS). To date, large-area and long-term applications of C2C
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have required local data storage and high-performance computing re-
sources, which have motivated the development of a scalable imple-
mentation within the GEE cloud-computing environment.

This study presents a scalable and reproducible implementation of
the C2C protocol in GEE. The algorithmic framework (hereafter C2C-
GEE) is written as native Java functions within the GEE backend to
support efficient large-area processing. C2C-GEE enables the generation
of temporally explicit, standardized change and recovery metrics suit-
able for a wide range of information needs. These metrics include
change timing, descriptors of change dynamics (e.g., magnitude, dura-
tion, and rate), and spectral recovery metrics characterizing post-
disturbance regrowth. The resulting outputs are designed for direct
use in large-area monitoring, comparative analyses, and downstream
modelling applications, and can be accessed within the GEE environ-
ment or exported for further analysis.

2. Methods
2.1. C2C protocol overview

The Composite2Change (C2C) protocol (Hermosilla et al., 2016)
enables the detection and characterization of changes using free and
open optical data from the Landsat and Sentinel-2 archives. Annual
composites are typically generated using a best-available-pixel (BAP)
method (Griffiths et al., 2013; White et al., 2014), in which optimal pixel
observations are selected from all available surface-reflectance imagery
(Masek et al., 2006; Schmidt et al., 2013). Other compositing strategies
(e.g., medoid compositing) may also be employed depending on the
analysis objectives (Francini et al., 2023; Meng et al., 2023; Qiu et al.,
2023).

The overall C2C workflow can be summarized in four main stages:
(1) generation of temporally consistent annual image composites, (2)
temporal noise filtering and spike handling, (3) temporal segmentation
and breakpoint detection using bottom-up piecewise fitting, and (4)
extraction of disturbance and recovery metrics from the spectral tra-
jectories (see Fig. 1).

The annual image composites are analyzed in the time domain to
reduce residual noise arising from unscreened atmospheric effects (e.g.,
haze, clouds, cloud shadows, smoke) and to ensure temporal consistency
prior to change detection (Hermosilla et al., 2015a). Noisy observations
can be identified and removed by evaluating temporal inconsistencies
across consecutive years and multiple spectral bands (Kennedy et al.,
2010). Observations identified as noise are excluded from the subse-
quent analysis, improving the robustness of the temporal segmentation
and change characterization.

Temporal trend and change analysis in C2C is performed using an
adapted bottom-up breakpoint detection algorithm (Keogh et al., 2001).
This approach involves the iterative merging of adjacent temporal seg-
ments based on a root mean square error (RMSE) criterion until either
the maximum user-defined fitting error is reached or the maximum
number of segments is exceeded. More restrictive merging costs tend to
identify changes of a greater magnitude, but they may not fully repre-
sent the spatial extent of the change event. In contrast, less restrictive
merging costs provide more comprehensive characterizations of change,
increasing sensitivity to lower-magnitude disturbances and vegetation
responses, and potentially leading to an increased occurrence of false
positives (Fig. 2). This process results in the identification of temporal
segments and associated trends, which are then used to identify changes
and generate a set of metrics that characterize the nature of the changes
(i.e., magnitude, duration, and rate), as well as pre- and post-disturbance
dynamics associated with vegetation recovery following disturbances.
The Normalized Burn Ratio (NBR; Key and Benson, 2006) is the vege-
tation index typically employed for temporal and change analysis within
the C2C protocol although other indices may be selected (Hermosilla
et al., 2016).

In the original C2C workflow, temporal trends derived from
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Fig. 1. Overview of the Composite2Change (C2C) workflow and the main parameters associated with each processing stage as parameterized in C2C-GEE

(see Table 1).
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Fig. 2. Example of the effect of the root mean square error (RMSE) criterion controlled by the maxError parameter on C2C-GEE outputs (Table 1), showing (A)
change year and (B) change rate derived from annual Landsat composites of the Normalized Burn Ratio (NBR) index for the period 1984-2025 using Best Available
Pixel (BAP) compositing in Canada (lat: 56.137, lon:-102.161). Disturbance events with a NBR magnitude < —200 (NBR x 1000) were retained. Values above/below

the upper/lower limits of the portrayed change rate range are truncated.

segmentation support gap filling through piecewise linear interpolation,
to produce gap-free annual best available pixel (BAP) composite prod-
ucts (Hermosilla et al., 2015a). In the GEE implementation of C2C,
annual image composites are assumed to be provided as inputs using
user-defined or existing compositing tools in GEE. Tools such as
GEE-BAP (Francini, 2022) provide similar BAP compositing function-
ality to that described in (Griffiths et al., 2013; White et al., 2014)
without the gap filling capability of (Hermosilla et al., 2015a). Thus,
C2C-GEE focuses exclusively on change detection and metric extraction.

2.2. C2C implementation in Google Earth Engine

C2C-GEE implements the temporal segmentation and change metric
extraction components of the C2C protocol as a native Earth Engine
algorithm running on the server. By embedding these procedures within
the GEE backend, the need for user-managed data storage and local
processing workflows is eliminated, enabling scalable execution of the
iterative segmentation routines required by C2C. The GEE imple-
mentation follows the original C2C algorithmic design and parameter-
ization to ensure consistency in breakpoint detection and metric
derivation. Processing occurs within the Earth Engine computational
environment, supporting large-area analyses without data transfer
overhead and standardizing execution across users and applications. The
function can be accessed via the GEE API (ee.Algorithms.

TemporalSegmentation.C2c) and invoked from JavaScript or Python
clients.

The C2C-GEE function takes an ImageCollection representing a
temporally ordered sequence of images (typically annual image com-
posites) as input, along with one or more spectral bands or indices (e.g.
NBR). User interaction is limited to specifying the input data and a
defined set of parameters that control different stages of the workflow,
including segmentation sensitivity, model complexity, the temporal
extent, and the optional computation of post-change and recovery
metrics (Table 1). Segmentation behaviour is primarily governed by the
maximum allowable root mean squared error (maxError) and the
maximum number of permitted segments (maxSegments). Additional
options support robustness to residual artifacts and data gaps, including
optional gap infilling (infil1) for segmentation stability, and tolerance
to spectral spikes or outliers (spikesTolerance). There is no explicit
limit on the number of consecutive missing observations during the gap
infilling; however, confidence in the fitted temporal trajectory decreases
as this number increases (Hermosilla et al., 2015a). These tolerances
were originally included to accommodate earlier periods of the Landsat
archive (mid-1980s to early 2000s), when image availability was more
limited in terms of space and time (Wulder et al., 2016). However, given
the current availability of Landsat and Sentinel-2 observations, the need
for gap filling is less common and is now more typically associated with
persistent cloud, smoke, or haze conditions (Ju et al., 2025).
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Table 1
Parameters used in the C2C-GEE implementation, with descriptions and default
values.

Default
value

Parameter Description and role

collection - Input ImageCollection time series
(e.g., annual composites or spectral
index trajectories) with valid
timestamps.

Time encoding for outputs: 0 = Julian
days, 1 = fractional years, 2 = Unix
milliseconds.

Maximum allowed RMSE of the
piecewise linear fit, controlling
segmentation sensitivity.

Maximum number of segments
permitted in the fitted trajectory.
First year of the analysis period.

dateFormat 0

maxError 75

maxSegments 6

startYear 1984
endYear 2025
infill true

Last year of the analysis period.
Enables gap infilling within the time
series to support stable fitting in the
presence of missing values.

Controls tolerance to short-lived
spikes/outliers in the trajectory.
Returns post-change descriptors

spikesTolerance 0.85

includePostMetrics true
(postMagnitude, postDuration,
postRate).

includeRegrowth false Returns recovery and regrowth metrics

(indexRegrowth,

recoveryIndicator,

regrowth60/80/100).

Computes regrowth thresholds relative

to pre-disturbance conditions.

Retains only breakpoints associated

with negative changes.

useRelativeRegrowth false

negativeMagnitudeOnly false

Temporal controls define the analysis period and the encoding of
date-related outputs. The analysis period is constrained using start-
Year and endYear, in addition to any temporal filtering applied
directly to the input ImageCollection. Output time encoding is
controlled by dateFormat, which specifies whether dates are returned
as Julian days, fractional years, or Unix time (milliseconds); all date and
time-difference outputs (e.g. segment length) are reported in the cor-
responding units.

Disturbance characterization outputs are returned as array-valued
images, allowing multiple temporal segments and change events to be
represented per pixel (Table 2, Fig. 3). For each analyzed band, C2C-GEE
returns arrays describing segment timing (changeDate), fitted values
(value), and breakpoint-linked change metrics, including magnitude,
duration, and rate. Optional post-change descriptors (post-
Magnitude, postDuration, postRate) characterize the dynamics of
the segment following each breakpoint. By convention, the first element
of pre-change metric arrays and the last element of post-change metric
arrays are undefined (NaN). For applications requiring a single distur-
bance event (e.g. disturbance mapping), these arrays can be post-
processed to extract an event of interest, such as the breakpoint with
the greatest negative magnitude. Directional filtering can be applied
using negativeMagnitudeOnly to retain only breakpoints associated
with negative changes in the input series. Note that any negative
segment identified in the fitted trajectory represents a detected spectral
change. In practice, users may further apply additional change magni-
tude or rate thresholds, such as a minimum NBR change magnitude, to
focus on changes associated with stronger vegetation responses.

Recovery and regrowth metrics are returned when includeRe-
growth = true is set. These include short-term regrowth (indexRe-
growth), a normalized recovery indicator (recoveryIndicator)and
the time taken to reach 60%, 80% and 100% recovery (regrowth60,
regrowth80 and regrowthl100). Two alternative formulations are
available for computing recovery levels (60%, 80% and 100%),
controlled by the useRelativeRegrowth parameter. When

Table 2

Output metrics generated by the C2C-GEE implementation. Outputs are returned
as array-valued images aligned to the fitted temporal segment structure. See
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Fig. 3 for graphical representation of selected metrics.

Output metric

Description

Citation

changeDate Start and end dates for each (Hermosilla et al.,
fitted temporal segment, 2015a, 2016; Keogh
encoded according to the et al., 2001)
dateFormat parameter.

value Fitted values of the input band (Hermosilla et al.,
evaluated at the dates defined by 2015a, 2016)
changeDate.

magnitude Absolute difference between (Hermosilla et al.,
fitted values before and after 2016; Kennedy
each change date, representing et al., 2010)
change magnitude. The first
element is NaN.

duration Duration of the temporal (Hermosilla et al.,
segment preceding each change 2015a; White et al.,
date. The first element is NaN. 2017)

rate Rate of change of the temporal (Hermosilla et al.,
segment preceding each change 2016; Kennedy
date, derived from the fitted et al., 2010)
trajectory. The first element is
NaN.

postMagnitude Magnitude of the temporal Hermosilla et al.
segment following each change (2016)
date. The last element is NaN.

postDuration Duration of the temporal Hermosilla et al.
segment following each change (2016)
date. The last element is always
NaN.

postRate Rate of change of the temporal Hermosilla et al.
segment following each change (2016)
date, characterizing post-change
trends. The last element is NaN.

indexRegrowth Absolute difference between the Kennedy et al.

recoveryIndicator

regrowth60

regrowth80

regrowthl00

fitted value at the change date
and the fitted value five data
points after the change date,
representing short-term post-
disturbance regrowth.

Ratio of indexRegrowth to
magnitude, providing a relative
measure of recovery normalized
by disturbance magnitude.

Time elapsed between the
change date and the first point at
which the fitted series reaches
60% of the pre-disturbance
value. Also referred to as Years to
Recovery metric.

Time elapsed between the
change date and the first point at
which the fitted series reaches
80% of the pre-disturbance
value. Also referred to as Years to
Recovery metric.

Time elapsed between the
change date and the first point at
which the fitted series reaches
100% of the pre-disturbance
value. Also referred to as Years to
Recovery metric.

(2012)

(Kennedy et al.,
2012; White et al.,
2017)

(Pickell et al., 2016;
White et al., 2018)

(Pickell et al., 2016;
White et al., 2018)

(Pickell et al., 2016;
White et al., 2018)

useRelativeRegrowth is set to false (the default setting), recovery
is evaluated relative to pre-disturbance fitted values, which is consistent
with previous Landsat time-series recovery approaches. When useR-
elativeRegrowth = true is set, recovery is expressed as the fraction
of disturbance magnitude that has been regained, providing a normal-
ized measure that reduces dependence on the absolute scale of the input
spectral index. The useRelativeRegrowth option enables recovery
to be expressed as a fraction of disturbance magnitude, normalizing
recovery estimates across index scales and disturbance intensities. The
indexRegrowth recovery metric is only computed where at least five
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Fig. 3. Schematic representation of disturbance and recovery metrics derived from a negative spectral change segment. Dots represent annual NBR observations
(x1000), and solid lines indicate fitted temporal segments. The disturbance event occurs between 1989 and 1990. Magnitude, duration, change date, and post-
disturbance recovery thresholds at 60%, 80% and 100% (regrowth60, regrowth80, regrowth100) are shown. See Table 2 for complete definitions of all

output metrics.

post-disturbance observations exist following the detected change event.
Global (Fig. 4) and regional examples in Canada (Fig. 5A) and France
(Fig. 5B) illustrate disturbance and recovery metrics using C2C-GEE.
The consistency between the two implementations was assessed by
comparing outputs generated by the C2C-GEE implementation with
those produced by the standard local C2C framework (Hermosilla et al.,
2015a) across a set of test sites distributed throughout the northern
hemisphere (Figure Al). Results showed high consistency between
implementations in annual disturbance detections and in the distribu-
tions of disturbance magnitude (r = 0.99, RMSE = 3.03%, bias = 0.13%)
and recovery indicator values (r = 0.91; RMSE = 14.05%, bias = 0%).

3. Discussion
3.1. Scope and design of the C2C-GEE implementation

The C2C-GEE implementation operationalizes the temporal seg-
mentation and change metric extraction components of the C2C protocol
(Hermosilla et al., 2016) within the GEE environment (Gorelick et al.,
2017). The GEE implementation presented here focuses explicitly on
change detection and the derivation of disturbance and recovery metrics
for terrestrial vegetation from temporally consistent, image composites
supplied by the user. This design simplifies the workflow and enhances
flexibility by allowing input composites to be generated using existing or
user-defined compositing approaches available in GEE, tailored to spe-
cific monitoring objectives and data availability (White et al., 2014). As
a result, C2C-GEE can be readily integrated into a wide range of analysis
pipelines without enforcing a fixed compositing strategy or seasonal
window. This separation preserves flexibility in compositing and
maintains a standardized framework for extracting change metrics. The
C2C-GEE implementation facilitates the scalable processing of large
Earth observation archives without the need for local high-performance
computing infrastructure, while enabling the direct integration of other
datasets and workflows available on GEE. However, execution times and
processing limitations remain subject to the platform's computational
constraints and task management policies, particularly when processing
dense time series observations over large spatial extents.

Data products with annual time stamps are typically required for
forest monitoring and modelling applications (White et al., 2014) and
therefore commonly used as inputs to C2C-GEE. Annual composites help
to ensure sufficient observational coverage despite the uneven spatial

and temporal distribution of images in the archive, especially during
earlier periods (Wulder et al., 2016). Previous applications of C2C have
relied on annual summer composites and the NBR to characterize forest
disturbance and recovery dynamics across boreal and temperate forest
environments (Hermosilla et al., 2015b, 2016; Tortini et al., 2019; White
et al., 2018, 2022). The summer seasonal window captures the vegeta-
tion growing season and maximizes the availability of cloud-free ob-
servations (White and Wulder, 2014), although the specific date range
should be defined based on latitude and monitoring objectives.

NBR is sensitive to changes in forest structure (Cohen and Goward,
2004) and has demonstrated strong performance for monitoring forest
dynamics (Cohen et al., 2018). Using C2C in non-boreal environments
may require alternative spectral indices and parameter settings. The
default parameter values provided in C2C-GEE are based on previous
applications of the C2C methodology and have demonstrated reliable
performance across a range of forest environments and disturbance
conditions (Matasci et al., 2018; Tortini et al., 2019; White et al., 2018).
However, the selection of optimal parameters remains dependent on the
application and should be adapted according to the study area, distur-
bance characteristics, spectral inputs, and particular monitoring objec-
tives. To accommodate differences in local vegetation dynamics and
image availability, C2C-GEE enables the simultaneous evaluation of
multiple spectral indices and alternative segmentation parameter set-
tings. This allows users to customize disturbance detection and recovery
characterization according to local ecological conditions, facilitating
integration into forest monitoring frameworks operating under varying
environmental and data constraints. C2C-GEE performance depends on
the quality of input composites and segmentation parameter selection,
while the compact parameter set and standardized outputs support
reproducible reprocessing and sensitivity analyses.

3.2. Change metrics

Using free and open data from the Landsat, Sentinel-2, and poten-
tially other satellite missions, C2C-GEE produces a set of spectral and
temporal metrics that describe the detected changes and their dynamics
from multiple perspectives (Zhu et al., 2022). These include the
magnitude and duration of the change, as well as the spectral trends
describing the vegetation condition before and after the disturbance.
Greater change magnitudes are typically associated with more severe
disturbance agents (DeVries et al., 2015b), while change duration
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Fig. 4. Global map of change magnitude detected from a 500-m spatial resolution, global Landsat medoid composites of the Normalized Burn Ratio index for the

period 1984-2025.
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Fig. 5. Regional examples of forest disturbance metrics derived from annual Landsat composites of the Normalized Burn Ratio (NBR) index for the period 1984-2025,
including (A) Canada (lat: 61.1360, lon:-108.0649), using Best Available Pixel (BAP) compositing, and (B) France (lat: 43.6218, lon: 6.1439), using medoid
compositing, displaying change year, change rate, and years to recovery at 80% (Y2R80) metrics. Disturbance events with a NBR magnitude < —200 (NBR x 1000)
were retained. Values above/below the upper/lower limits of the portrayed change rate range are truncated.

captures the persistence of the event. Rapid changes often correspond to
stand-replacing disturbances (e.g., harvest, wildfire), while more
gradual processes (e.g., water stress, insect defoliation) manifest over
longer periods of time (Coops et al., 2006). Furthermore, the duration
metric also allows differentiation between gradual processes driven by
different disturbance agents, such as insect disturbance causing defoli-
ation and tree mortality (Meigs et al., 2011; Senf et al.,, 2017).
Pre-disturbance values provide additional context by capturing baseline
vegetation conditions and trajectories (i.e., growth, decline) prior to the
occurrence of disturbance (Coops et al., 2020; Hais et al., 2016).
Change metrics are spatially explicit and can be mapped directly or
used as input layers in modelling applications. Examples include habitat
(Kearney et al., 2019) and species movement analyses (Rickbeil et al.,
2017), fire severity (Mulverhill et al., 2024; Shang et al., 2020), insect
outbreak risk predictions (Hais et al., 2016), land cover stabilization
(Hermosilla et al., 2018), tree species transitions (Hermosilla et al.,
2024b), and characterization of forest structure, including overstory
(Matasci et al., 2018; Pflugmacher et al.,, 2014) and understory

conditions (Vogeler et al., 2016). While C2C has typically been used to
monitor vegetation, other spectral indices can be applied to track
different aspects of land dynamics. For example, indices related to land
imperviousness (e.g. Normalized Difference Built-up index; Zha et al.,
2003) allow analysis of the magnitude, timing, and duration of urban
expansion processes (Fu et al., 2019; Song et al., 2016).

The spatio-temporal characteristics of change can also support
attribution to a disturbance agent (Stahl et al., 2023). This process often
requires moving from a pixel-level to an object-level approach by
grouping adjacent pixels that have experienced change in the same year
(Stewart et al., 2009). These change events can then be spectrally
characterized using summary statistics (e.g., mean, standard deviation,
median, percentiles) from change metrics (e.g., magnitude, rate), de-
scriptors of pre- and post-change trends, full-time series descriptors
(Hermosilla et al.,, 2015b), and additional ancillary data such as
topography or climate (Schroeder et al., 2017). Added informational
value can be gained by describing object-based change events using
their geometric properties, including size, shape and complexity (Hilker,
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2011; Sebald et al., 2021), which, when combined with
spectral-temporal change metrics, support supervised, rule-based, or
unsupervised discrimination of disturbance agents (Hermosilla et al.,
2016; Kennedy et al., 2015; Pickell et al., 2014; Pouliot and Latifovic,
2016; Shimizu et al., 2017; Vogeler et al., 2020; Zhang et al., 2022).
Additionally, change metrics can aid in distinguishing typologies within
the same agent, including different forest harvesting practices (Esteban
et al.,, 2021; Giambelluca et al., 2025; Jarron et al., 2017), fires by
severity (Schleeweis et al., 2020), as well as insect infestations
(Pasquarella et al., 2021; Senf et al., 2015; Thapa et al., 2022; Ye et al.,
2021b) and other drivers of non-stand replacing disturbances (Brown
et al., 2025; Coops et al., 2020).

3.3. Recovery metrics

The C2C-GEE implementation provides a scalable framework for the
consistent characterization of post-disturbance dynamics and recovery
trajectories across large spatial extents by operationalizing the extrac-
tion of disturbance and recovery metrics from satellite time series. It
supports standardized recovery assessments across regions and distur-
bance contexts, eliminating the need for custom post-processing work-
flows. Post-disturbance spectral trends provide a basis for measuring
and monitoring vegetation recovery over time (Frolking et al., 2009).
Within C2C-GEE, recovery is quantified by tracking the temporal tra-
jectory of spectral indices after a disturbance breakpoint. This involves
estimating the rate and magnitude of return to pre-disturbance condi-
tions and deriving metrics such as scaled recovery indicators and
years-to-recovery thresholds. Landsat time series offer two key advan-
tages for assessing forest recovery: they provide consistent annual or
semi-annual observations, and they support retrospective analyses that
allow the characterization of pre-disturbance conditions and the estab-
lishment of recovery baselines (Potapov et al., 2015; White et al., 2017).
Spectral recovery metrics can also be integrated with other data sources,
such as Airborne Laser Scanning (ALS) and field plots, to provide a
comprehensive framework for characterizing recovery trajectories
(Bolton et al., 2015; Smith-Tripp et al., 2026; White et al., 2018) or to
improve the prediction of ecosystems variables such as carbon storage
(Francini et al., 2025). Given that slow forest recovery has implications
for sustainable forest management and policy (Frolking et al., 2009;
Pugh et al., 2019), there is a growing need for spatially explicit recovery
monitoring based on consistent data sources over large areas (White,
2024). Spectral recovery metrics are useful for estimating and
comparing regrowth rates across space and time (White et al., 2017;
Frazier et al., 2018; Senf and Seidl, 2022), and for quantifying recovery
performance under varying conditions, including disturbance severity
(White et al., 2022), vegetation type (Bright et al., 2019), and the
presence of previous disturbance (Hermosilla et al., 2019; Mandl et al.,
2025).

Clear and measurable definitions of forest recovery are essential
precursors to spectral recovery assessments (White, 2024). Applications
using C2C have typically defined forest recovery as the return of trees
capable of reaching >5 m height and >10% canopy cover (e.g. White
et al., 2022). However, definitions of recovery vary depending on the
objectives of the assessment (e.g., silviculture, habitat, reclamation) and
may relate to the return of forest structure, composition, function, or a
combination thereof (e.g. Kearney et al., 2019).

A variety of spectral indices have been employed to assess post-
disturbance recovery, reflecting differences in sensitivity to vegetation
structure and composition (Chu and Guo, 2013; Mandl et al., 2025;
White, 2024). Normalized Difference Vegetation Index (NDVI) tends to
saturate rapidly upon the return of herbaceous cover. In contrast, NBR
exploits the differing near infrared and shortwave infrared responses
associated with bare ground and forest canopy development. This makes
NBR more sensitive to the re-establishment of trees and the increasing
complexity of canopy (Pickell et al., 2016). Other approaches have
proposed alternative indices (Chu et al., 2017) or used ensembles of
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multiple indices to characterize recovery dynamics (Smith-Tripp et al.,
2024). Historically, recovery assessments within the C2C framework
were based on trend-fitted NBR values (White et al., 2017), using a
de-spiking approach (Hermosilla et al., 2015a) to reduce interannual
variability in the spectral response (Schroeder et al., 2007). Ultimately,
the choice of index must be consistent with the definition of recovery
applied (White, 2024).

C2C-GEE provides a suite of spectral recovery metrics that capture
both short-term (Kennedy et al., 2012) and long-term (Griffiths et al.,
2014; Pickell et al., 2016) post-disturbance recovery (Table 2). Studies
have recommended the use of both short-term and long-term recovery
metrics to capture different aspects of recovery (Chu and Guo, 2013;
Kennedy et al., 2012). Others have investigated whether short-term
metrics are indicative of long-term recovery outcomes (Smith-Tripp
et al.,, 2025; White et al., 2022). The recovery indicator (Table 2),
which scales the index regrowth by the magnitude of change, takes into
account areas that were sparsely vegetated prior to disturbance or
experienced low-intensity disturbance, where more remnant vegetation
remained (Kennedy et al., 2012). Hermosilla et al. (2019) and White
et al. (2017) used the recovery indicator to assess short-term recovery
rates across Canada following stand-replacing wildfire and harvest (i.e.
salvage harvest). Hermosilla et al., 2019 also compared the recovery
indicator in areas affected by a single disturbance to those areas that
experienced two or more disturbances and found that recovery was 39%
slower when harvest followed wildfire compared to recovery rates
following a single wildfire event.

The Years to Recovery (Y2R) metric transforms the NBR time series
into a recovery indicator by estimating the number of years required for
a pixel to reach a defined threshold of its pre-disturbance NBR value.
While the 80% threshold is commonly used, alternative thresholds have
been proposed depending on how recovery is defined (White et al.,
2018). Within C2C-GEE, Y2R can be evaluated at 60%, 80%, and
100% recovery thresholds (Table 2). Y2R depends on the
pre-disturbance baseline, which in the C2C framework is defined as the
average NBR over the two years preceding the disturbance (White, 2024;
White et al., 2017). This metric has been applied to quantify forest re-
covery in a variety of environments, including the Pacific Northwest
(Kennedy et al., 2012), Canada (Hird et al., 2021; White et al., 2017),
Italy (Chirici et al., 2020), Australia (Nguyen et al., 2020), Borneo (loki
et al., 2022), and Japan (Shimizu and Saito, 2021).

3.4. Opportunities for integration

The implementation of the C2C protocol on GEE extends the opera-
tional flexibility and accessibility of time series-based change detection
and characterization. The availability of other well-established algo-
rithms within the same platform (e.g., LandTrendr, BFAST, and CCDC)
enables users to explore and compare various change detection ap-
proaches, as these methods differ in their segmentation philosophies,
treatment of temporal trajectories, and their intended applications
(Healey et al., 2018). For instance, LandTrendr emphasizes spectral
trajectory segmentation and fitted vertex interpretation using annual
observations (Kennedy et al., 2010); CCDC focuses on continuous har-
monic modelling and iterative change monitoring using all available
clear observations (Zhu and Woodcock, 2014); and BFAST uses dense
time series observations to decompose temporal trajectories into trends
and seasonal components to identify structural breaks (Verbesselt et al.,
2010). C2C-GEE focuses on generating standardized disturbance and
recovery metrics derived from piecewise spectral trajectories, with a
particular focus on characterizing vegetation change and
post-disturbance recovery dynamics. As such, these algorithms should
not be expected to agree, but rather provide user options and comple-
mentary perspectives on the timing, intensity and nature of change
events, expanding the information available for downstream applica-
tions (Zhu et al., 2022). The change metrics produced by C2C provide
consistent, temporally informed inputs that can support a wide range of
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applications such as land cover classification (Griffiths et al., 2019;
Hermosilla et al., 2022), biomass estimation (Liang et al., 2023; Matasci
et al.,, 2018), and can also serve as inputs to predictive models for
near-real-time or early warning systems (Ye et al., 2021a), particularly
in contexts where the timing, magnitude, or duration of change are key
factors (Kato et al., 2020; Pasquarella et al., 2017; Pelletier et al., 2024).

In addition to Landsat data, the C2C-GEE implementation can be
applied to Sentinel-2 imagery or by integrating Landsat and Sentinel-2
observations using the HLS product (Ju et al., 2021; Radeloff et al.,
2024). The increased frequency of observations provided by this vir-
tual constellation of satellites reduces the impact of cloud cover and
enhances the generation of seasonal composites and the analysis of
within-year change metrics (Ju et al., 2025). This is particularly useful
for capturing processes that occur on shorter timescales, such as
phenological and agricultural cycles, which may be missed when relying
solely on annual composites (Blickensdorfer et al., 2022; Bolton et al.,
2020; Moon et al., 2021).

4. Conclusions

The C2C protocol characterizes change trajectories from dense op-
tical time series data. The implementation of C2C on GEE provides ac-
cess to temporal segmentation and metric extraction functions, enabling
scalable generation of disturbance and recovery metrics without the
need for local data storage or processing infrastructure. With access to
the full Landsat archive and the option to integrate Sentinel-2 data, C2C-
GEE supports monitoring of both abrupt and gradual land surface
changes over large and ecologically diverse areas worldwide. The
combination of temporal segmentation, noise filtering, change detec-
tion, and disturbance and recovery characterization enables the trans-
parent and systematic generation of change metrics suitable for both
mapping and modelling applications, ranging from forest disturbance
mapping to post-disturbance regrowth monitoring and habitat assess-
ment. The GEE environment allows transparent parameter tuning and
algorithmic adaptation to local monitoring needs. This flexibility,
together with the reproducibility of results and accessibility of globally
representative data, provides a protocol for consistent long-term moni-
toring and supports further integration with modelling and decision-
making frameworks.

Appendix

! https://code.earthengine.google.com/f4ac48acadae9365f2e4a9a2133da3c6.
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Software & code availability

The open-source Java code used to develop the GEE built-in C2C
implementation is available at: https://github.com/saveriofrancin
i/C2C-GEE. A direct link! to the GEE Code Editor is also provided,
allowing users to quickly visualize dynamically generated C2C-GEE
outputs over European forest environments.

C2C-GEE is implemented as a native algorithm within the GEE
platform and can be accessed through the GEE API (ee.Algorithms.
TemporalSegmentation.C2c) using JavaScript or Python clients.
Use of C2C-GEE requires a registered GEE account. The source code is
distributed under the license specified in the repository.
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Fig. A1. Comparison of outputs generated by the Google Earth Engine implementation of Composite2Change (C2C-GEE) and the original local implementation using
the same processing parameters across 21 northern hemisphere 5 x 5-km test sites. (A) Geographic distribution of test sites. (B) Annual disturbance detections
aggregated across all sites. (C) Distribution of change magnitude. (D) Distribution of recovery indicator. (E) Agreement between implementations for disturbance
magnitude. (F) Agreement between implementations for recovery indicator. Comparisons were restricted to forested pixels and disturbance detections exceeding a

minimum magnitude (< -0.10) threshold.
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