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A B S T R A C T   

Improved access to remotely sensed imagery and time series algorithms in combination with increased avail-
ability of cloud computing resources and platforms such as Google Earth Engine have significantly expanded the 
community of users processing and analyzing time series of satellite observations. Though individual time series 
analysis methods and their applications tend to be well-documented, comparisons of different approaches are 
beneficial to new users faced with the choice of different algorithms and parameterizations. We review two 
temporal segmentation approaches that have become increasingly prevalent in land cover mapping and moni-
toring: LandTrendr (Landsat-based detection of Trends in Disturbance and Recovery) and CCDC (Continuous 
Change Detection and Classification). We examine differences in the way these approaches use the temporal and 
spectral domains and compare model specifications and outputs. This review highlights previous work and 
applications, current limitations, ongoing challenges, and opportunities for future integration and comparison of 
methods and map products, and is expected to benefit both user and developer communities.   

1. Introduction 

With unprecedented access to satellite imagery and cloud-based 
processing capabilities, more users are working with multi-temporal 
Earth observation datasets than ever before (Gorelick et al., 2017; 
Wulder et al., 2012). Following the opening of the Landsat archive in 
2008, time series-based approaches for land cover mapping and change 
detection have become increasingly common and remain an active area 
of development, both in terms of methods and theory (Banskota et al., 
2014; Chaves et al., 2020; Gómez et al., 2016; Hemati et al., 2021; 
Woodcock et al., 2020). Though more granular taxonomies for charac-
terizing change detection approaches have been proposed (e.g., Zhu, 
2017), we consider the broad class of temporal segmentation algorithms 
to include methods that group observations into larger representative 
periods of time or “segments” such that a single model is applied within 
a segment and different models are applied across segments. These 
piecewise fitting approaches can be viewed as a temporal equivalent to 
spatial segmentation algorithms, which use spectral properties to group 
contiguous pixels into shapes representing larger landscape objects or 

patches (e.g., Hossain and Chen, 2019). Characterization of temporal 
segments enables analysis of both short- and long-term trends and pat-
terns in landscape properties and surface conditions. However, the types 
of change processes and events that can be identified are intrinsically 
linked to the algorithm used to perform temporal segmentation (Ken-
nedy et al., 2014). 

Two temporal segmentation approaches that are becoming more 
prevalent in natural resource monitoring applications are the Land-
Trendr (Landsat-based detection of Trends in Disturbance and Recovery) 
and CCDC (Continuous Change Detection and Classification) algorithms 
(Zhu, 2017). Though the use of these approaches was once limited to a 
small subset of users with sufficient data storage and processing capa-
bilities, both LandTrendr (Kennedy et al., 2010) and CCDC (Zhu et al., 
2012; Zhu and Woodcock, 2014) have since been implemented in 
Google Earth Engine (Arévalo et al., 2020a; Kennedy et al., 2018b). 
Implementation in Earth Engine’s cloud computing environment has 
enabled a global community of users to run these and other temporal 
segmentation methods, such as Exponentially Weighted Moving 
Average Change Detection (EWMACD; Brooks et al., 2014), Vegetation 
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Change Tracker (VCT; Huang et al., 2010) and Vegetation Regeneration 
and Disturbance Estimates through Time (VeRDET; Hughes et al., 2017). 
Furthermore, both LandTrendr and CCDC are being used operationally 
for large-area mapping and monitoring efforts (e.g., Brown et al., 2019; 
Kennedy et al., 2018a; Lister et al., 2020; Tarrio et al., 2019; Xian et al., 
2021; Zhu et al., 2016). Therefore, we anticipate continued increases in 
the use of these algorithms as well as their derivative products. 

With a growing user community, it is increasingly important to build 
a comprehensive understanding of the assumptions, advantages, and 
limitations of individual algorithms as well as differences across ap-
proaches (Zhu, 2017). In the case of LandTrendr and CCDC, both algo-
rithms partition time series of observations into sequences of modeled 
temporal segments, both can be used to produce annual land cover and 
land cover change map products, and both can generate smoothed or 
“synthetic” imagery. However, these algorithms fundamentally differ in 
their segmentation approaches, interpretation of the resulting model 
fits, and output datasets. Quantitative assessments using independent 
reference data for specific change detection applications have been 
addressed in other studies such as Cohen et al. (2017), who present a 
more comprehensive comparison of forest disturbance maps generated 
using different temporal segmentation approaches. In this paper, we use 
cases from previously published studies as well as illustrative, single- 
pixel examples to review key decisions in working with the Land-
Trendr and CCDC algorithms. This focused, in-depth perspective is 
intended to aid users in interpreting results and products and serve as an 
inroad for further comparisons with other temporal segmentation 
approaches. 

2. Overview of algorithms 

The LandTrendr and CCDC algorithms are both well-documented in 
previous publications (see Kennedy et al., 2012, 2010; Saxena et al., 
2018; Zhu and Woodcock, 2014), and code is available in open-source 
repositories (e.g., Table 1). Our objective here is not to revisit the me-
chanics of these mature and widely cited temporal segmentation algo-
rithms, but to review fundamental design choices and sensitivities to 
user-specified inputs. Specifically, we consider how LandTrendr and 
CCDC use the temporal domain for segmentation (Section 2.1), the in-
fluence of temporal and spectral inputs on model fitting (Sections 2.2 and 
2.3), and additional considerations in selecting parameter inputs (Sec-
tion 2.4). We also summarize key model outputs and derived data 
products (Section 2.5) and related visualization tools (Section 2.6). 

2.1. Use of the temporal domain 

Landscape change processes occur at many time scales and may 
include intra-annual (seasonal) changes in phenology and condition, as 
well as inter-annual processes such as abrupt shifts in land cover, long- 
term trends, and more complex disturbance-recovery trajectories 
(Coppin et al., 2004; Pasquarella et al., 2016; Vogelmann et al., 2016). 
The frequency of observations used to detect and model temporal dy-
namics directly influences the types of processes that can be character-
ized using time series of remotely sensed observations (Kennedy et al., 
2014). Though temporal segmentation methods can be generalized to 
any time series of continuous values, LandTrendr and CCDC were both 
originally developed to take advantage of the unparalleled temporal 
coverage of the Landsat record and both algorithms typically use full 
Landsat collections as inputs. However, there are notable differences in 
how they reduce and analyze an observation record for a given pixel. 

The LandTrendr approach is typically applied to time series data 
where one observation or value is selected to represent each year. 
Standard use of medoid composites is intended to minimize the influ-
ence of vegetation phenology, effectively controlling for seasonal vari-
ability prior to modeling temporal trajectories, and spectral values from 
different Landsat sensors are harmonized using transformations pro-
posed by Roy et al. (2016). LandTrendr segmentation interprets input 
time series as continuous piecewise trajectories, which are typically 
described in terms of “segments” and “vertices” (Fig. 1). Because 
LandTrendr segmentation is performed on time series with an annual 
time step, change processes are associated with a year of detection 
rather than a specific date (month/day) of change. 

In contrast, CCDC segmentation is typically performed using a time 
series of all clear observations. This approach attempts to detect change 
at the native frequency of the input time series such that changes can be 
associated with a particular acquisition date rather than a composite 
year. To explicitly account for intra-annual cyclic patterns in surface 
reflectance signals resulting from changes in illumination conditions, 
atmospheric conditions, and vegetation phenology, CCDC uses linear 
harmonic models that include sine and cosine terms. These harmonic 
terms eliminate the need to pre-specify a compositing period and pro-
vide a larger set of coefficients/features that can be used for segment- 
based classification (e.g., Pasquarella et al., 2018; Zhu et al., 2016; 
Zhu and Woodcock, 2014). Unlike LandTrendr fitting, where vertices 
represent shared segment start/end dates, CCDC fits input time series 
using a discontinuous piecewise model consisting of independent seg-
ments and “breaks,” where breaks correspond to discrete change events 
represented as jumps or offsets in the temporal trajectory (Fig. 1). In 
some cases, harmonic model fitting may be unstable because of the small 
numbers of observations used in fitting, leading to extended gap periods 
between CCDC model segments (Fig. 2). Forward- or back-filling of 
CCDC parameters from adjacent segments or use of a “disturbed” cate-
gory in segment-based classification can be applied to reconcile these 
gap periods. In comparison, LandTrendr will always produce a contin-
uous trajectory. 

Because both algorithms assume a simple linear relationship be-
tween time and reflectance (or other modeled value), they are well- 
suited for identifying periods of stability or relatively stable rates of 
change, and segments can be characterized in terms of direction of 
change (stable, loss or gain) and sorted in terms of change magnitude 
and duration. However, nonlinear dynamics, that is, periods with 
increasing, decreasing, or otherwise nonstationary rates of change, are 
more challenging to approximate using linear basis functions (Fig. 2). 
Thus, in addition to discrete events, such as abrupt disturbances and 
changes in land cover, breaks and vertices may more generally represent 
approximate points of inflection in the rate of the fitted trajectory. 

2.2. Temporal considerations 

Ability to fit temporal trajectories and identify disturbances and 

Table 1 
Examples of LandTrendr and CCDC implementations.  

Algorithm 
implementation 

Key 
publications 

Links to code 

Original 
LandTrendr 
implementation 

Kennedy 
et al., 2010 

https://github. 
com/KennedyResearch/LandTrendr-2012 

LandTrendr in 
Google Earth 
Engine 

Kennedy 
et al., 2018b 

https://github.com/eMapR/LT-GEE 

USGS LCMAP 
PyCCD 

Zhu et al., 
2016 Brown 
et al., 2019 
Xian et al., 
2021 

https://code.usgs.gov/lcmap/pyccd 

Global 
Environmental 
Remote Sensing 
Laboratory 
(GERSL) CCDC 

Zhu et al., 
2012 (v1.0) 
Zhu and 
Woodcock, 
2014 (v7.3) 

https://github.com/GERSL/CCDC (v12.3) 

GERSL COLD 
(COntinuous 
monitoring of 
Land 
Disturbance) 

Zhu et al., 
2020 

https://github.com/GERSL/COLD  
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other change processes is largely determined by the number of clear 
observations available for analysis at both scene and pixel levels (Ken-
nedy et al., 2014). Long-term satellite observation records like the 
Landsat archive vary both spatially and temporally because of clouds, 
shadows, snow/ice masking, scan line gaps, orbital path overlap, and 
image processing levels and archiving (Egorov et al., 2019; Wulder et al., 
2016). Thus, when performing temporal segmentation, users should 
always consider ecosystems and/or processes of interest and site-specific 
patterns in observation frequency, including regularly occurring sea-
sonal gaps (like those that occur in high latitudes because of low solar 
zenith angles) as well as periods of missing data corresponding to 
archival gaps, and adjust their choice of segmentation algorithm and 
algorithm-specific parameters accordingly. 

Because LandTrendr segmentation relies on a single observation or 
value per year, appropriate selection of compositing period start and end 

dates is critical, and “best available pixel” composites for regions of 
interest at high latitudes are more likely to encounter issues related to 
phenology, whereas composites for locations closer to the equator are 
more likely to encounter issues related to persistent cloud cover (Ban-
skota et al., 2014). Examples of compositing periods for previous studies 
using LandTrendr are provided in Table 2. Studies focused on Northern 
Hemisphere forest dynamics typically define the compositing period to 
approximate the growing season, with start dates in June or July and 
end dates in August or September (e.g., Frazier et al., 2015; Griffiths 
et al., 2012; Kennedy et al., 2010; Pflugmacher et al., 2012; Senf and 
Seidl, 2021). However, growing season start and end dates must be 
adjusted when considering vegetation dynamics in the Southern Hemi-
sphere (e.g., Mugiraneza et al., 2020; Nguyen et al., 2018). The 
compositing period may also be set to characterize finer-grained local 
seasonality (e.g., De Marzo et al., 2021; Gelabert et al., 2021) or 

Fig. 1. Examples of CCDC and LandTrendr inputs and segmentation results for a site in Maine, USA (45.4189◦, − 69.8050◦). This site was initially forested before 
undergoing disturbance events around 2002 and 2015–2016 that were each followed by periods of regrowth, as suggested by an increasing trend in Tasseled Cap 
Wetness (TCW). CCDC models were fit to all clear Landsat observations, resulting in two model breaks (dashed black lines) and three discrete segments characterized 
by different linear trends and seasonal harmonic amplitudes (solid blue lines). LandTrendr does not explicitly characterize seasonal variability, instead using seasonal 
compositing to control for phenological differences prior to segmentation. The LandTrendr segmentation result is based on medoid composites for June 10 to 
September 20 (Northern Hemisphere growing season), and includes five segments (solid red lines) and associated vertices (open black circles). 

Fig. 2. Examples of CCDC segments and breaks and LandTrendr trajectory and vertices. Left: Tasseled Cap Wetness (TCW) segmentation for a plantation forest that 
has experienced multiple harvest/disturbance events, South Carolina, USA (33.3253◦, − 79.6437◦). Right: TCW segmentation for an orchard in the Central Valley, 
California, USA (37.5298◦, − 120.9505◦) that was cleared around 2007. 
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Table 2 
Examples of studies using LandTrendr temporal segmentation, including process of interest, study area, temporal compositing period and years analyzed, and spectral 
or other time series inputs used for segmentation.  

Study Process Study area Temporal period Spectral inputs* 

Kennedy et al., 
2010 

Forest disturbance Pacific Northwest United States Mid-July to late August 1985–2007 TCW, NBR, NDVI 

Griffiths et al., 
2012 

Forest disturbance and recovery 
dynamics 

Central-eastern Romania Early June to mid-September 1984–2010 TCW 

Pflugmacher 
et al., 2012 

Disturbance history as a predictor 
of forest structural attributes 

Blue Mountains of eastern Oregon Mid-July and August 1972–2010 TCA 

Main-Knorn 
et al., 2013 

Biomass dynamics Beskid Mountains, Northwestern 
Carpathian Mountain Range, Europe 

29 June to 7 October (DOY 180–280), 1985–2010 Biomass 
predictions 

Frazier et al., 
2014 

Temporal trajectory metrics as a 
predictor of forest attributes 

Northeast British Columbia/southeast 
Yukon Territory, Canada 

Closest to 19 July (Julian day 200) anniversary 
date, 1984–2012, 

TCW 

Frazier et al., 
2015 

Forest disturbance and recovery 
processes 

Boreal Shield ecozone, Canada June, July, and August, target 19 July (Julian day 
200) anniversary date, 1985–2012 

TCW 

Grogan et al., 
2015 

Forest disturbance Cambodian–Vietnamese border Julian day 300 anniversary date, (±60 days for 
seasonal forest; beginning of May to end of April of 
the following year for evergreen forest), 1989–2013 

NDVI, NBR, TCW, 
TCB, TCA 

Meigs et al., 2015 Tree mortality due to mountain 
pine beetle and western spruce 
budworm outbreaks 

Oregon and Washington, United States Clearest pixel per year near the median date of each 
stack (generally August 1st), 1984–2012 

NBR 

Senf et al., 2015 Defoliator and bark beetle 
disturbances 

British Columbia, Canada ±30 days around 15 July 1990–2013 NBR 

Reilly et al., 2017 Fire extent and burn severity Oregon and Washington, United States Mid-July to late August 1985–2010 NBR 
Schneibel et al., 

2017 
Cultivation patterns and 
deforestation dynamics 

South-central Angola May to June 1989–2013 NBR 

Dara et al., 2018 Cropland abandonment and 
recultivation 

Northern Kazakhstan and border areas of 
Russia 

Annual time series, 1984–2016 Cropland 
probabilities 

Kennedy et al., 
2018a 

Forest biomass monitoring Western Cascades province of Oregon 
and a small part of California, United 
States 

1 July to 31 August 1990–2012 NBR, TCW, SWIR1 

Nguyen et al., 
2018 

Forest disturbance and recovery Victoria, Australia December to March (15 January anniversary date 
± 45 days), 1987–2016 

NBR 

Yang et al., 2018 Disturbance and recovery in surface 
mining areas 

Curragh Mine, Australia April to July 1988–2015 NDVI 

Yin et al., 2018 Agricultural land abandonment Georgia and the North Caucasian 
Federal District of Russia 

Annual time series, 1985–2015 Agricultural land 
probabilities 

Bright et al., 2019 Post-fire vegetation recovery Twelve named wildfire events in western 
North America that burned during the 
years 2000 to 2007 

1 June to 30 September 1984–2016 NBR 

Hislop et al., 
2019 

Forest disturbance Victoria, Australia First clear pixel closest to February 15, 1988–2017 NBR, NDVI, TCW 

Shimizu et al., 
2019b 

Classification of disturbance agents Bago Mountain Range, Myanmar 1 October to 31 January 1999–2018 TCB, TCG, TCW, 
TCA, NBR 

D. Tang et al., 
2019 

Forest disturbance China–Laos border February and March (Julian day 60 anniversary 
date), 1988–2016 

ARVI 

Xu et al., 2019 Conversion from vegetation to 
impervious surface 

City of Nanjing, Jiangsu Province, China 1 June to 30 September 1988–2018 NBR, NDVI, NDMI, 
Red, SWIR2 

Zhu et al., 2019 Croplands conversion Dongting Lake, China June to September 1998–2018 NDVI 
Mugiraneza et al., 

2020 
Land cover mapping Kigali, Rwanda 1 September to 30 June of the following year, 

1987–2019 
Red, SWIR1, NDVI, 
NDMI, TCG, TCW 

Rathnayake et al., 
2020 

Land use/land cover change Sri Lanka 1 January to 31 December 1991–2018 NBR, NDVI 

Vogeler et al., 
2020 

Forest disturbance characterization 
and change agent attribution 

Minnesota, United States 1 July to 9 September 1972–2019 TCB, TCG, TCW, 
TCA 

Xiao et al., 2020 Mining disturbances and land 
reclamation 

Shengli Coalfield, Inner Mongolia 1 January to 30 December 2003–2019 NDVI 

de Jong et al., 
2021 

Mangrove cover change Suriname coast 1 January to 31 December (annual), 2000–2018 NDVI 

De Marzo et al., 
2021 

Forest disturbance and degradation Dry Chaco, Northern Argentina May-July (dry season), February-April (pre-dry 
season) and August-October (post-dry season), 
1987–2017 

TCW, NBR, NDMI 

Gelabert et al., 
2021 

Secondary succession and woody 
encroachment in semi-natural 
grasslands 

Spanish side of the Pyrenees mountain 
range 

March-May (spring), June-August, (summer) 
September- November (autumn), 1984–2019 

TCB, TCG, TCW, 
TCA 

Murillo-Sandoval 
et al., 2021 

Land cover change Andes-Amazon, Colombia 1988–2019 NBR 

Rodman et al., 
2021 

Tree mortality due to wildfire and 
spruce beetle outbreaks 

San Juan Mountains, Southwestern 
Colorado, United States 

1 July to 30 September 1984–2019 NBR 

Senf and Seidl, 
2021 

Forest disturbance Continental Europe 1 June to 30 September, 1986–2016 SWIR1, SWIR2, 
TCW, NBR 

Ye et al., 2021 Gradual forest change in red soil 
areas 

Hengyang, Hunan Province, China 1 January to 31 December (annual), 1985–2019 DSVI 

* Spectral Index abbreviations: ARVI = Atmospherically Resistant Vegetation Index, DSVI = Disturbance Sensitive Vegetation Index, NBR = Normalized Burn Ratio, 
NDFI = Normalized Difference Forest Index, NDMI = Normalized Difference Moisture Index, NDVI = Normalized Difference Vegetation Index, TCA = Tasseled Cap 
Angle, TCB = Tasseled Cap Brightness, TCG = Tasseled Cap Greenness, TCW = Tasseled Cap Wetness. 
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extended to create a true annual composite based on all observations 
from a given year (e.g., de Jong et al., 2021; Rathnayake et al., 2020; 
Xiao et al., 2020; Ye et al., 2021). Both the number of fitted LandTrendr 
segments and timing of vertices can vary depending on how the 
compositing period is specified (Fig. 3). Therefore, users are encouraged 
to experiment with composite start and end dates for example sites prior 
to performing segmentation at landscape scales. In some cases, users 
might also consider modifying the compositing method. For example, 
maximum spectral values might be more useful than medoid composites 
in agricultural settings or other ecosystems where seasonal cycles are 
less regular. 

Although CCDC attempts to fit all available observations for a given 
pixel (Fig. 3), users must still consider how spatial and temporal vari-
ability in the frequency of observations may affect segmentation results. 
Examples of time periods used in previous studies employing the CCDC 
segmentation approach are shown in Table 3. Because CCDC identifies 
break points based on the consecutive number of observations that 
deviate from the predicted trajectory of the current segment, when there 
are long periods of missing data (e.g., full years with no observations), 
there will be a greater tendency to find breaks after these periods, 
resulting in an artificially inflated number of changes associated with 
post-gap acquisition dates. In these cases, users may choose to remove 

Fig. 3. Comparison of LandTrendr trajectories for different compositing periods and CCDC segmentation results for (a) forest disturbance in Maine, USA (45.4189◦, 
− 69.8050◦), and (b) agricultural expansion as part of the Sharq El Owainat project, south-western Egypt (22.7799◦, 28.5386◦). Results are visualized using Tasseled 
Cap Wetness (TCW) for (a) and Tasseled Cap Greenness (TCG) for (b). Both algorithms are relatively consistent in identifying the timing of the initial change in cover 
for both sites, with the exception of the October-December period for the Egypt example, where no breaks are identified. Note how the number and placement of 
subsequent LandTrendr vertices varies depending on the compositing period while only a single result is obtained for CCDC since the CCDC approach uses all 
available observations and does not require users to specify a compositing period. 
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years with sparse acquisition records from analysis (e.g., Arévalo et al., 
2020b). Similarly, increases in the frequency of observations results in a 
shorter period of time needed to flag a change. For example, Brown 
et al., (2019) found that when running CCDC on Landsat Analysis Ready 
Data (Dwyer et al., 2018; Egorov et al., 2019), change detection rates 
increased in orbital path overlap (sidelap) zones and during periods 
when multiple satellites are in operation, such as from April 1999 to 
November 2011 when Landsats 5 and 7 were both in operation. These 
effects were mitigated by dynamically adjusting the number of obser-
vations needed to detect a change; however, this custom modification 
has not been incorporated into all versions of CCDC and is not currently 
available in the Earth Engine implementation. Thus, Earth Engine users 
working with merged Landsat collections across larger study areas 
spanning multiple scenes should consider spatial and temporal in-
consistencies and may want to apply additional filters on path overlaps 
and row endlaps or run separate models for individual scene-based 
image stacks. Changes in observation density and irregularity also 
affect the use of harmonic regression models for time series recon-
struction (i.e., generating synthetic images), and a data density of at 
least seven observations per year is recommended for Landsat time se-
ries analysis (Zhang et al., 2021). 

Another important set of considerations for temporal segmentation 
are the time series start and end dates and length of time series being 
segmented. LandTrendr is considered an “offline” approach in that the 
full series of composited values is used to determine the optimal set of 

segments and vertices (Zhu, 2017). The user must specify the maximum 
number of segments to use in model fitting, and changing the time series 
start and end dates can affect the trajectory fitting and timing of vertices 
(Fig. 4). Changing the number of segments used for fitting can also result 
in differences in fitted trajectories, and it is generally advisable to in-
crease the number of allowable segments in studies of frequently 
disturbed landscapes. Number of segments should also generally be 
increased relative to the length of time series records to account for 
increasing likelihood of multiple disturbance events occurring over 
longer time periods. 

Unlike LandTrendr, CCDC employs an “online” approach to seg-
mentation such that observations are considered in an iterative, 
forward-looking manner when determining the placement of breaks 
(Zhu, 2017). As a result, CCDC models are sensitive to values at the 
beginning of fitting periods, and stability tests are included in the fitting 
procedure to encourage more stable model initialization (Zhu et al., 
2020). Changing the start year of input time series can significantly 
influence the timing of breaks as well as the fit of harmonic segments, 
especially if monitoring begins during a relatively unstable period (e.g., 
Fig. 4). CCDC segmentation results may also change as new dates of 
imagery are added to update time series and results, with longer CCDC 
segments based on greater numbers of observations and strong temporal 
signatures tending to be more robust to the addition of new 
observations. 

Table 3 
Examples of studies using CCDC and CCDC-like temporal segmentation, including process of interest, study area, use of the temporal domain, and spectral inputs used 
for break detection.  

Study Process Study area Temporal period Spectral inputs* 

Zhu and 
Woodcock, 
2014 

Land cover change Coastal New England, United 
States 

All available imagery < 80% cloud cover, 1982–2011 Blue, Green, Red, NIR, SWIR1, 
SWIR2, Brightness Temperature 

Fu and Weng, 
2016 

Land use/land cover change, 
urbanization 

Atlanta metropolitan area, 
Georgia, United States 

All available imagery < 90% cloud cover, 1984–2011 Surface reflectance, Brightness 
Temperature, NDVI 

Sulla-Menashe 
et al., 2016** 

Forest response to climate 
change 

Boreal forests east of Canadian 
Rockies 

All available imagery, 1984–2011 Not specified 

Awty-Carroll 
et al., 2019a 

Mangrove dynamics The Sundarbans, Bangladesh/ 
India 

All available imagery, January 1988 to June 2018 Green, Red, NIR, SWIR1, SWIR2 

Shimizu et al., 
2019a** 

Changes in tropical forest (S1 
fusion) 

Bago region, Central Myanmar All Landsat 8 imagery < 70% cloud cover and 
Sentinel-1 imagery in IW mode (ascending and 
descending), 2014–2018 

TCB, TCG, TCW, TCA, NBR 
(L8); VV, VH (S1) 

X. Tang et al., 
2019 

Near-real-time change 
detection (NRT-CCDC) 

Amazon Basin, Pará and 
Rondônia in Brazil and Southern 
Colombia 

Daily 250 m NDVI data, view zenith angle < 35 
degrees, 2013–2015 

NDVI 

Brown et al., 
2019 

Land cover classification and 
change (LCMAP) 

Select sites across conterminous 
United State 

USGS Analysis Ready Data (ARD), 1985–2017 Green, Red, NIR, SWIR1, SWIR2 

Arévalo et al., 
2020b 

Land change and post- 
disturbance recovery 

Colombian Amazon All available imagery < 80% cloud cover, 1997–2016 Blue, Green, Red, NIR, SWIR1, 
SWIR2 

Berhane et al., 
2020 

Land use/land cover change Midwestern United States All available imagery < 80% cloud cover, 1982–2017 Blue, Red, Green, NIR, SWIR1, 
SWIR2, Brightness Temperature 

Bullock et al., 
2020a 

Land cover and condition 
change 

Selected sites across 
conterminous United States 

All available imagery, 1984–2015 Blue, Green, Red, NIR, SWIR1, 
SWIR2 

Bullock et al., 
2020b* 

Deforestation and forest 
degradation 

Rondônia, Western Brazil All available imagery, 1990–2013 GV, NPV, Soil, and Shade 
endmembers; NDFI 

Deng and Zhu, 
2020 

Subpixel changes in urban 
impervious surfaces 

Broome County, New York, 
United States 

All available imagery < 20% cloud cover, 2000–2014 Blue, Green, Red, NIR, SWIR1, 
SWIR2 

Guan et al., 2020 Urbanization and 
improvements from BRDF 
correction 

Tianjin, China All available imagery < 80% cloud cover, 1985–2018 Blue, Green, Red, NIR, SWIR1, 
SWIR2, Brightness Temperature 

Chen et al., 2021 Deforestation and forest 
degradation (CCDC-SMA) 

Country of Georgia All available imagery (original bands), day 150 to 
day 300 (endmembers), 1987–2019 

Blue, Green, Red, NIR, SWIR1, 
SWIR2; 
GV, NPV, Soil, and Shade 
endmembers; NDFI 

Yu et al., 2021 Urban vegetation dynamics Shenzhen megacity, southern 
China 

All available imagery, 2000–2020 EVI 

Xu et al., 2021 Citrus planting dynamics Xunwu County, Jiangxi Province, 
China 

All available imagery, 1986–2018 Blue, Green, Red, NIR, SWIR1, 
SWIR2, NDVI, NBR, NDFI 

* Spectral Index abbreviations: GV = Green Vegetation endmember, NDVI = Normalized Difference Vegetation Index, NDFI = Normalized Difference Fraction Index, 
NPV = Non-Photosynthetic Vegetation endmember, TCA = Tasseled Cap Angle, TCB = Tasseled Cap Brightness, TCG = Tasseled Cap Greenness, TCW = Tasseled Cap 
Wetness. 
** Use simplified CCDC-like harmonic modeling approaches. 
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2.3. Use of the spectral domain 

Another fundamental consideration when performing temporal 
segmentation is the choice of spectral inputs. When applied to Landsat 
time series, typical inputs include surface reflectance and brightness 
temperature measurements (i.e., Landsat bands) and multi-spectral 
indices and transforms, though time series from other sensors and of 

other continuous values such as classification probabilities or climatic 
variables can also be used. 

LandTrendr was designed as a univariate model, where only one 
band, index, or feature is used in segmentation. It is important that users 
select an input that best captures the change process of interest (see 
Table 2 for examples). The original LandTrendr implementation (Ken-
nedy et al., 2010) was tested using the Normalized Burn Ratio (NBR), 

Fig. 4. Segmentation results for different periods for an example of forest regeneration in Colombia (1.3808◦, − 71.8826◦). Changing the start year resulted in fewer 
segments and although all models identified a change around 2005, the slope and amplitude of the preceding CCDC segment (2000–2005) differed from the 
comparable time period for the 1985–2020 model. The LandTrendr segments also show slight differences in their rates of change. 

Fig. 5. CCDC and LandTrendr temporal segmentation results for the Normalized Burn Ratio (NBR), the Normalized Difference Vegetation Index (NDVI), and Tasseled 
Cap Wetness (TCW) for the same Maine, USA, site shown in Fig. 1 (45.4189◦, − 69.8050◦). CCDC models were fit in a multi-spectral context, resulting in break 
information that is shared across input features/bands, as illustrated by the consistent number of segments and locations of breaks in CCDC results. In contrast, the 
LandTrendr algorithm is univariate, with segmentation performed on a single band, index, or other continuous value, resulting in different numbers of segments and 
placement of vertices, depending on the input. 
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Tasseled Cap Wetness (TCW), and the Normalized Difference Vegetation 
Index (NDVI), and these indices remain common choices (Table 2). 
Comparisons by Cohen et al. (2020) and Cohen et al. (2018) suggest that 
SWIR-based features tend to exhibit the strongest performance for forest 
disturbance detection in a univariate context, with TCW having the 
lowest overall error rates. Given the sensitivity of NDVI to vegetation 
cover, NDVI time series have also been employed in studies using 
LandTrendr to characterize mining disturbances (Xiao et al., 2020; Yang 
et al., 2018), cropland conversion (Zhu et al., 2019) and more general 
land cover change (Rathnayake et al., 2020); however, NDVI is known to 
be sensitive to soil background and atmospheric effects as well. Time 
series of Tasseled Cap Angle (TCA), which characterizes percent vege-
tation cover based on the arctangent of the TCG-TCB ratio, can be a 
useful transform when incorporating Landsat MSS data into the time 
series record, as the MSS sensor does not include SWIR bands (Pflug-
macher et al., 2012). LandTrendr has also been effectively applied to 
annual time series of other continuous biophysical variables such as 
biomass time series (Main-Knorn et al., 2013) and cropland and agri-
cultural land classification probabilities (Dara et al., 2018; Yin et al., 
2018). 

Assuming a univariate relationship between the change processes of 
interest and the time series of observed values simplifies interpretation 
of the results of the segmentation process, and vertices can be applied to 
other bands/indices such that the timing of changes remains consistent 
across multiple input features. Extending segmentation results to other 
bands also enables generation of smoothed values that can be used for 
multispectral classification. However, different inputs may produce 
different trajectories (Fig. 5), and leveraging relationships between 
these results requires additional post-processing, such as secondary 
classification or “stacking” methods (Cohen et al., 2020, 2018; Healey 
et al., 2018). 

While CCDC can be configured for single-band change detection (e. 
g., Yu et al., 2021), CCDC segmentation is typically performed using 
multiple spectral bands or indices and univariate tests for each band are 
combined in order to identify breaks. By considering change in a multi- 
spectral context, CCDC is less sensitive to individual inputs and break 
detection is consistent across inputs and derived indices (Fig. 5). In most 
cases, CCDC is run on surface reflectance inputs with the Blue band 
(4.5–5.2 nm) omitted due to strong atmospheric influence (Table 3). 
CCDC has also been run on derived indices, such as the Normalized 
Difference Fraction Index (NDFI), which uses an endmember-based 
unmixing approach to provide enhanced information on fractional 
cover (Bullock et al., 2020b; Chen et al., 2021), and has been applied to 
time series from other sensors, such as dual-polarized radar inputs from 
Sentinel-1 (Shimizu et al., 2019a) and MODIS NDVI (X. Tang et al., 
2019). However, when multiple inputs contribute to the change detec-
tion process, interpretation of CCDC segmentation results can be less 
straightforward than those from univariate LandTrendr models. 
Furthermore, while including harmonic terms at several frequencies and 
employing a regularization approach enables flexibility and general-
ization in model fitting, it is important to consider whether temporal 
patterns in the observation record are well-represented using CCDC’s 
inherently cyclic model formulation. For example, Cohen et al. (2020) 
found that COLD, which uses a very similar modeling and break detec-
tion approach as CCDC, tended to show a greater reliance on NIR-based 
indices than LandTrendr for forest disturbance detection, potentially 
due to improved characterization of forest phenology from all available 
observations using harmonic models. 

2.4. Additional model parameterization 

In addition to spectral and temporal attributes of time series inputs, 
LandTrendr and CCDC have a number of other tunable parameters (see 
Tables 4 and 5 for default parameter values for Earth Engine and other 
key reference implementations). Although both algorithms are generally 
robust to small parameterization changes, different combinations of 

parameters can produce different segmentation results and parameter 
values are often selected using example sites prior to scaling to a full 
study area. For example, in developing a monitoring system to charac-
terize changes in biomass in the Pacific Northwest, Kennedy et al. 
(2018a) developed three LandTrendr parameterizations for SWIR1, 
TCW, and NBR, with best model proportion and p-value parameters 
increased when using SWIR1 and fewer segments used for TCW. When 
working with CCDC, the number of observations required to flag a 
change and the chi-square probability threshold for change detection are 
perhaps the most critical parameters to be tuned. For example, Brown 
et al. (2019) dynamically adjusted the consecutive observations 
parameter based on frequency of time series inputs, whereas Cohen et al. 
(2020) decreased the chi-square probability from 0.99 to 0.90 to better 
tolerate commission errors. 

Other studies have included more formal sensitivity analyses to 
optimize segmentation results. For example, Xu et al. (2019) used a 
parametric tuning approach to systematically select a set of optimal 
parameters for LandTrendr segmentation and post-processing, and 
found the greatest variability in values for spikeThreshold, vertex-
CountOvershoot, recoveryThreshold, and bestModelProportion across 
different spectral inputs, specifically NBR, NDVI, NDMI, the Red band, 
and the SWIR1 band. In the CCDC context, Awty-Carroll et al. (2019b) 
used a manual interpretation of model results to select a value for the 
lambda parameter and found that a value of 1 (rather than the default of 
20) worked best for their use case. 

Unless otherwise noted, the examples presented in this paper were 
generated using the Earth Engine default parameters, with two notable 
exceptions. First, the LandTrendr default best model proportion was 
decreased from 1.25 (Table 4) to 0.75, as the former typically produced 
very poor results and the latter is more consistent with most published 
case studies. Second, because we worked with scaled surface reflectance 
values that were divided by 10000, we also re-scaled our CCDC lambda 
parameter from 20 (Table 5) to 0.002. 

2.5. Outputs and data products 

Whereas visualizing segmentation results for individual pixels is 
essential for understanding spectral-temporal relationships and param-
eterizing algorithms to detect change processes of interest, development 
of spatial products is typically the goal for most temporal segmentation 
analyses. The LandTrendr and CCDC temporal segmentation functions 
available in Google Earth Engine and from other sources (Table 1) 
operate on a per-pixel basis and typically generate outputs in the form of 
array images. Unlike conventional rasters that store only one value or 
observation per band, array images can contain multi-dimensional ar-
rays of values for each pixel, enabling more complex indexing of the 
spectral-temporal domain. This format lends itself well to temporal 
segmentation where multi-spectral segment and vertex/break informa-
tion must be stored for each pixel. For example, CCDC stores the 
following information per pixel: (a) segment start and end dates and 
dates of detected breaks, (b) number of observations per segment, (c) 
change probability per detected change, (d) CCDC coefficients corre-
sponding to intercept, slope and pairs of harmonic sine and cosine terms 
by number of temporal segments, (e) Root Mean Square Error (RMSE) of 
each temporal segment for each input spectral band, and (f) magnitude 
of change for each input band. Similarly, the output from the Land-
Trendr algorithm consists of: (a) the year of observations, (b) the source 
value of observations, (c) the source value of observations fitted to 
segment lines between vertices (Fit-To-Vertex, or FTV), (d) a Boolean 
indicator for whether an observation is considered a segmentation ver-
tex, (e) the RMSE of the FTV values, relative to the source values, and (f) 
complete time series FTV values for additional bands in the collection 
greater than band 1. 

To summarize information and generate more standard map prod-
ucts, array images are subset or “sliced” in the temporal domain to 
extract segment, vertex, and break attributes that can be sorted and 
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combined in a variety of ways. Although variable-length CCDC arrays 
are inherently more complex than LandTrendr arrays, which are struc-
tured in terms of number of years, both can be used to produce very 
similar products (Table 6). For example, both algorithms can be used to 
map the time of first, last and/or largest change over a specified time 
horizon and provide information on the magnitude of change between 
two segments (Fig. 6). Both also provide RMSE as a metric of model fit, 
and segmentation results can be used to generate “synthetic” or fitted 
spectral values that are essentially smoothed in the temporal domain. 
These synthetic images can be used in place of observed imagery or 
composites for change detection and/or land cover classification (e.g., 
Healey et al., 2018; Kennedy et al., 2018a). CCDC segmentation outputs 

a set of regression coefficients that can also be used for classification of 
segments and/or specific time periods (e.g., Brown et al., 2019; Pas-
quarella et al., 2018; Xian et al., 2021). Additional attributes that can be 
derived from LandTrendr segmentation results include segment dura-
tion and rate of change, pre-change FTV, and a Change Signal-to-Noise 
Ratio (CSNR), previously referred to as the Disturbance Signal-to-Noise 
Ratio (DNSR), which is calculated by dividing the change signal by the 
plot-level noise estimated by the model RMSE (Cohen et al., 2018). 

2.6. Tools and visualization 

The availability of LandTrendr and CCDC functions in Google Earth 
Engine has enabled the development of new tools that facilitate running 
these algorithms and interacting with their outputs. Graphical user in-
terfaces for plotting time series and LandTrendr fitted data and mapping 
disturbances and visualizing change are available in the UI Applications 
section of the LT-GEE Guide (emapr.github.io/LT-GEE/). Current tools 
include Pixel Time Series Plotter, Change Mapper, Fitted Index Delta 
RGB Mapper, and Time Series Animator interfaces, as well as example 
scripts for producing maps of vegetation distance, gain, and loss. Simi-
larly, a set of new interactive tools to run and visualize time series of 
CCDC fitted results, create maps of CCDC coefficients (including trans-
forms such as phase and amplitude) and predicted images, and create 
land cover and change maps are described in Arévalo et al. (2020a). 
Both sets of tools also offer their own application programming interface 
(API) functionality that allows users more flexibility to interact with the 
algorithm outputs. 

To facilitate comparisons like those shown in this study, we have also 
developed a tool to visualize and compare segmentation results from 
LandTrendr and CCDC (see Supplemental materials). This tool runs both 
algorithms on Landsat time series for the same pixel, allowing users to 
interactively adjust inputs and parameters and view segmentation re-
sults. As implementations of CCDC, LandTrendr, and other temporal 
segmentation algorithms continue to mature, visualization and other 
pre- and post-processing toolkits will be essential for facilitating adop-
tion by broader remote sensing and applications communities and 
building a deeper understanding of best practices in terms of use cases 
and parameterization choices. 

3. Discussion and conclusions 

When selecting among a growing suite of temporal segmentation 
algorithms, users must consider the variety and complexity of land cover 
change processes of interest, including their temporal duration and ex-
pected spectral-temporal trajectories. Though LandTrendr and CCDC are 
both designed to automate extraction of reflectance characteristics and 
change event information from time series of satellite imagery, these 
methods are distinct in their use of the spectral and temporal domains, 
fitting approaches, and attributes of segmentation results. Both algo-
rithms assume that a sequence of linear models can be used to identify 
and quantify periods of stability and change in surface properties, and 
both rely on the availability of sufficient high-quality measurements to 

Table 4 
LandTrendr parameters for reference implementations.  

Input* Type Earth Engine default Kennedy et al. (2010) Kennedy et al. (2018a,b) 

timeSeries ImageCollection user-specified NBR, NDVI, TCW NBR 
maxSegments Integer user-specified 4, 5, 6 6 
spikeThreshold (“desawtooth val”) Float 0.9 1.0, 0.9, 0.75 0.9 
vertexCountOvershoot Integer 3 0, 3 3 
preventOneYearRecovery Boolean false n/a n/a 
recoveryThreshold Float 0.25 1, 0.5, 0 25 0.25 
pvalThreshold Float 0.1 0.05, 0.1, 0.2 0.05 
bestModelProportion Float 1.25 n/a 0.75 
minObservationsNeeded (“minneeded”) Integer 6 n/a 6 

*See Kennedy et al. (2010) and https://developers.google.com/earth-engine/apidocs/ee-algorithms-temporalsegmentation-landtrendr for parameter descriptions. 

Table 5 
CCDC parameters for reference implementations.  

Input* Type Earth Engine 
default 

CCDC Version 
12.3 

collection ImageCollection user-specified user-specified 
breakpointBands List null (if unspecified, 

all bands are used) 
Green, Red, 
NIR, SWIR1, 
SWIR2 

tmaskBands List null (if unspecified, 
Tmask not used) 

Green, SWIR1 

minObservations Integer 6 6 
chiSquareProbability Float 0.99 0.99 
minNumOfYearsScaler Float 1.33 1 
dateFormat Integer 0 (jDays) Julian date 
lambda Float 20 20 
maxIterations Integer 25,000 1000 

* See https://developers.google.com/earth-engine/apidocs/ee-algorithms-te 
mporalsegmentation-ccdc for parameter descriptions. 

Table 6 
Examples of map products that can be generated from the outputs of LandTrendr 
and CCDC segmentation.  

Product 
category 

LandTrendr products CCDC products 

Timing and 
frequency of 
change 

Year of detection (first, last, 
largest); number of changes 

Date of change (first, last, 
largest); number of changes 

Magnitude Magnitude of spectral change 
calculated as the spectral 
distance between vertices 

Magnitude of spectral change 
calculated as the spectral 
difference between end and 
start points of adjacent 
segments 

Model fit 
assessment 

RMSE of fitted temporal 
segment (composite 
observations to fitted values) 

RMSE of fitted temporal 
segments (all observations to 
fitted values) 

Predicted image Fitted values at an annual time 
step; fit-to-vertex result 
includes multi-band output 

Synthetic image predicted for a 
specific date from segment 
coefficients 

Additional 
segment 
attributes 

Duration, rate of spectral 
change, pre-change value, 
Change Signal-to-Noise Ratio 
(CSNR, previously DNSR) 

Intercept, slope, sine/cosine 
coefficients  
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characterize patterns and processes of interest. LandTrendr typically 
uses univariate time series reduced to an annual time step to generate 
continuous reflectance trajectories, whereas CCDC uses all clear obser-
vations across multiple spectral bands or indices to perform break 
detection and characterize seasonal variability within segments. A 
summary of key comparisons is provided in Table 7. 

Some important considerations for potential users can be broadly 
described in terms of scalability, sensitivity, reproducibility, and accu-
racy of algorithms and outputs. Although both the LandTrendr and 
CCDC algorithms can now be run in Google Earth Engine, users still face 
notable trade-offs balancing the precision of information generated by 
the segmentation process and associated storage and runtime. Land-
Trendr is less computationally intensive than CCDC and can be applied 
over large areas with relative ease. CCDC is arguably less scalable 
because of larger computing and storage requirements, and generating 
CCDC results at national and continental scales may remain prohibitive 
for most users. However, CCDC segmentation results include informa-
tion on seasonal dynamics as well as more precision in estimating the 
timing of disturbances and other land cover changes that may be critical 
for some mapping and monitoring applications. For example, Land-
Trendr is well suited to providing yearly disturbance estimates, but if 
sub-yearly information is critical, then CCDC is likely a better choice, 
assuming a sufficient number of high quality observations are available 
for the time period(s) of interest. 

Users should also consider the sensitivity of the LandTrendr and 
CCDC algorithms with regard to inputs and parameters. LandTrendr 
users must make informed choices regarding compositing period and 
individual spectral indices used for segmentation, and small changes in 
spectral inputs and key parameters can substantially impact segmenta-
tion results. To optimize fitting for particular regions, ecosystems, and 
change processes, LandTrendr parameter testing is recommended to 
calibrate inputs and model settings. CCDC users may also adjust a 
number of model specifications, including input bands used for seg-
mentation and regression tuning parameters, and an exploratory cali-
bration phase is also highly recommended. As a multivariate model that 

uses all available observations, the CCDC approach is generally not as 
sensitive to inputs and small parameter changes as LandTrendr; how-
ever, CCDC’s iterative fitting and change detection approach is more 
sensitive to initial conditions and changes in observation frequency. 

Sensitivity of segmentation results to spectral and temporal inputs 
and parameterization choices also plays an important role in repro-
ducibility. Because temporal segmentation is highly dependent on a 
number of user-specified decisions and a given result represents just one 
of potentially many possible outcomes, thorough documentation of al-
gorithm inputs is essential for ensuring reproducibility of results. Users, 
particularly those working with Earth Engine implementations, are 
therefore encouraged to provide complete details on not only spectral 
and temporal properties of image inputs, but also parameter values and 
any post-processing decisions. As image archives continue to be updated 
with new acquisitions, there will also be unprecedented opportunities to 
revisit previous temporal segmentation studies and establish best prac-
tices for updating and improving results. 

A final point of consideration involves the accuracies of disturbance 
maps generated from CCDC and LandTrendr. CCDC and LandTrendr 
fundamentally differ in their modeling approaches, and therefore users 
should expect to see differences in resulting land cover and change 
products. CCDC is well suited for detecting high-magnitude disturbances 
and land cover changes with minimal tuning across diverse land cover 
types. However, it has been found to be less suitable for detecting more 
gradual land cover transitions that are not associated with a distinct 
disturbance event, such as insect disturbances, partial/selective har-
vests, and vegetation regrowth (Cohen et al., 2017), though modifica-
tions to the core CCDC approach such as COLD (COntinuous monitoring 
of Land Disturbance) can improve detecting such transitions (Zhu et al., 
2020). LandTrendr targets both discrete and gradual trends and can be 
fine-tuned to specific processes of interest. Multi-spectral ensembles that 
combine information from multiple LandTrendr runs can also be used to 
produce more robust change detection results (Cohen et al., 2018; De 
Marzo et al., 2021). 

Continued maturation of temporal segmentation algorithms and 

Fig. 6. Examples of LandTrendr and CCDC map products for a 5 km × 5 km site in Maine, USA. Top row shows results in terms of year of greatest change, with CCDC 
timing of break (‘tbreak’) maps including both positive and negative changes, whereas LandTrendr year of detection (‘yod’) results are separated in terms of greatest 
loss and greatest gain. Bottom row shows the associated magnitude of change (‘mag’) results in Tasseled Cap Wetness (TCW), and a high-resolution reference image is 
shown at left with a white point at the center of the image to indicate the example pixel used in Figs. 1, 3, and 5. 
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their implementations has also resulted in opportunities to improve 
segmentation outputs by combining desirable features of each segmen-
tation algorithm. For example, a version of the F-statistic test used by 
LandTrendr has been integrated as a post-processing step for CCDC re-
sults. In this “commission test,” breaks that do not significantly improve 
model fit are eliminated from CCDC change results, resulting in 
improved land cover and land cover change products (Bullock et al., 
2020a). Alternatively, harmonic features can be estimated using fixed 
window time series (e.g., Adams et al., 2020; Wilson et al., 2018), and 
associated regression coefficients may be used as inputs to or in 
conjunction with LandTrendr segmentation results to provide additional 
information on more complex phenological cycles. Combinations of 
output maps generated with different algorithms and/or parameteriza-
tion can also be leveraged to improve the quality of change detection 
results, and map-to-map comparisons (e.g., Cohen et al., 2017) and 
other ensembling approaches (Cohen et al., 2020; Healey et al., 2018; 
Hislop et al., 2019) provide new insights into the relative strengths and 
weaknesses of segmentation approaches for specific applications. 
However, ensemble approaches inherently require greater computa-
tional resources and data storage, and more rigorous assessment of 
tradeoffs between gains in accuracy and model complexity and inter-
pretability represents an important direction for future research. 

With a growing number of temporal segmentation algorithms now 
implemented natively in Google Earth Engine and being made available 
by the Earth Engine user community (e.g., Hamunyela et al., 2020), 
there are new opportunities to test these algorithms individually and in 
combination for a diverse array of possible applications. By having 
centralized code repositories and tools paired with versioned image 

collections available in a cloud-computing environment like Google 
Earth Engine, the effectiveness of different algorithms for detecting 
different types of change processes occurring in different types of eco-
systems/landscapes can be more formally tested and best practices for 
selecting and parameterizing different algorithms for specific types of 
mapping and monitoring can be developed. Furthermore, users will 
increasingly have a choice between running temporal segmentation and 
other image pre- and post-processing algorithms themselves or devel-
oping applications on top of existing results and other “analysis-ready” 
feature sets and products. As existing cloud-based datasets and analysis 
tools continue to mature and evolve and new datasets and tools become 
available, ongoing comparison of conceptual and methodological dif-
ferences, such as the CCDC-LandTrendr comparison presented here, will 
be essential for both informed use and future development of image 
processing algorithms and their associated products. 
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Table 7 
Summary of key characteristics for LandTrendr and CCDC.   

LandTrendr CCDC 

Full name Landsat-based detection of 
Trends in Disturbance and 
Recovery 

Continuous Change Detection 
and Classification 

Segmentation 
inputs 

Annual observations or 
composites 

All high-quality observations 

Use of spectral 
domain 

Univariate; segmentation 
based on one band or index 

Multi-spectral; multiple input 
bands or indices considered in 
change detection 

Model description Linear regression-based 
vertex identification and 
selection used to model 
spectral-temporal trajectory 

Harmonic regression used to 
model seasonality, trend, and 
breaks; Least Absolute 
Shrinkage and Selection 
Operator (LASSO) by default 

Model structure Continuous series of 
segments and vertices 
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Monitoring 
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Interpretation Vertices indicate change in 
spectral trajectory; segments 
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Breaks represent land cover 
or condition change; 
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Visualization & 
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LandTrendr UI Tools (emapr. 
github.io/LT-GEE/) 

CCDC User Interface (UI) 
Tools (Arévalo et al., 2020a) 

Smoothed/ 
synthetic 
imagery 
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trajectory, annual time step 

Predicted reflectance values 
for Julian date 

Temporal 
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phenology. Best suited for 
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imagery. 

Requires at least 12 
observations for basic 4-term 
harmonic model; suggest at 
least 3 observations per 
additional coefficient. Better 
suited for study areas/time 
periods with dense 
observation records. 

Relative 
computational 
requirements 

Less compute/memory- 
intensive 

More compute/memory- 
intensive  
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