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Abstract: Satellite time-series data are bolstering global change research, but their use to elucidate
land surface or vegetation dynamics is sensitive to algorithmic choices. Different algorithms often
give inconsistent or sometimes conflicting interpretations of the same data. This lack of consensus
has adverse implications and can be mitigated via ensemble modeling, an algorithmic paradigm that
combines many competing models rather than choosing only a single “best” model. Here we report
one such time-series decomposition algorithm for deriving nonlinear ecosystem dynamics across
multiple timescales— A Bayesian Estimator of Abrupt change, Seasonal change, and Trend
(BEAST). As an ensemble algorithm, BEAST quantifies the relative usefulness of individual
decomposition models, leveraging all the models via Bayesian model averaging. We tested it upon
simulated, Landsat, and MODIS data. BEAST reliably detected changepoints, seasonality, and trends
in the data; it derived realistic nonlinear trend signals and credible uncertainty measures (e.g.,
occurrence probability of changepoints over time) —some information difficult to derive by
conventional single-best-model algorithms but critical for interpretation of ecosystem dynamics and
detection of low-magnitude disturbances. The combination of many models enabled BEAST to
alleviate model misspecification, address algorithmic uncertainty, and reduce overfitting. BEAST is
generically applicable to time-series data of all kinds, serving to improve robustness in uncovering
true time-series dynamics. It offers a new analytical option for changepoint detection and nonlinear
trend analysis and will help exploit environmental time-series data for probing patterns and drivers of
ecosystem dynamics.

Keywords: Changepoint; Bayesian changepoint detection; Disturbance ecology; Breakpoint; Trend

analysis; Time series decomposition; Bayesian model averaging; Disturbances; Nonlinear dynamics; Regime

shift
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1. Introduction

Ecosystems are changing constantly, driven by natural forcings and human activities in
complex ways. Disentangling the complexity to build predictive biospheric sciences is a defining
theme of global change research (Franklin et al. 2016)—a goal hard to attain without reliable
capabilities of monitoring lands over time (Peztorelli et al. 2014; Su et al. 2016, Zhao and Jackson 2014).
To date, such spatiotemporal data come primarily from satellites (Hu et al. 2017; Jetz et al. 2016).
Satellite time-series data, such as decades of Landsat, MODIS, or AVHRR imagery, have proven
particularly valuable for elucidating patterns and drivers of land and ecosystem dynamics (Hawbaker
etal. 2017; Li et al. 2018; Zhu and Woodcock 2014).

Despite existing successes in satellite time-series analyses, challenges remain. A notable issue
pertains to the diverging findings from the use of satellite data in addressing the same problem. For
example, there is controversy regarding how the Amazon forests respond to basin-wide droughts;
some satellite analyses suggested a green-up but others not (Huete et al. 2006; Samanta et al. 2010).
Inconsistencies like this are attributed partly to different algorithms and perspectives taken for data
processing and analysis (Liu et al. 2018; Shen 2011; Tewkesbury et al. 2015). A preponderance of
satellite time-series analyses take a statistical modeling perspective, seeking a so-called best model out
of many candidates to decompose time series into vegetation dynamics such as trends and abrupt
changes (Cai et al. 2017; Jonsson and Eklundh 2002). This single-best-model paradigm is broadly
embraced by practitioners (Powell et al. 2010; Zhao et al. 2018), but its use for seeking mechanistic
understandings of ecosystems is not necessarily safe (Chen et al. 2014; Grossman et al. 1996).

Mechanistic interpretations of time-series data are sensitive to choices of statistical
algorithms or models. When fitting a linear model to decades of AVHRR data, a greening trend in
vegetation was inferred and was attributed to global warming (Myneni et al. 1997). If using a piecewise

linear model with one changepoint instead, a greening was observed only for the first period whereas
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a browning for the second, generating new explanations of climate-biosphere interactions (Wang et al.
2011). If piecewise models with multiple changepoints were fitted, the conclusion would change
again, giving alternative speculations on drivers of ecosystem changes (Jong et al. 2012). Similar
studies with diverging findings abound (Alcaraz-Segura et al. 2010; Yu et al. 2010). Extrapolation from
such findings is at stake if applied blindly to validate predictive models and inform resource
management.

Inconsistent or contradicting insights gained from different models are a common problem of
the single-best-model paradigm. The “best” models are often selected to optimize certain criteria
such as AIC and BIC. Depending on data quality and the choices of optimization algorithms and
model selection criteria, many “best” models are possible for the same time series (Banner and Higgs
2017; Cade 2015). The usefulness of these models is not dichotomous. Favoring one against others is
an over-simplifying strategy that often overlooks the utility of alternative models and ignores model
uncertainties. Model selection in the single-best-model paradigm is also complicated by the
subjectivity in specifying data analysis models and the inability of simple models to represent complex
time-series signals. Model structures with increased complexity are more likely to capture variations
in satellite data at multiple timescales, but they are also more likely to overfit the data and their
estimation entails sophisticated statistical techniques.

Many problems difficult to tackle by conventional methods can now be addressed by turning
to Bayesian statistics—an inferential paradigm that can treat both model parameters and structures
probabilistically and offer a unified framework to address uncertainties of various forms (Denison
2002; Ellison 2004, Finley et al. 2007; Zhao et al. 2008; Zhou et al. 2017). Unlike conventional
criterion-based methods that choose only a single best model, the Bayesian paradigm can embrace all
candidate models, evaluate how probable each of them is a true one, and synthesize the many models

into an average model (Denison 2002; Thomas et al. 2018; Zhao et al. 2013). This scheme is known as
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Bayesian model averaging (BMA). It belongs to a category of multi-model techniques broadly called
ensemble learning. Consideration of many models helps BMA to capture model uncertainty, alleviate
model misspecification, and improve flexibilities and generalizability in modeling complex data.
These advantages of BMA have been exemplified in numerous case studies across disciplines (Banner
and Higgs 2017; Raftery et al. 2005; Zhang and Zhao 2012; Zhao et al. 2013). Despite all the benefits of
Bayesian inference or BMA, its use for satellite time-series analysis remains rather limited, with
enormous potential to tap.

This study seeks to reliably decipher time-series data for via Bayesian modeling. Our aim is
(1) to introduce a generic Bayesian time-series decomposition algorithm for changepoint detection
and nonlinear trend analysis, and (2) to demonstrate its applications to satellite data for tracking land
and ecosystem nonlinear dynamics. We term the algorithm BEAST —a Bayesian Estimator of Abrupt
change, Seasonality, and Trend. BEAST features many advantages over conventional non-Bayesian
algorithms. Foremost, it forgoes the single-best-model paradigm and applies the Bayesian ensemble
modeling technique to combine numerous competing models and generate a rich set of information
unobtainable from non-Bayesian algorithms. BEAST can quantify various sources of uncertainties,
detect abrupt changes of any magnitude, and uncover complex nonlinear dynamics from time-series
data. But due to the Bayesian computation needed, its applications to high-resolution imagery over
large areas may be constrained by computer power.

In what follows, we further justify the value of Bayesian statistics for time-series analysis
(Sect 2; Fig. 1), then detail the formulation of our BEAST algorithm (Sect 3; Figs. 2-3), and test the
capabilities of BEAST using both simulated and real data (Sect 4 &5; Figs. 4-11). We also discuss the
many features of BEAST as contrasted to existing time-series decomposition algorithms, and explain
how ensemble learning and Bayesian modeling help to make BEAST a useful tool to capture,

monitor, and derive land surface dynamics from satellite data (Sect 6).
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2. Why use Bayesian statistics?

We begin with extra backgrounds on how time-series data have been conventionally decomposed in
non-Bayesian frameworks. Their potential weaknesses are then detailed to justify the needs for
Bayesian algorithms. Below, our presentation focuses on time series of Normalized Difference
Vegetation Index (NDVI)—a spectral variable measuring land surface greenness or vegetation vigor
(Fig. 1a). But the reasoning applies equally to non-NDVI or non-satellite data, such as LAI, albedo,
climate, streamflow, and social-ecological indicators.

Ecologically speaking, a NDVI time series captures landscape dynamics at three major
timescales (Kennedy et al. 2014): (1) seasonality or periodic variations as forced by intra-annual
climatic variations or phenological drivers; (2) gradual changes as driven by long-term environmental
trends, chronic disturbances, or successional dynamics; and (3) abrupt changes associated with severe
disturbances, sudden recoveries, regime shifts, or altered management practices (e.g., fire, insect,
logging, weeding, urbanization, re-vegetation, extreme weather, crop rotation, and climate shift). In
this decomposition, the time series is treated as the sum of the first two components—seasonal and
trend signals (Fig. 1b). The third component—abrupt changes—do not stand out alone but is
embedded in seasonality and trends as changepoints (Fig. 1b, blue vertical bars).

Mathematically speaking, the search for ecological interpretations of a time series reduces to
finding the relationship between NDVI (y) and time (z) from the observed data at n points of time
D = {t;,¥;}i=1,.n Via a statistical model (t) = f(t) . The model generally treats the time series
y(t;) as an addition of seasonal S(-) and trend T(*) signals(Fig. 1):

y(t) = f(t; 0) = S(t; 0,) + T(t; Op), i=1,....,n ey
where the parameters O, and 0 specify the seasonal and trend signals; they also encode the abrupt
changes implicitly. By analogy to linear regression, the time # and data y are independent and

dependent variables, respectively; O, and @ are parameters to be estimated from the data D.
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(a) Ecosystem dynamics captured by 30 years’ AVHRR NDVI3g data (b) One possible decomposition model o
hift shi

S WWWAAMAMAMMAAMMAMMA

Another model equally possible "

flat/stable rown,,,g“
rowny;
A IRV W1 nJ.J.MullM L al VT b I.Llﬁll |
fre 11 LA el A AL e vrmrw T l“ ‘W' ]
1985 1990 1995 2000 2005 2010

 WWWWWWAWAMAMAMMWMMM

1985 1990 1995 2000 2005 2010 (year) g — \W H
[
Time-series decomposition model -
Changepoints | 2 fdpph b L]inu JL'A.IlTa dy l"m'lnumkmu b " 1&]"..1‘.““ el .l" by | .l'l b
NDVI = (Seasonal+Trend) e Abrupt change + Noise K‘ T r AL
) 1985 1990 1995 2000 2005 2010
Data space Ecological or Biophysical space Time

Fig. 1. Tracking land surface dynamics from space is treated here as a time-series decomposition problem. (a) A 3D
volumetric view of 30 years of AVHRR NDVI data depicts ecosystem dynamics at three timescales: seasonality,
trend (e.g., climate-driven responses or successional dynamics), and abrupt change (e.g., disturbance or
changepoint). Algorithmically speaking, decomposition of a time series into these three components is a model
selection problem, seeking an “optimal” model structure that best fits the time series. (b) But the use of different
inferential procedures or selection criteria yields different or even contradictory decompositions, with adverse
implications. For example, two “optimal” models in (b) can fit the same time series of (a) almost equally well, but
with inconsistent decompositions and ecological interpretations. Vertical blue bars denote changepoints in seasonal
dynamics or trends. The equal plausibility of the two “best” models highlights an inherent weakness of many
existing satellite time-series analyses for studying ecosystem changes.

By decomposing a time series with Eq. 1, we seek to answer the following questions:

(1) How many changepoints occur and when? Changepoints indicates any abrupt changes in
trend/seasonal signals (Jamali et al. 2015). By “abrupt”, we refer to not only sudden NDVI jumps
(e.g., forest clearing or quick recovery) but also any turning points or breakpoints at which trend or
seasonal signals start to deviate from the previous regular trajectories. This definition is broader and
more inclusive than that assumed by other algorithms. As examples, a smooth recovery from tree
stand-clearing is often associated with only one changepoint by many algorithms, but in our

definition, the recovery trajectory may have many changepoints related to different succession stages
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or rates of recovery. A subtle transition in vegetation dynamics caused by a shift in climate regime is
rarely considered as a changepoint by many algorithms, but in our definition it is.

(2) What is the underlying trend? A trend is not just a linear line but can be a complex
nonlinear trajectory interspersed with changepoints. The transient trend trajectory at changepoints
are rarely true discontinuous jumps but rather quasi-continuous sharp transitions. Detection of trends
with high fidelity is critical for inferring subtle drivers of ecosystem dynamics (e.g., climatic effects).

(3) What is the underlying seasonal signal? A seasonal signal may be also interspersed by
changepoints. Seasonal changepoints do not necessarily coincide with trend changepoints. Detection
of seasonal changepoints helps to identify potential drivers of phenology changes.

Any uncertainties or errors in inferring the model Eq. 1 will be translated to those in answering these
questions, thereby engendering contradictory or wrong ecological insights into ecosystem dynamics.

Existing methods to infer the model or relationship f come in many fashions (Brooks et al.
2014, Kennedy et al. 2010; Zhu and Woodcock 2014). Often, the trend is parameterized and
approximated by linear, piecewise-linear, or polynomial models (Browning et al. 2017). The seasonal
signal is modeled via flexible basis functions, such as Fourier curves and wavelets (Brooks et al. 2012;
Jiang et al. 2010; Martinez and Gilabert 2009; Shu et al. 2017). Another alternative is to ignore
seasonal signals by fitting a trend model to a sub-time series (e.g., summertime NDVI only) (Wang et
al. 2011). Moreover, abrupt NDVI changes are implicitly encoded in the parameters 0, and 0.
These changepoints also need to be inferred from the data D (Clen et al. 2014). Such diverse options
for model configurations lead to a large or even infinite number of candidate models for analyzing the
same time series. Conventional methods aim to seek the “best” model and discard others based on
selection criteria, such as mean square error, Cp, AIC, anomaly threshold, or subjective criteria (Chen

et al. 2014; Wang et al. 2011).
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These conventional methods have potential weaknesses that were not always articulated in
previous studies (Fig. 1). First, vegetation dynamics normally shows a nonlinear trend (Burkett et al.
2005; Jentsch et al. 2007), which is not guaranteed to be adequately approximated by a single linear,
piecewise-linear, or polynomial model. Second, many conventional analyses make too restrictive
model assumptions. For example, prior studies often assumed a prescribed number of changepoints
or a fixed harmonic order in seasonality (Lu et al. 2004; Wang et al. 2011), which is too arbitrary a
choice. Third, the true model for NDVI dynamics is essentially unknown so that model
misspecification is inevitable (Kennedy and O'Hagan 2001). The use of misspecified or wrong models
is of little concern for those applications on retrievals of biophysical variables (Shmueli 2010; Zhao et
al. 2018), but it becomes problematic for ecological interpretation of NDVI data simply because
different models imply contrasting or contradicting hypotheses. Such model uncertainties are
typically ignored by non-Bayesian approaches.

Fourth, even for the same class of model type, the final model chosen is sensitive to not only
model selection criteria but also data noises, thus opening up possibilities for inconsistent
interpretations. The hyper-sensitivity of model inference to data noises has been widely recognized
and reported in the literature of various disciplines (Grossman et al. 1996; Oreskes et al. 1994; Zhao et
al. 2013). Fifth, the number of all possible models is often enormous, making it computationally
infeasible to evaluate all of them. Instead, efficient approaches, such as forward sweep, greedy
searching, and genetic algorithms, come into play to evaluate a finite selection of models with regards
to some optimization schemes, but these schemes tend to find sub-optimal solutions (Denzson 2002).
Sixth, diagnostic statistics generated using conventional approaches are inadequate for answering
many practical questions (e.g., what is the probability of seeing an abrupt change in the year 2002?).

These potential limitations of conventional statistical modeling can be alleviated by switching

from the conventional single-best-model paradigm to the Bayesian paradigm (Fig. 2). Advantages of
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the Bayesian paradigm are being demonstrated by a growing body of theoretical and empirical
evidence (Denison 2002; Rankin et al. 2017; Reiche et al. 2015; Zhao et al. 2013; Zhou et al. 2017).
Foremost, Bayesian inference treats both model parameters and structures as random and therefore
characterizes them explicitly and probabilistically. As such, Bayesian inference tends not to deem any
single model configuration as the true model, but instead recognizes the relevance and usefulness of
all the potential models (Kennedy and O'Hagan 2001; Zhao et al. 2013). Specifically, each model is
assigned a probability being the true model (Fig. 2); this probability can be learned from data and then
used as an informative weight to synthesize all the models into a weighted average model. This
Bayesian model averaging scheme is flexible enough to approximate complex relationships that
cannot be represented by individual models (Fig. 2). It also alleviates the adverse consequences of
model misspecification and tackles model uncertainty (Z%ao et al. 2013).

Computationally, Bayesian inference or BMA is implemented via stochastic sampling
algorithms known as Markov Chain Monte Carlo (MCMC) (Denison 2002; Green 1995). MCMC
sampling helps to effectively explore the enormous model space at a reasonable computation cost.
The use of MCMC circumvents analytical intractability and enables the Bayesian paradigm to handle
the complexity that conventional methods cannot handle. MCMC also generates various sample-
based statistics to test hypotheses that are difficult to tackle using the conventional paradigm.

Bayesian statistics can aid in inferring the model of Eq. 1, due especially to its additive nature:
a time series is the sum of seasonal and trend signals, with changepoints being inseparable parts of
them. Inference of the three— trend, seasonality, and changepoints,—is not separable. Any
estimation error in one will be leaked to bias the estimation of others. It is unlikely to correctly detect
changepoints if the trend or seasonality is not well modelled. Trend analysis and changepoint
detection are two sides of the same goal. It is also impossible to estimate true decomposition

uncertainties if not accounting for model misspecification simultaneously for the three components.
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Therefore, reliable time-series decomposition requires sufficiently approximating the nonlinearity of
both trend and seasonality and simultaneously incorporating model uncertainties of all sorts. These

issues are explicitly tackled by Bayesian inference, as detailed next.

A time series capaturing the seasonal, abrupt, and trend dynamics of the observed system

2002 2004 2006 2008 2010 2012 2014 (Time)

—
he time series can be decomposed to uncover seasonal and trend signals via numerous alternative models (M, i=1, ...N)
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Model usefulness can be quantified by a Bayesian posterior probability p(MJdate:}oc p(data]M)p(M), allowing us to combine
all models into a weighted average model--an algorithim known as Bayesian model averaging (BMA)
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Fig. 2. Tllustration of BEAST —a Bayesian ensemble time-series decomposition algorithm. Our modeling philosophy
is that a time series can be fitted by numerous competing models, all of which are wrong but useful to some degree.
Conventional methods choose the “best” model, ignoring model uncertainty or misspecification and opening up
room for fortuitous conclusions (Fig. 1). As a remedy, BEAST quantifies the relative usefulness of individual models
(i.e., model structures) and incorporates all the models into the inference via Bayesian model averaging. This
ensemble learning makes BEAST a universal approximator of complex nonlinear trends and allows BEAST to
account for uncertainties difficult to consider by non-Bayesian methods. For example, model uncertainty is explicitly

addressed (e.g., gray envelope around the fitted seasonal or trend signals are 95% credible intervals). BEAST not only
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detects the changepoints but also quantifies their probabilities of being true changepoints, providing confidence

measures to guide informative interpretation of satellite time-series data.

3. BEAST: Bayesian estimator of abrupt change, seasonality & trend

This section describes the formulation and implementation of our BEAST time-series decomposition
algorithm. The description is inevitably mathematical. Readers not interested in technical specifics
may skip to Section 4 while re-visiting Figs. 2 &3 or Section 2 for an overview of the concept and

capabilities of BEAST. The implemented software is available as both a Matlab library and an R

package (zo be released upon acceptance of this ms).

3.1 Parametric form of BEAST for time-series decomposition

Our analysis considers a time series D = {t;, ¥;};=1 ., to be composed of three
components —seasonality, trend, abrupt changes— plus noise (Fig. 1b), which is formulated as a
rewriting of Eq. 1:

yi = S(t; 05) + T(t; Op) + &;. (2

Here, we assume the noise ¢ to be Gaussian, capturing the remainder in the data not explained by the
seasonal S(-) and trend T'(*) signals. Following the common practice, we adopted general linear
models to parameterize S(+) and T (+) (Jiang et al. 2010, Verbesselt et al. 2010b). Abrupt changes are

implicitly encoded in the parameters O and ©; of the seasonal and trend signals.

y(t) x® %)  xg Xt x5 %O  x0)  xgt) X)) X)Xy () X () xa(t) X () x5 () X6 (0)
23
S tepl tepi tepl tepl
= scpl scpl scpi| scpl scpt scpl _| — =
o scp1 scpl scp’l scp
£ B B[RS f Bl R B TR D= = BI=P =0 | By | *PRs | B¢
(=3
S L
tcp2 tcp2) tcp2 tcp2
o
&
o
8
BEAST adpots a general linear model for time-series decomposition:
= BB, HB KB, X, BB AB X +B X HBIXAB, X, +B. K. +BL X +B. X, +B. K B X HB, X IV,I__%trr;’)'( number and timings of trend changepoints (tcp),
Y = By X B, X, #05 Xg B, X, #P5 Xs#Bg X+, X, By Xg+Bg Xt XioFPyy Xy Pip XipPyg X1 Py Xyy P15 XisHPyg 15—>y- *ﬂMwheremode\structureM_ number and timings of seasonal changepoints (scp),
1sttrend 2ndtrend  3rd trend 1st seasonal segment 2nd seasonal segment harrmonic orders of individual seasoanl segments
segment  segment  segment (3rd-order harmonic: 6 terms) (2nd-order harmonic: 4 terms)
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Fig. 3. How does BEAST decompose time series? BEAST is an additive model y = X3y, formulating a time

series y(t) as the linear combination of many basis functions Xy (e.g., line segments x;-Xs or harmonics x7-x¢ that are

zero-valued except for the active segments). These basis terms are specified by the model structure parameters M:

numbers and locations of seasonal/trend changepoints (i.e., horizontal blue bars such as tcpl and scpl) and seasonal
harmonic orders (e.g., 3rd and 2nd in this example). The aim is to infer not only the coefficients 3y for a given M

but also the model structure M itself (i.e., changepoint and harmonic orders). The combinatorics of all possible
changepoints and harmonic orders gives an enormous model space with numerous candidate basis terms, making it
computationally impossible to pinpoint the true best model. BEAST infers M by randomly traversing the model
space via Bayesian model selection, so it is essentially a Bayesian general linear regression model. (The time axis is

oriented vertically for ease of displaying.)

Specifically, the seasonal signal S(t) is approximated as a piecewise harmonic model, defined
with respect to p knots in time at ¢, k=1,...p (Fig. 3). These knots divide the time series into (p+1)
intervals [&, &11],j=0,...,p, Where &, = t, and &1 = t, are the starting and ending times of the

data. The model is specified for each of the (p+1) segments [§, &,41], k=0,...,p, taking the form of

L o 2mlt 2mlt
S(t) = 2 ak,lsm(T) + bk,lCOS(T) for §, <t <&y, k=0,..,p

Here, P is the period of the seasonal signal (i.e., one year in our cases); Ly, is the harmonic order for
the k-th segment and is an unknown segment-specific parameter; and the coefficients

{ay,, br,}1=1,.,1, are the parameters for sins and cosines. This harmonic model is non-continuous as a
whole; the knots &, indicate the changepoints at which abrupt seasonal changes may occur. Both the
total number of changepoints p and their timings {{; }x1, ., are unknown parameters to be

estimated. In short, we need the following parameters to fully specify the seasonal harmonic curve:
05 = {P} U {ide=t,..p Y Lidk=o,..p U {@1s iy }k=0,...,p;l=1,....Lk

which includes the number and timings of changepoints, the harmonic orders for all the (p+1)

segments, and the coefficients of all the harmonic terms. All have to be estimated.
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The trend T (t) is modeled as a piecewise linear function with respect to m knots at ;,
j=1,...m (Fig. 3), which divide the time span into (m+1) intervals [Tj, Tj+1], j=0,...,p, with Ty = t, and
Tm+1 = t, being the start and end of the time series. The trend knots or changepoints 7; are not
necessarily the same as the seasonal changepoints ;. The trend over each interval simply is a line
segment (Fig. 2), defined by coefficients a; and b;:

T(t) =a;+bjt for 1; <t <Tjyy,j=0,..,m
Similar to the seasonal signal, the number of changepoints m and their timings {7;};=,,_ m are

unknown parameters to estimate. Hence, the full set of parameters specifying the trend T is

0, ={m}u {Tf}sz...,m U {a, b; }j:O,...,m
which comprises the number and timings of trend changepoints and the intercepts and slopes of
individual line segments.

Both sets of the parameters, ©, and O, need to be estimated from the data D. For ease of
presentation, we re-classified the parameters ©; and 0, into two groups (Fig. 3): {0, 0} = {M, By}

The first group M refers to model structure, including numbers and timings of trend and seasonal

changepoints, and seasonal harmonic orders:
M ={m}u {Tj}jzl,...,m U{p} U {&lk=1,..p Y {Li}k=0,.p-

The second group By is the segment-specific coefficient parameters used to determine exact shapes

of the trend and seasonal curves once the model structure M is given. Collectively, By is denoted by

Bu = {a, by }j=0,...,m U {ak'l' by }k=o,...,p;l=1,...,Lk'
The subscript M indicates the dependence of ), on model structure M.
After this re-grouping, the original general linear model Eq. 2 becomes a familiar form:

y(t:) = xm(t)Bm + & 3)
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where x)(¢t;) and By are dependent variables and associated coefficients, respectively. Again, the
subscript M suggests that the exact form of x); and the coefficients in By; both depend on the model
structure M (e.g., numbers and timings of changepoints). For example, column vectors of the design
matrix Xy (t;) are associated with individual segments of the piecewise linear and harmonic models
(Fig. 3), with the number of coefficients in By being 2(m + 1) + 2 Y1 _, L.

As revealed in the re-formulated model of Eq. 3, the inference of vegetation dynamics now
reduces to a model selection problem —determining an appropriate model structure M, including the
numbers and timings of changepoints and the harmonic orders. Identifying an optimal model
structure M for our problem is analogous to choosing the best subset of variables for simple linear
regression. Once a model structure M is selected, its coefficients By are straightforward to estimate.
However, unlike simple linear regression, the number of possible model structures for Eq. 3 is
extremely large. Even for a time series of moderate length (e.g., n >100), it takes billions of years’
computation to enumerate all possible models for finding the best one that optimizes certain criteria
(e.g., BIC). We circumvented this problem by resorting to Bayesian inference, as described next.

3.2 Bayesian formulation of BEAST

We extended the general linear model of Eq. 2 or 3 to build a Bayesian model for detecting
abrupt change, seasonality, and trend from time-series data. In the Bayesian modeling, all the
unknown parameters are considered random, including model structure M, coefficients By, and data
noise o%. Given a time series D = {t;, ¥;};=1.._n, the goal is to get not just the best possible values of
these parameters but more importantly, their posterior probability distribution p(By, 0%, M|D). By
Bayes’ theorem, this posterior is the product of a likelihood and a prior model:

p(Bu, 6%, M|D) x p(D|By, 6%, M)T(By, 0%, M). (C)
Here, the likelihood p(D|By, 02, M) is the probability of observing the data D given the model

parameters By, 02, and M. Its form is governed by the general linear model y = xy By + € in Eq. 3.
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Owing to the normality of error &, the likelihood is simply Gaussian p(D|By, 0%, M) =
i1 N xm () Bum, 02).

To complete our Bayesian formulation, what remains is to specify the second term of Eq. 4,

7(Bwm, 02, M), which is called the prior distribution of the model parameters. By definition, we have
n(Bm, 0%, M) = n(By, 0% M) (M).

Therefore, it suffices to elicit the conditional prior (B, 0%|M) and the model prior 7 (M)
separately. The priors encode our existing knowledge or beliefs in possible values of the model
parameters. Because of a lack of such general knowledge beforehand, our choices are flat priors, close
to being non-informative. First, for 7(By;, 0%|M), we considered the normal-inverse Gamma
distribution and introduced an extra dispersion hyperparameter v into it to further reflect our vague
knowledge of the magnitude of model coefficients By. Second, for the prior on model structure
(M), we assumed that the numbers of changepoints are any nonnegative integers that are equally
probable a prior. The exact formula of our priors are detailed in Appendix A.

Given our likelihood and prior models, the posterior of the model parameters becomes

p(Byy 6% 0, M|D) o [Ty N(vis xm(t) By, 02) T4(By, 62, v[M)m(M).  (5)
Its complete formulation after incorporating each component prior is expanded and presented in
Appendix A, with more technical details explained there for interested readers.

3.3 Monte Carlo-based Inference

The posterior distribution p(BM, o?v, M|D) of Eq. 5 encodes all the information essential for
inferring ecosystem dynamics. But it is analytically intractable, so we resorted to MCMC sampling to
generate a realization of random samples for posterior inference. The MCMC sampling algorithm we
used is a hybrid sampler that embeds a reverse-jump MCMC sampler (RJ-MCMC) into a Gibbs

sampling framework, as briefly described below.
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The Gibbs framework samples the following three conditional posterior distributions in
alteration for a total of N iterations.
p(MED[y®, D),

p( 1(vi+1)' 0_2(i+1)|v(i)’ M(i+1)’D) : (6)

p (v(i+1) |Bﬁ+l)' Gz(i+1)’ MG +D), 1)) ;

These three conditional posteriors permit generating the (i+1)-th sample
(MC+D), Bl(viﬂ), o2 H+DY from the previous sample {M®, B](V?, o2® ). In particular, the
second and third conditional posteriors are a normal-inverse Gamma distribution and a Gamma
distribution (Appendix A), which are easy to sample. In contrast, the first conditional posterior
p(M@D |y ® D) is difficult to sample because it is defined only up to an unknown proportionality
constant (Appendix A) and also because the dimension of M varies from one model to another. These
two difficulties were tackled by using the R]-MCMC algorithm (Denison 2002; Green 1995). Details
about RJ-MCMC are available in Zhao et al. (2013) and not given here.

3.4 Posterior inference of changepoints, seasonality, and trends

The preceding MCMC algorithm generates a chain of posterior samples of length N
M®, BI(V?, O'Z(i), v®};_; .. N The chain captures all the information essential for inference of land
dynamics, including trends, seasonal variations, and abrupt changes (Fig. 2). In particular, the
sampled model structure M, such as timings of changepoints and seasonal harmonic orders, can be
directly translated into the model’s covariates X, (t) (Fig.3), with their associated coefficients
being Bl(v?. Each sampled model M(” gives one estimate of the land dynamics, Xy (¢) - B](v?.
Combining the individual estimates provides not only a final BMA estimate but also uncertainty

measures. The BMA estimate of time-series dynamics is the averaging of all the sampled models:
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- I X0 (OB . e . . A
y(t) = 1X+B” The associated uncertainty is given as a sample-based variance estimate: var[y(¢)] ~

I xy 0 OB T (O
N-1 '

Although each single model M is a piecewise model, the combination of all the individual

models enables the BMA estimate y(t) to approximate arbitrary nonlinear signals. Moreover,
because the covariates X« (t) and model coefficients Bl(v? are simply a coalescing of the individual
elements of the trend and seasonal signals, these elements can be separated to recover the trend and
seasonal components, respectively (Fig. 3).

More interestingly, the sampled model structure {M®},_, .. \, which is
®

m®,72  0p®, 51521,...,;;(0' Lgciio,...,p(i)}’ allows making inference and testing hypothesis related to

abrupt changes and land disturbances. Specifically, the chain {m®W},_; .. y or {p®};_; ... y gives an
empirical distribution of the number of changepoints in the trend or seasonal signals; therefore, the

. . N @ _ N ()
mean total numbers of trend and seasonal changepoints can be estimated as m = Lle andp = 2“#”.

For the seasonal signal, the chain of {L(i) @ J}i=1, N can be used to compute the average harmonic
k=0,...p r

order L(t) needed to sufficiently approximate the seasonality for any given time t:

N ©)

- i=1 L, . ) G
L) == N “_, subjecttot € [{ﬁ‘).g‘,szﬂl.

The use of differing harmonic orders for different times or intervals is a strength distinguishing

BEAST from those algorithms that choose a pre-set, fixed order uniformly for the seasonal signal.

@ ®

In addition, the chains {7, ¢ ket,..p

}i=1... n indicate the exact timings at which the
trend or seasonal changepoints occurred for the sampled individual models. From these chains, we
can estimate the probability that a changepoint occurs at a time ¢, or within a interval [tg, t,] by
counting the frequency of the sample {TI(CZ 1,...,m(i)}i=1"" ~ containing the time ¢, or falling into [¢, t,]:

. Lo #of M D that includes tg or falls into [tg, t,]
p(changepoint at tg or within [t t.] |D) = N :
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Likewise, given an estimated changepoint, we can derive its credible interval. We can also calculate
many more sophisticated statistics, such as what is the conditional probability of observing a
changepoint in trend at a time if another changepoint has already occurred somewhere, and what is
the joint probability of observing a changepoint in trend at one time and a seasonal changepoint at
another time? All these sample-based statistics serve as important measures for statistical diagnostics
such as uncertainty analysis and hypothesis testing. For example, a changepoint with an estimated
occurrence probability of 3% is less likely to represent a true abrupt change.

3.5 Software Implementation

We implemented BEAST in the C programming language. The core is the MCMC sampler of Eq. 6,
an iterative process involving heavy matrix computation such as matrix multiplication and inversion.
We tested several matrix libraries and found that Intel’s MKL was the fastest. We also implemented
an R and a Matlab interface to BEAST: an R package named “Rbeast” is forthcoming. To facilitate
algorithm assessment, we further developed a toolkit “trackEcoDyn” (Fig. 10). It offers a graphical
user interface (GUI) that allows interactively running BEAST and more importantly, manually
analyzing and interpreting Landsat time series data in reference to other image sources (e.g., Landsat
images, and aerial photos). The tool is automatically linked with Google Earth and its high-resolution
historical imagery, facilitating visually cross-checking land histories among multiple sources. The
purpose of trackEcoDyn is to aid in interpreting Landsat time series and collecting ground-reference
data for algorithm assessment, as used below in our second case study.

4. Examples

Three examples are given below to illustrate the basic usage and typical outputs of BEAST. To
highlight its differences from existing methods, we also compared BEAST to a community-endorsed
algorithm called bfast (Verbesselt et al. 2010a). Bfast is a criterion-based method seeking a single best

model, as opposed to the Bayesian inference with BEAST. Bfast and BEAST adopt the same general
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linear model form, thus allowing us to isolate the effects of inference paradigms and remove other
confounding effects on the algorithm comparison. As shall be seen below, despite the use of the same
parametric model, BEAST and bfast disagreed on decomposition results.

4.1 Example 1: A simulated time series

In Example 1, we simulated a time series of length n=774 with a period of P=24 (Fig. 4al). In the
simulation, the true reference seasonal signal has two seasonal changepoints (scp), giving three
seasonal segments; the seasonality was simulated using different orders of harmonics for individual
segments (Fig. 4-b1). The true trend has two trend changepoints (tcp), giving three trend segments:
The first two are piecewise-linear; the third is a slow-varying nonlinear continuous signal with no
abrupt jumps (Fig 3a). We chose such a continuous trend for the third segment because this is often
the case for real ecosystem dynamics and the performances of conventional methods for such

nonlinear trends were rarely evaluated in the remote sensing time-series literature.

(a1) A simulated time series with its true seasonal and (a2) The same as (a1), replicated here (a3) The same as (a1), replicated here
trend components depcited in (b1) asa V|sual reference for (b2) as a visual reference for (h3)
[t i | M | |
e T e AT T
l
100 zu'o 00 40 50 600 700 (time) 00 200 300 400 50 60 700 (time) 100 200 300 400 50 60 700 (time)

b1) True reference dynamics of the above time series (b2) BEAST: Bayesian decomposition result (b3) bfast: Single-best-model decomposition result
First seasonal segment: 4th-order harmonic ‘ ‘ ‘ ‘ ‘ ‘ ‘
Second seasonal segment: 3rd-order harmonic No probability-of-being-changepoint graph from bfast

Third seasonal segment: 2nd-order harmonic

— 1"\

First trend segment: pleceW|se-I|near decreasmg
Second trend segment: piecewise-linear increasing
Third trend segment: slowly-varying nonlinear
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(c) Additional outputs from BEAST
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Fig. 4. Example 1: Use of a simulated time series (al-a3) to illustrate BEAST. The true dynamics underlying the time
series (bl) were uncovered by BEAST accurately (b2). Specific information estimated by BEAST includes, but is not
limited to, seasonal and trend signals, seasonal and trend changepoints (scp or tcp, as denoted by vertical blue bars),
and harmonic orders of individual seasonal segments (c, middle). BEAST also provided an array of useful
uncertainty diagnostic statistics, such as credible intervals of the estimated signals (i.e., gray envelopes), the
probability of observing a scp or tcp at any given time, the probability distribution of total numbers of scp or tcp (c,
left), and the probability of having a positive rate-of-change in trend (c, right). For comparisons, the results from the
single-best-model algorithm “bfast” are given in (b3). Bfast detected no scp and six tcps.

Use of BEAST and bfast is sensitive to the specification of two hyperparameters: maximum
number of changepoints (Mmax) —an upper limit imposed on how many changepoints are allowed in a
single model; minimum separation interval (h) —the minimum distance in time allowed between two
neighboring changepoints in a single model. In this example, we chose Mimax =8 and h= 24 (one
period). (In bfast, h is expressed as the ratio of the interval to the time series length.)

BEAST uncovered the true dynamics from the simulated time series with high fidelity. The
detected signals correlated well with the true references [r=0.998 (seasonal) and 0.956 (trend),
n=774]. BEAST not only successfully pinpointed the two true scps but also correctly identified the
differing harmonic orders for the three seasonal segments (Fig. 4c, middle). In the trend, BEAST
precisely detected the two reference tcps associated with the piecewise-linear segments. For the third
nonlinear trend segment, BEAST additionally detected 2.2~2 tcps to capture the sinuous
nonlinearity. Because changepoints are defined as any timings at which the trend deviates from its
previous linear trajectory (Sect 2), in theory, the nonlinear trend segment of this example is fraught
with changepoints through the time. This theoretical expectation aligns well with the BEAST-
estimated probability of changepoint occurrence (Fig. 4b2), wherein the estimated probability curve
was often nonzero with many small peaks over the third trend segment. All the probabilities were
small, indicating the very low likelihood of identifying high-intensity abrupt changes in this nonlinear
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trend segment, except at the two turning points of the sinuosity. In contrast to BEAST, bfast detected
no scps and six tcps (Fig. 4b2).

BEAST also produced a rich set of uncertainty measures useful to guide the interpretation of
inferred dynamics (Figs. 4b2 & 4c). As examples, the synthesis of individual models allows BEAST to
generate uncertainties that incorporate both data noises and model missspecification. The inferred
trend signal in Fig. 4b2 was not identical to the true signal, but the envelopes of 95% uncertainty
intervals enclosed the true signal almost completely, attesting to the utility and reliability of the
estimated credible intervals (Fig. 4b2). BEAST tells not only the most likely timings and numbers of
tcp or scps but also the probability of observing a scp or tcp for any given time as well as the
probability of detecting a certain total number of scps or tcps (Fig. 4c, left). In this example, the
probabilities of having 2 scps were 0.9963, leaving only a probability of 0.0037 to find other numbers
of scps and suggesting high confidence in pinpointing the two scps.

Likewise, BEAST can derive the probability distribution of harmonic orders needed to
adequately model a seasonal segment. Another output important for ecological remote sensing is
pertinent to the rate of change in trend. For example, BEAST infers not only the sign of the change
(e.g., a greening or browning) but also the probability of having a greening or browning at any time
(Fig. 4c, right). In essence, for all parameters of interest, BEAST infers not only the most likely
values but also the associated error bars and even more, the associated probability distributions, the
latter of which are generally impossible to estimate by non-Bayesian algorithms.

4.2 Example 2: A MODIS NDVI time series

Example 2 is based on 9-years’ MODIS NDVI data at a forest site in Australia (Fig. 5), which
has been used by Verbesselt et al. (20704) to test bfast. Despite being familiar to large audiences, its
true underlying seasonal and trend dynamics are unknown, except that we know that the site

experienced droughts in 2001 and 2002 and was harvested in 2004. With all trees removed, the 2004
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harvest should have altered both the NDVI trend and seasonality. It remains untested whether the
drought effects are detectable from this time series. To run BEAST and bfast, we used a maximum

changepoint number of M. =10 and a minimum inter-changepoint distance of h= .5 year.

(a1) A MODIS NDVI time series over a forest plot in Australia (a2)The same as (a1), replicated here here as a reference for (b2)
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Fig. 5. Example 2: Use of a MODIS NDVI time series in the bfast R package to illustrate the use of BEAST. The true
underlying seasonal and trend signals are unknown, except that we know that this site experienced droughts in 2001
and 2002 and was clear-cut in 2004. BEAST detected 5 scps and 5 tcps, uncovering not only the abrupt changes
from the 2004 clear-cut but also the subtle disturbances associated with the 2001 drought. Phenological changes
resulting from the 2004 clear-cut and the subsequent recovery and forest management activities were captured by a

total of four scps (i.e., scp 1 to 4). For comparisons, bfast found no scp and 9 tcps detected (b2).

BEAST unveiled both the large-magnitude and subtle changepoints (Fig. 5b1). On average, it
detected 5.2~5 tcps and 5.3~5 scps. One of the five tcps is attributed to the drought (i.e., tcp#3) and
the other four attributed to the 2004 harvest and the consequent post-harvest recovery. The five scps
are evidenced in the estimated seasonal trajectory, the seasonal changepoint probability graph, and

the harmonic-order graph. In contrast, bfast detected no scps and 9 tcps.
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BEAST estimated a more parsimonious trend than bfast (i.e., 5.2 < 9). Despite the
parsimony, the BEAST trend captured a complex nonlinear dynamics (Fig. 6bl1). As examples, the
low-intensity stresses of the 2001 and 2002 droughts were noticeable in the trend. The effect of the
2001 drought was found more severe and was associated with tcp#3 in Fig. 5.1. The rapid recovery
past the year 2006 was uncovered by BEAST as a continuous nonlinear trajectory, which contrasts
with the bfast-detected discontinuous trajectory that has jumps with a browning trend after the year
2008. Another salient difference pertains to shifts in seasonality. With the 5 scps detected (Fig. 5b1),
BEAST was able to capture the phenological shifts caused by the 2002 drought (scp#5), the 2004
logging (scp#1), and the post-harvest recovery (scp#2, 3, &4). In contrast, bfast detected no scp and
uncovered a stable seasonal trajectory (Fig. 5b2), suggesting no phenological change before and after
the harvest.

4.3 Example 3: CO2 time series at Manua Loa

Example 3 is intended to demonstrate the use of BEAST as a generic algorithm. We considered 45
years’ bi-weekly atmospheric CO2 measurements from the year 1974 to 2018 at Manua Loa (Fig.
7al). The true trend or seasonal CO2 dynamics are unknown, except that we know there was a rising
trend due to human activities and there was a regime shift in the Earth system in the 1980s (Re:d et al.
2016), which should be reflected in the seasonal CO2 dynamics. This knowledge provides valuable
information to assess the validity of the decomposition results. For both BEAST and bfast, we chose
Minax =10 and h= 1 year.

Decomposition results of BEAST and bfast appeared visually similar, but the exact dynamics
uncovered by the two differed greatly (Fig. 6). On average, BEAST detected 1 seasonal changepoint
(scp) and 7 trend changepoints (tcps); bfast detected no scp and 10 tcps. One of the tcps—detected
by both BEAST and bfast—occurred around the year 1977, marking a heightened increase in CO2

and coinciding with the start of China’s economic reform (Fig. 7b1). This finding is the first time that
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the carbon footprint of an economic policy has ever been directly pinpointed in a station-based CO2

time series. Exact drivers for other tcps need close scrutiny in future studies.

(a1) Bi-weekly atmospheric [CO2] monitored at Manua Loa (a2)The same as (a1), replicated here as a visual reference for (b2)
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Fig. 6. Example 3: Use of 45 years’ atmospheric CO2 data at Manua Loa (al-a2) to illustrate BEAST for generic
applications. On average, BEAST detected one seasonal changepoint (scp) and 7 trend changepoints (tcps). The true
seasonal or trend CO2 dynamics are unknown, but the BEAST decomposition is consistent with known drivers. The
CO2 trend shifted to a faster rising trajectory around the detected 1977 tcp [i.e., tcp2 in (b1)], coinciding with the
end of China’s Cultural Revolution and the start of its economic reform. More interestingly, the detected scp around
the year 1989 (b1, top; ¢, middle) is consistent with the growing body of evidence that the Earth system saw a

systematic regime shift in the 1980s. For comparisons, the bfast results detected no scp and 10 tcps.

The most likely seasonal changepoint (scp) detected by BEAST was found around the year
1989, an abrupt change not detected by bfast (Fig. 6b2). This scp is not too sharp a one but a gradually
transient one spanning multiple years in the 1980s (Fig. 6c, middle). Its presence was indicated in the
scp probability graph (Fig. 6b1). Its occurrence was also evident in the trajectory of estimated

seasonal harmonic orders (Fig. 6¢c, middle). The detection of this 1989 scp is non-trivial, showing that
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the global carbon cycle was subject to a regime shift in the 1980s (Figs. 6b1 and 6c). The validity of
this shift is supported by a converging body of observational and modeling evidence (Reid ez al. 2016).
A comparison of the BEAST seasonal trajectories before and after 1989 indicates an intensified global
carbon cycle over time with a strengthened carbon sink. As a rough estimate, the amplitude in
seasonal CO2 variation increased from 6.35 (pre-1989) to 6.58 ppm (post-1989), a 3.6% increase. The
magnitude of peak global carbon sink—estimated as the temporal derivative of the seasonal CO2
trajectories—was enhanced from 26.5 to 27.6 ppm/year. The post-1989 seasonal dynamics also
showed some enhanced springtime carbon sink, an advancing in peak sink, and a slight increase in
autumn carbon source, all consistent with the recognized effects of global warming on ecosystem
productivity (Piao et al. 2008).

5. Case Studies and Results

To evaluate BEAST and further exemplify its usefulness for remote sensing applications, we
conducted three case studies using either simulated or real data (Figs. 7-11). These case studies were
targeted at different aspects of BEAST; each chose a differing type of strategies or reference data for
algorithm assessment:

(1) Case study 1 used simulated data with true reference dynamics precisely known. The aim is to test
how BEAST can uncover the true reference trend signals, an aspect critical for ecological remote
sensing but seldom tested before. A secondary aim is to quantify how the performance of BEAST
responds to data noises and relative magnitude of trend signals.

(2) Case study 2 used dense stacks of Landsat imagery. Ground-reference data on disturbances and
changepoints were visually derived from interpretation of multisource imagery following a protocol
similar to Cohen et al. (2017). The aim is to evaluate the ability of BEAST in detecting disturbances
from high-resolution data; trend signals is not evaluated here due to the impossibility of obtaining
true reference trend signals.
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(3) Case study 3 used MODIS EVI data at 250-m resolution over a region where the extents and
timings of two large-scale disturbance events are known. Independent reference data were obtained
from aerial photos or Landsat imagery. The aim is to determine whether BEAST can help to reveal
the disturbance patterns from the MODIS data and also to assess the utility of the probabilistic
information derived by BEAST.

5.1 Case study 1: Simulated data

Simulated time-series data were generated by additively combining synthetic trend and seasonal
signals, abrupt changes, and random noises. The trends considered were piecewise linear, with
coefficients randomly sampled from a Gaussian distribution; the seasonal signals were piecewise
harmonics, with the order randomly sampled between 1 and 5. The simulation was based on varying
levels of data noises (2% to 20%), relative trend-to-seasonal signal strength (5% to 50%), and
changepoint number (0 to 10). For each combination, we replicated 1000 times with the time-series
length randomly chosen between 200 and 500, with a total of 110,000 time series generated. The use
of such well-controlled data is not only appealing but also necessary for algorithm evaluation because
ground-truthing is rarely available at temporal and spatial scales commensurate with the satellite data.

(a) 0.4 (b) 1
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and reference trend signals 0.35 detected changepoints
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©
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Fig. 7. Case study 1: Assessment of BEAST upon 110,000 simulated reference time series. Two performance metrics
are plotted here—correlation between BEAST-detected and true trend signals and error in the number of detected
changepoints. Positive errors indicate underestimates of the true changepoint numbers. Shown here are the
performances of BEAST at different levels of data noises (a) and relative trend-signal magnitudes (b). Each data

point plot here represents the averaging over 110,000/10=11,000 time series.
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BEAST unveiled true trend signals accurately (Fig. 7). When tested upon the simulated data,
the estimated trends matched the true signals closely, with a correlation coefficient averaging 0.931.
Even for the noisy NDVI simulation with a noise magnitude of 20% (i.e., a signal-to-noise ratio of
5.0), BEAST could detect the true trend signals well; the correlation averaged 0.923 (Fig. 7a). In
contrast, the estimation of trends showed more sensitivity to relative magnitudes of the trend to
seasonal signals (Fig. 7b). For example, when the magnitudes of trends in simulated data were 5% of
those of seasonal signals, the correlation between the BEAST-detected and true trends was 0.67
(p<<0.001); if the relative trend magnitude increased to 10%, the correlation rose to 0.89 (p<<0.001).

Similarly, BEAST detected changepoints reliably, irrespective of the data noise levels
considered (Fig. 7a). However, when the true trend signals became weak and dwarfed by the seasonal
signals, detection of trend changepoints became difficult or impossible (Fig. 7b) —a data quality
problem that no algorithms can resolve. Therefore, the true changepoint numbers are increasingly
underestimated as the trend signal becomes weaker. The problem with weak trends also explains the
consistent underestimation pattern for all noise levels (Fig. 7a). The error depicted there at a given
noise level is the average over all possible levels of relative trend magnitude; therefore, this error is
contributed and dominated by the underestimation associated with those time series with weak trend
signals.
5.2 Case Study 2: Dense Landsat Stack

In Case study 2, we acquired 495 images of Landsat TM5 or Landsat 7 ETM+ (WRS2 Path
24/Row 37) over the Southern US. We corrected the images radiometrically and atmospherically into
surface reflectance via the LEDAPS framework and the FMask cloud masking algorithm (Schmidt et
al. 2013; Zhu et al. 2015); we then computed NDVI and stacked the results. The number of clear-sky
dates in the stack averaged 191 across the scene. To assess BEAST, we randomly sampled 200 time

series across the scene. This sample was interpreted independently by three analysts to manually
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identify all potential changepoints to their full capacities using our GUI-based tool “trackEcoDyn”
(Sect 3.5 or Fig. 8). Any inconsistency among the three was reconciled if an agreement could be
reached and otherwise was simply not considered as changepoints. We used the final consensus set as
ground-reference data to assess how well BEAST detects changepoints in Landsat-type images. The
focus here is on evaluating changepoints rather than trend signals, due to the impossibility of

obtaining true reference trend signals.

(a) Landsat TM5/ETM+7 Dense Stacked Images (WRS2 Path 24 and Row 37) 600

(b) trackEcoDyn: a GUl-based toolkit to interactively interpret Landsat stacked time series

Fig. 8. Case study 2: Algorithm assessment based on dense Landsat stack of 495 scenes (WRS2 Path 24/Row 37)
over the Southern US. Shown in (a) is just a subset of the full scene. (b) To collect independent data of land
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changes, we developed a GUI-based toolkit “trackEcoDyn” through the mixed use of Matlab and C to interactively
analyze and interpret Landsat time series. It integrates BEAST and ingests multiple external data sources. Google
Earth is also synchronized automatically. This toolkit was built here to help image analysts manually and visually
collect reference data for assessing the BEAST algorithm, but it can be equally applied to visually interpret or

automatically analyze other spatiotemporal data.

BEAST has detected most of the changepoints in the ground-reference data, though with
seemingly non-negligible omission and commission errors. In the ground reference for the 200 time
series, there were a total of 368 changepoints pinpointed via visual interpretation, including 190
disturbance-type events (i.e., declining NDVI) and 178 recovery-type events (i.e., rising NDVI).
These reference changepoints were resolved to individual years. As for comparisons, BEAST
detected 217 disturbance-type and 197 recovery-type changepoints, all of which were resolved to the
sub-monthly level. An automatic matching of the event years showed that the omission and
commission errors of BEAST were 17.7% (i.e., a producer accuracy of 82.3%), and 26.8% (i.e., a user
accuracy of 73.2%). Examined for disturbance-type events only, the omission and commission errors
are 9.5% (i.e., 18/190) and 20.7% (i.e., 45/217); for recovery-type events, the omission and
commission errors are 26.6% and 33.5%. It appears that BEAST had larger commission errors than
omission errors.

The assessment metrics reported above, especially the commission errors, are underestimates
of the true capabilities and accuracies of BEAST. As a further evaluation, we manually paired and
compared the BEAST results with the ground-reference data. The 18 omission errors out of the 190
disturbance-type reference changepoints, as labelled by the automatic matching, were not always true
errors. Six of the 18 were not true omissions because BEAST correctly detected them to the sub-
monthly level in years different from but immediately adjacent to the years in the ground references;

the BEAST-detected timings were more accurate. Likewise, the commission errors reported above
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are not always true algorithmic errors (Fig. 9). At least three of the 45 disturbance-type changepoints
labeled as commission errors are associated with data anomaly due to cloud contamination: we
expected BEAST to detect these anomalies as changepoints, although they are not ecologically
meaningful. More importantly, many other commission errors are unlikely to be true errors because
BEAST detected all kinds of changepoints of varying intensity but the ground-reference data
included only those visually conspicuous to the analysts. For example, in the recovery trajectory of a
forest plot (Fig. 9), BEAST identified three changepoints that demarcated contrasting succession
stages of the recovery, but the analysts could pinpoint only one changepoint.

A Landsat NDVI time series: BEAST Result

e ey Ay A e gVt
Mg e v vl
MRS A

Prob Trend Prob Season Fitted Data

1995 2000 2005 2010 (time)

Fig. 9. Case study 2: BEAST decomposition of a Landsat time series at a forest pixel as an example to illustrate the
artificial discrepancy in changepoint detection between BEAST and visual interpretation. BEAST found all types of
changepoints—a total of four tcps, being abrupt or gradual. However, when interpreting visually, the three experts
pinpointed only one changepoint (i.e., cpl--the sudden NDVI drop to forest logging). Hence, commission errors of
BEAST in detecting changepoints in reference to the visually-interpreted ground reference are not always true

errors. Illustrated also here is the capability of BEAST for filling data gaps in the Landsat time series.

5.3 Case Study 3: MODIS EVI
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The study area chosen here is part of the Shawnee State Forest, Ohio, USA (Fig. 12a). This region
has been disturbed or frequently managed across various scales. In particular, the region was struck
by an ice storm in Feb 2003 and a fire in April 2009—Ohio’s largest recorded wildfire (Eidenshink et
al. 2007). The data we examined were EVI data from MODIS’s 16-day L3 data at 250-m resolution
from year 2002 to 2014. To better characterize the disturbance patterns of the ice storm and fire, we
also complied Landsat-5 Thematic Mapper images at 30-m spatial resolution collected before or after
the disturbances. The perimeters of the regions disturbed by the ice storm and fire were manually
delineated from aerial photos (i.e., white polygons in Fig 10.b). We also calculated the Normalized
Burn Ratio from the pre-and post-fire Landsat images and took the difference—dNBR—as an
indicator of burn severity. These high spatial-resolution images and information provide independent
reference data to evaluate and interpret the MODIS results.

When applied to the MODIS data, BEAST uncovered spatiotemporal patterns of vegetation
dynamics that were consistent with the known disturbance history (Fig. 10). In particular, the two
major landscape-scale disturbances, the 2003 ice storm and 2009 fire, were detected successfully.
The estimated disturbance timings matched closely with the true dates (Fig. 10c). The BEAST-
detected locations and extents of the disturbances closely resembled those patterns revealed by the
post-disturbance Landsat images as well as those manually derived from independent high-resolution
imagery. Within the perimeter of the disturbed regions, BEAST depicted the spatial heterogeneity in
disturbance magnitude. One such output is the probability of being a true changepoint. For example,
when tested for the burned region within the 2009 fire rim, the BEAST-estimated changepoint
probability strongly correlated with the independent Landsat-based dNBR (r=0.66, n=288, p-value
<<0.001) (Fig. 11a). Such probabilistic outputs enable BEAST to characterize not only those large-

magnitude disturbances but also all other disturbances over a continuous range of magnitude. The

32



667

668

669

670

671

672

673

674

675

676

677

probabilistic results should be more informative and practically useful than the mere reporting of

binary outcomes about occurrence or not.

(@)

BEAST-detected Trend in MODIS EVI data over Shawnee State Forest, Ohio, from 2000 to 2014

.
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[ ceeeeee— |
40 05 0 05 1.0

7
Shawnee State Forest

(b)

BEAST-estimated probability of observing
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Fig. 10. Case study 3: MODIS EVI data from 2001 to 2014 over the Shawnee State Forest, Ohio where the forests
have been disturbed by many natural events and anthropogenic activities, for example, including an ice storm in
February 2003 and a fire in April 2009. Shown in (a) is a 3D volumetric view of the spatiotemporal patterns of forest
trend dynamics detected by BEAST; therein, brown areas indicate spatiotemporal locations where the forest
ecosystem is of low vitality. The ice storm and fire disturbance events are singled out to illustrate the detected
probability of changepoint occurrences. (b) Post-disturbance Landsat images together with manually-derived
disturbed regions (i.e., white polygons) are accompanied as visual references to assess the spatial patterns of

MODIS-based disturbances. Shown in (c) are density plots to depict individual trajectories of detected seasonal and
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trend dynamics for all the MODIS pixels: the darker the color, the higher the trajectory density. Overlaid on the
density plots are red solid curves to indicate the mean trajectories averaged over all the pixels. The “Prob” subplots
show the mean changepoint-occurrence probabilities averaged over all the pixels (blue curves). The true timings of

the ice storm and fire are indicated by vertical blue bars.

Ecologically speaking, the seasonal and trend dynamics uncovered by BEAST were
compatible with true vegetation responses to ice storm and fire. Sudden drops in NDVI were
detected by BEAST at the starts of the ice storm and fire, followed by rapid continuous transient
transitions for post-disturbance recovery. When uncovering seasonal dynamics, BEAST detected no
seasonal changepoints for the 2003 ice storm but some changepoints over part of the region for the
2009 fire (Fig. 10c). This result is corroborated by the contrasting damage severity of the two
disturbances: the ice storm caused branch breakage and infrequent treefall; the fire was more
destructive and sometimes stand-replacing. The severe fire damages shifted the phenology at some

disturbed pixels (Fig. 10c).

( (b)
0.4 \ \ \ \ \ X
O Landsat dNBR vs MODIS changepoint probability X Data vs BEAST-fitted l;;f
—— R=0.664 Y=X %7
0.35 Best line fit (R?=0.91)
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Fig. 11. Case study 3: (a) BEAST-estimated probabilities of changepoints occurring in Feb 2009 for

288 MODIS pixels within the fringe of the wildfire are correlated significantly with independently
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derived Landsat burn severity dNBR. (b) True reference EVI values vs. BEAST-estimated values for
a selected MODIS time series based on the leave-one-out cross-validation.

From a regression standpoint, BEAST fitted the MODIS time series well and made accurate
predictions within time-series data gaps. Averaged over all the pixels of the region, the correlation
between the actual and fitted time series was 0.943 (Fig. 11a). The strong correlation highlights the
predictive power of BEAST and supports its potential use as a gap-filling method. This capability is
further confirmed by cross-validation. For example, in Fig. 11b, a leave-out-out cross-validation tested
upon a MODIS time series showed that the estimated missing values matched the true reference
values with high fidelity (R2=0.91).

6. Discussion

Leveraging the rapid growth of satellite time-series data to uncover the vagaries of landscape change
is an area seeing a surge in algorithm development (Coken et al. 2017; Wulder et al. 2012; Zhu 2017).
This advance leads to many new ecosystem dynamics products but, at the same time, opens new
research gaps (Coken et al. 2017). The problem examined here is how to improve algorithmic
robustness and characterize algorithmic uncertainty. Cohen et al. (2017) stressed this problem by
noticing considerable discrepancies among seven algorithms, with a pixel-level agreement of only
0.2% in detected disturbances and a 1500% difference in estimated disturbance areas. Ensemble
learning is touted as a remedy (Coken et al. 2018; Healey et al. 2018) but was only partially explored.
The development of BEAST helps to bridge the gap by offering a generic tool that incorporates an
ensemble of models into time-series analysis. Our case studies provide experimental evidence on the
efficacy of BEAST in detecting abrupt change, seasonality, and trend.

6.1 What BEAST can and can’t do?

BEAST is a Bayesian regression method to isolate periodic and trend signals from a time series and to

pinpoint abrupt shifts in the two isolated signals. It is intended primarily for trend analysis and
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changepoint detection, targeted at questions like those elicited in Section 2. Are there any increasing
or decreasing trends, any changepoints, or any phenological shifts? What is the rate of change at a
given time? Is the detected greening trend real? What is the probability of observing 3 changepoints
between 2001 and 2015, or both a seasonal and a tend changepoint in August 20097 Interpretations,
connotations, validation of the answers to these questions are context-specific, depending on the
goals of applications (Coken et al. 2017; Wulder et al. 2012). BEAST is applicable to any real-valued
variables, such as LAI, temperature, soil moisture, gravity, and other biological or even
socioeconomic data; therefore, translating the results into insights is contingent on the natures of the
data and problems at hand.

BEAST detects temporal dynamics but can’t attribute drivers. Is a detected greening due to a
warming climate, post-disturbance recovery, or reduced grazing? Is a detected forest loss caused by
fire, insect, hurricane, logging, or urbanization? Is a shift in phenology due to climate change, altered
management, crop rotation, succession, or land conversion? BEAST can’t answer these attribution
questions directly. To a lesser extent, even a simple question like whether a detected NDVI drop
corresponds to a forest or grass loss can’t be answered unless we know that the site observed is a
forest or a grassland. To answer the questions, we need to combine BEAST further with other
algorithms and ancillary information. For example, BEAST can be used to map extents, timings, and
severity of gypsy moth infestation if we know that it is the disturbance agent. For applications on
mapping both changes and drivers, BEAST should be interfaced with a classifier that is trained
empirically to relate BEAST-derived metrics with land-change classes or causative agents (Co/en et
al. 2017). The training and validation of the classifier can follow the good practices recommended for
mapping land cover (McRoberts 2011; Olofsson et al. 2014, Olofsson et al. 2013).

We envision that BEAST is particularly useful for three related but subtly different areas in

remote sensing. One area concerns ecosystem dynamics; the aim is to track vegetation changes over
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time and understand their drivers. Current use of satellite data for such purposes is fraught with
debates, for example, regarding how climate change has affected long-term vegetation growth, how
global warming alters land surface phenology, and how extreme weather impacts forests. The second
area pertains to mapping land disturbances and land conversion over time. Despite recent advances,
the existing algorithms diverged greatly and produced inconsistent disturbance maps. With its proven
analytical capability, BEAST should be able to provide new perspectives into these two areas. A third
area of applications is to apply BEAST to fill temporal gaps in satellite data. BEAST can fit a
nonlinear curve to data with gaps and estimate the missing values.

6.2 BEAST vs. existing methods

Numerous time-series methods have been introduced for applications in remote sensing or other
disciplines (Brockwell and Davis 2016; Hamilton 1994; Zhu 2017). Many of them were developed
under various names, such as trend analysis, seasonal decomposition, changepoint or breakpoint
analysis, signal segmentation, regime shift detector, anomaly detection, and structural change
(Brockwell and Davis 2016; Denison 2002; Hamilton 1994; Harvey 1990). Rigorous comparisons of
BEAST to the existing methods are complicated by the sheer number and diversity of algorithms and,
to some extent, a lack of consensus on nomenclature. For ease of comparisons, our discussion below
focuses only on two aspects of BEAST: trend analysis and changepoint detection.

BEAST extends conventional trend analyses in several ways. The majority of existing
analyses—based mostly on NDVI—examined linear trends by fitting a global line to the data without
considering seasonality, if any (Brando et al. 2010; Myneni et al. 1997; Piao et al. 2006). BEAST applies
flexible basis functions to fit both linear and nonlinear trends and disentangle trends from seasonality.
Some recent trend analysis methods attempted to address nonlinearity using piecewise linear models,
but with a prescribed number of changepoints (Chen et al. 2014; Wang et al. 2011). A landmark study
in this category is Wang et al. (2011) that applied a piecewise linear model with one changepoint to
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AVHRR data for new insights into climate-ecosystem interactions. Indeed, it is the one-changepoint
model of Wang et al. (2077) that motivated our algorithm development. BEAST goes beyond by
making the changepoint number an unknown parameter and letting the data tell what it is.
Statistically speaking, existing analyses were mostly based on frequentist methods, seeking only the
“best” model; BEAST employs Bayesian model averaging, embracing all candidate models rather
than selecting just one.

What distinguishes BEAST most from the existing trend analysis methods is its capability of
inferring nonlinear dynamics. BEAST provides a universal approximator of any arbitrarily complex
trends. In contrast, most existing methods derive only linear or piecewise linear trends (/Wang et al.
2011). True drivers of ecosystem dynamics are unlikely to be purely linear or piecewise-linear over
time but rather complex and nonlinear. For example, plant successional stages are known to largely
follow a nonlinear recovery trajectory (Burkeit et al. 2005). Long-term climate trends are confirmed to
be inherently nonlinear (Franzke 2014). With its better approximation power, BEAST is more likely
to find these true nonlinear trends than the existing methods. Improved fitting of trends can help with
changepoint detection because errors in fitting trends may be translated into errors in changepoint
detection.

For changepoint detection, existing algorithms are mostly heuristically-based, involving the
testing or optimization of criteria (Coken et al. 2017; Zhu 2017). For example, several well-known
algorithms, such as LandTrendr, VCT, and CCDC, rely on locally-based heuristic rules by checking
if some deviation metrics meet certain pre-set thresholds. They often iteratively analyze the time
series piece by piece or step by step (Huang et al. 2010; Kennedy et al. 2010; Zhu et al. 2012). In
contrast, BEAST is a parametric regression method. It does not require any threshold testing or
criterion optimization but, instead, fits a global model to decompose the whole time series in one step

and uncover changepoint , trend, and seasonality altogether. As another key difference, many existing
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algorithms are hard detectors in that their outputs are limited to either 1 or 0—a changepoint or not;
BEAST is a soft/fuzzy detector capable of estimating the occurrence probability of changepoints over
time (Cohen et al. 2017; Huang et al. 2010). This difference is analogous to that between hard and
soft/fuzzy classifiers. To our knowledge, BEAST is the first fuzzy time-series algorithm ever
developed for remote sensing applications.

Of the existing algorithms, bfast is the one that shares the most commonality with BEAST
(Verbesselt et al. 2010a; Verbesselt et al. 2010b). The two have almost identical parametric models
except that bfast fixes the seasonal harmonic order to a constant of 3 or other constants but BEAST
treats it as an unknown to be estimated for individual seasonal segments. This difference seems minor
but has substantial effects, partially explaining why BEAST detected more seasonal changepoints.
The varying harmonic order gives a flexible representation of seasonality and helps BEAST to
capture subtle variations difficult to represent by a fixed-order seasonal model (Fig. 6b1 vs Fig. 6b2).
The BEAST or bfast model is additive. If parts of the true seasonal dynamics are not captured by the
seasonal model S(t), these seasonal parts will be squeezed into the trend model T(t) or noises. As a
result, seasonal abrupt changes may be confused with trend changepoints. Likewise, parts of the true
tend, if not adequately captured by T(t), will leak to contaminate the estimation of seasonality. This is
why we strived to make BEAST a flexible approximator of any arbitrary trends. In short, reliable
detection of changepoints, especially those subtle ones, requires the accurate modeling of not only the
trend or seasonal component alone but both altogether.

Another key difference between BEAST and bfast or other algorithms lies in parameter
estimation. Bfast treats the model parameters as unknown constants. BEAST treats them as random
variables; its inferential goal is not only the best values of the parameters--number and timing of
changepoints, harmonic orders, and coefficients--but also their probability distributions. BEAST tells
not only a detection of 3 tcp but also a 71% probability for having 3 tcps, a 20% for 2 tcps, or a 5% for 1
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tcp. Put differently, bfast seeks a single best model but BEAST embraces numerous models in terms
of a probability distribution over the model space. This is likened to the difference between CART
and Random Forests (Friedman et al. 2001). Bfast is like CART that finds only one decision tree;
BEAST is like Random Forests that uses many trees. As shown in the ecology and machine learning
literature, Random Forests is less likely to overfit and more likely to find ecologically-meaningful
relationships than does CART (Breiman 2001a). Similarly, as an ensemble modeling algorithm,
BEAST tends to generate more flexible and interpretable results.

6.3 Ensemble learning: One plus one is more than two

BEAST is based on ensemble learning. Most other algorithms for satellite time-series analysis are not,
except two recent algorithms in Cohen et al. (2078) and Healey et al. (2078). But BEAST and these
two are not comparable. BEAST is a regression method for time-series decomposition wherein
ensemble learning is internalized into the Bayesian formulation. In contrast, the other two algorithms
are some classifiers that ingest the pool of multiple model outputs as predictors to classify disturbance
agents. More generally, ensemble learning comes in many other fashions, but the core is to combine
many models or algorithms into a better one (Friedman et al. 2001). Experimental evidence is
unequivocal about the effectiveness and superiority of ensemble learning, compared to the single-
best-model paradigm (Friedman et al. 2001). Recent years also saw a growing urge for better
leveraging the paradigm of ensemble modeling or multi-model inference—a voice that is being heard
in many scientific disciplines and is reinforced again here.

Why does ensemble learning help with our time-series analysis? The answer lies in a familiar
example: the IPCC relies on many climate models instead of any single model to augment confidence
in climate prediction (Solomorn 2007). What is implicit here is George Box’s aphorism “all models are
wrong”, a creed that, if held, may help little with practical modeling but, if ignored, can engender
unwarranted epistemological debate (Bever 2010). All remote sensing models, including radiative
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transfer models in operational use and our BEAST algorithm, are also wrong in the sense that they
are always simplifications and approximations of the true processes (Schowengerdt 2006). This is
connoted by the fact that remote sensing is fraught with the use of different algorithms or models to
decipher the same linkage or functional relationship (Co/en et al. 2017).

Since all models are wrong, the consideration of many models as in BEAST can reduce the
chance of deviating too far from the unknown truth, compared to the choice of just a “best” model.
When ranking models in terms of usefulness metrics such as AIC and BIC, the “best” ranked model
is not guaranteed to be closer to the truth than other models of lower ranks (Shmueli 2010; Zhao et al.
2013). As a rule of thumb, if two models have an AIC difference of <2.0, there is no strong evidence
that one should be favored over the other (Burnham and Anderson 2003). Similar rules exist for other
model selection criteria. In the current context, each candidate model is uniquely specified by the
model structure parameters, such as numbers and timings of changepoints. The entire model space
may comprise quadrillions of candidates or more. Not surprisingly, there can be numerous competing
models (e.g., millions) that are statistically indistinguishable from the “best” model in terms of AIC
or BIC, a phenomenon called model equalfinality (Bever 2010). The lack of strong statistical power to
discriminate some models against others makes it safer to use the many models than a “best” model.

Even if not all models are wrong and the true model is in the space of candidate models,
ensemble learning can still be more robust than single-best-model algorithms (Friedman et al. 2001;
Wintle et al. 2003; Zhao et al. 2013). Even in a simple scenario of linear regression, Zhao et al. (2013)
showed that many single-best-model regression procedures failed to recover the true linear model.
More generally, no model selection criterion guarantees finding the true model. The failure is
primarily due to two factors. First, the space of candidate models is so enormous that optimization
may be trapped at local minima, failing to find the real optimal model. Second, even if the real optimal
model is luckily found, it may still not be the true model: optimality is not equivalent to truth. The
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true model may have worse AIC or BIC values than other models, for example, due to data noises or
multicollinearity (Friedman et al. 2001; Grossman et al. 1996). These difficulties justify the use of
ensemble learning even if we can correctly parameterize the true model, let alone when we can’t.
How can BEAST uncover arbitrary nonlinear vegetation dynamics, given that individual
trend models are just piecewise-linear? A rigorous mathematical answer to this is beyond the current
scope. Intuitively speaking, the averaging of many piecewise irregular functions will smooth out the
irregularity and mold them into a more flexible function (Friedman et al. 2001). Indeed, for almost all
practical applications, the use of ensemble averaging is more flexible in fitting nonlinear functions
than any individual models. A familiar example again is Random Forests: each tree is a discontinuous
partition-based function, but the averaging of many trees is able to approximate complex functions
(Cogger 2010). This is what we call here as “the making of a stronger model from many weak models”
or “one plus one is more than two” (Friedman et al. 2001). It is this property that enables BEAST to
detect realistic vegetation trend dynamics.
6.4 Bayesian statistical modeling: To explain or predict?
BEAST fits a Bayesian regression model or a function curve to match the observed time series, with
time as the independent variable. In this regard, BEAST is the same as the many existing statistical
models relating remote sensing predictors to biophysical variables. However, their modeling purposes
are not the same (Shmueli 2010). Most of the statistical models are calibrated to minimize differences
between fitted and observed land variables and then estimate the variables for new data unused in the
calibration, that is, to predict (Breiman 2001b; Zhao et al. 2018). The purpose of BEAST is not to
minimize the fitted-vs-observed differences or predict values at a new time but to identify the right
mechanisms underlying the observed time series, that is, to explain (Dashti et al. 2019; Thomas et al.
2018). Models that predict well may not explain well, and vice versa (Shmueli 2010). Black-box
machine learning models are such examples. Although the explain-vs-predict divide is not
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dichotomous, future studies will garner more successes in designing robust statistical algorithms to
obtain useful vegetation dynamics information if we pay attention to the explaining nature of such
modeling efforts.

Bayesian modeling is of great value in mining complex data to find meaningful and
interpretable relationships (Finley et al. 2008). A confirmatory example is our BEAST algorithm.
Bayesian inference is powerful particularly because of its explicit consideration of various sources of
uncertainty (Denison 2002; Kennedy and O'Hagan 2001). The time-series problem at hand is a
difficult one fraught with uncertainties, due to some apparent conflict. On one hand, model
misspecification is inevitable (in theory, true vegetation dynamics are unlikely piecewise-linear or -
harmonic); on the other hand, our aim is to use the misspecified model to capture the true vegetation
dynamics (the model should explain well). This conflict will be subtly translated into uncertainties in
the model parameters and structure. A full characterization of these uncertainties is practically
impossible with the conventional single-best-model paradigm, especially because it ignores model
uncertainty (Beven 2010; Kennedy and O'Hagan 2001). These uncertainties, however, can be
formalized and treated rigorously and systematically by the Bayesian paradigm.

Despite the exceptional power of Bayesian modeling, its use in remote sensing remains
limited. Many factors contribute to this. Philosophically, the “subjective reasoning” label of Bayesian
inference may deter many researchers from considering it seriously (Denisor 2002): who wants to
sound subjective in the science enterprise? This concern is unwarranted, given the rising acceptance
of Bayesian statistics in essentially all fields after decades of philosophical debate (Ellison 2004;
Friedman et al. 2001). Even if its utility is realized, there is habitual inertia to overcome because
conventional statistical methods still find the dominant use. Moreover, the use of Bayesian methods
is often hampered more by practical factors, such as a dearth of easy-to-use Bayesian statistical

software, the unfamiliarity of these methods to the larger community, the inherent complexity of
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Bayesian modeling, a lack of formal training in Bayesian statistics, and often enough, daunting
computation costs of Bayesian methods. Nonetheless, we hope that the demonstrated value of
BEAST provides an impetus to encourage future remote sensing applications of Bayesian techniques.
We envision that Bayesian techniques are particularly appealing in cases that data are complex or
noisy, characterization of uncertainty is pivotal, computation is not constraining, and the modeling
purpose is to explain (e.g., uncover the truth or test theories) rather than predict.

6.5 How to validate time-series decomposition algorithms

What should be validated or evaluated? The goal is to quantify the degrees to which estimated
dynamics and changepoints represent the truth. Because changepoints are parts of trend/seasonal
signals, validation of changepoints underpins that of trend or seasonal dynamics. In particular,
validation of changepoints should cover all the model structure parameters—numbers and timings of
changepoints, and harmonic orders. Changepoints here refer to abrupt shifts in both seasonality and
trend, be positive or negative in direction, that span a continuous spectrum of magnitude. The
changepoints referred to here are consistent with those in Wang et al. (2077) and Browning et al.
(2017). This range goes beyond the consideration of only large-magnitude disturbances (e.g., land
conversion, forest loss, and fire) that are characteristic of many Landsat-based algorithms (Co/en et
al. 2017; Huang et al. 2010). Estimated trend or seasonal dynamics, such as the sign and the rate of
change, should be compared to true dynamics.

A full evaluation of time-series algorithms such as bfast and BEAST is critical but, often
enough, difficult due to a lack of ground-truth (L ez al. 2004). Take bfast as an example. In the
MODIS data of Example 2, only the 2004 trend changepoint (tcp) was originally used to test bfast
(Fig. 6) because the 2014 harvest was known precisely. The other tcps and scps were not assessed yet
and are hard to test (Fig. 6b2). These tests are about whether the bfast-detected changepoints are real

or artificial. A more difficult test is about how many true tcps and scps have been detected by bfast.
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An even more difficult task is to test the veracity of the estimated trend or seasonal signal. (In Fig.
6b2, is the post-harvest browning after tcp#9 a real trend or an algorithmic artifact?) These validation
questions are difficult, if not impossible, to answer. The same difficulties apply to validation of
BEAST. Similar difficulties were also noted in Browning et al. (2017), which, though considering only
15 MODIS time series, is the first study to assess bfast with field-based vegetation dynamics data. But
even for that study, the validation was partial, limited to the testing of user accuracy for changepoints.

The aforementioned difficulties are manifested in other fashions. Current controversies
surrounding satellite-derived ecosystem dynamics could have been safely dismissed if the associated
time-series analyses had been validated. Even a seemingly simple question, like “is the NDVI trend a
greening or browning?”, has been debated and largely unverifiable. Such issues are not confined to
remote sensing. Other fields, such as statistics, ecology, and econometrics, are also fraught with time
series analyses of the same nature as ours. We are unaware of any studies in these fields that
conducted full validation of changepoint algorithms when tested upon real-world data. For example,
many algorithms were applied to the river flow data of the Nile at Aswan (Balke 1993; Betken 2017;
Denison 2002; Wu and Zhao 2007). Most of them gave similar but essentially different
decompositions. Even for this well-studied data, it is hard to test whether the algorithms uncovered
the true river flow dynamics.

Because we normally have no access to all the ground-truth needed, we recommend eight
practical strategies for algorithm validation. First, a simple yet powerful strategy is to validate
algorithms against synthetic data. If an algorithm cannot recover the known true dynamics from the
synthetic data to which it is tailored, it unlikely applies well to real data. This test is the first filter that
a useful algorithm must pass. Use of synthetic data also permits full assessments under various
conditions (e.g., different noise levels) (Section 5.1). Second, algorithms can be validated qualitatively
(not equal to “subjectively”) with respect to some general known patterns. This is another filter that
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useful algorithms must pass. If they detect a declining trend in the air CO2 data, a browning for forest
recovery, or no changepoints for a frequently-disturbed region, there must be some problems with the
algorithms. Third, validation can be done using well-established knowledge, such as ecological
principles and empirical evidence. One example is the confirmation of the 2004 scp in the MODIS
time series because forest clearing is known to change phenology. Another is the 1980s regime shift in
the air CO2 time series. Passing this test will enhance users’ confidence in the algorithm. Fourth, asa
relative evaluation, an algorithm can be compared to other algorithms. Fifth, cross-validation is
another effective strategy, especially for those algorithms that apply parametric models to
approximate time series.

Sixth, validation can be done using known individual events (e.g., disturbance or land cover
change). One example is the evaluation of bfast upon the harvest/planting years over a region in
Australia. Our test of BEAST for the fire and ice storm events in Ohio was another example. Seventh,
validation can be done using reference data derived from independent sources. One example is
through photo-interpretation with TimeSync; another example is our tool trackEcoDyn, which is
functionally similar to TimeSync. As a caveat, such reference data are subject to errors and
uncertainties (Coken et al. 2010), as explained in Figure 11. Eighth, validation can be done using proxy
data of all kinds. One example is the use of climate variables and field-based vegetation composition
and biomass in Browning et al. (2077) to assess NDVI time series. Another example is our use of
dNBR to assess the BEAST-derived changepoint probability. As a third example, to test if surface
evaporation sees an abrupt change at a time, we can check air temperature or moisture as proxies.

Overall, none of these validation strategies is complete and perfect. A compromise is to rely
on as many strategies as possible. Indeed, to test BEAST, we employed all the eight strategies, each
emphasizing a differing aspect of BEAST. But in many existing satellite time-series analyses, the
practice was to focus only on one aspect of the algorithms (e.g., large-magnitude changepoint only,
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trend only, or phenology only). Obviously, a comprehensive strategy that embraces more aspects of
the algorithms should be preferred because the various components of time-series decomposition do
not stand on their own but rather are linked: any errors in one component will be leaked to degrade
the estimation of others. Without such comprehensive evaluations, it becomes inevitable that
ecological interpretations of satellite time-series decomposition are laden with inconsistency or
controversies.

6.6 Caveats and future research

Several caveats are noted. First, BEAST detects anomalies and trends but doesn’t attribute the
drivers. If data are contaminated by spurious errors (e.g., clouds) or systematic biases (e.g., gradual
sensor degradation) (Wang et al. 2012), these outliers and drifts can be misconstrued as true signals.
To reduce such commission errors, data artifacts should be removed or suppressed beforehand.
Second, BEAST makes inference via Monte Carlo sampling and therefore, requiring more
computation than many other algorithms (Kennedy and O'Hagan 2001). Applications of BEAST to
massive high-resolution data, such as the Landsat archive at the global scale, will demand daunting
computation. The recommended use of BEAST is for global coarse-resolution or local high-
resolution (e.g., Landsat coverage of a county).

Third, BEAST explicitly quantifies how likely each point of time is a changepoint . The
resultant probability appears indicative of disturbance severity (Fig. 11) and also captures low-
magnitude disturbances that may be missed by other algorithms. Interpretation of the probabilities is
contingent data quality. An abrupt change will have a lower detection probability if data get noisier.
All else being equal, the higher the signal-to-noise ratio, the larger the estimated probability of the
same disturbance. The interpretation is also confounded by sub-pixel heterogeneity. A changepoint
detected with a 5% probability at a pixel, for example, may be due to either a low-magnitude
disturbance across the whole pixel or contrastively, from a severe disturbance over a small fraction of
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the pixel. BEAST can’t distinguish the two cases. The confounding can be resolved by turning to
finer-grained data (Roy et al. 2014; Zhao et al. 2018).

Fourth, the scale matters. When detecting changepoints, BEAST is scale-dependent.
Consider two adjacent pixels, one with a sudden NDVI drop and the other with a rise of the same
magnitude at the same time. If applied separately, BEAST will detect a changepoint for each pixel.
But if the two pixels are combined into one, the two abrupt changes cancel out and the changepoint
disappears at the aggregated scale. This scaling effect is an inherent characteristic of all algorithms.
On the contrary, we speculate that BEAST is scale-invariant when uncovering trends or seasonal
dynamics. That is, applying BEAST to many pixels and then aggregating the individual detected
trends should give the same overall trend as that obtained by first aggregating the individual pixels
into a large pixel and then applying BEAST to the aggregated pixel. This nice property is attributed to
the additive nature of general linear models (Z%ao et al. 2009). The scale-invariance permits the use of
BEAST across scales to infer trends without introducing artificial discrepancies , thereby facilitating
fusion of multi-resolution data. For applications concerning only trends not changepoints, the use of
BEAST at aggregated scales will also lessen the computation needed.

Fifth, BEAST is applicable to any real-valued data. However, it is a univariate method and
can’t decompose multiple time series simultaneously or leverage the inter-correlatedness of the many
time series (e.g., multispectral bands). Extending BEAST into a multivariate algorithm is
conceptually easy but the implementation is complex—a future topic to be explored. Other
extensions are also possible. Here we tested BEAST upon only dense time series to track both trend
and seasonality. It can be revised to handle sparser non-periodic time series (e.g., annual Landsat data
with one observation per year) by simply suppressing the seasonal component in its formulation.
BEAST can also be extended to handle data collected at irregular time intervals or data with duplicate

measurements at a single time. As an unsupervised decomposition algorithm, BEAST can’t classify
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disturbance agents (Kennedy et al. 2015); therefore, another extension is to embed a supervised
classifier into BEAST for simultaneously detecting changepoints and classifying disturbance types.
Last, we highlighted the unique features of BEAST but our intent is not to favor or
discriminate one algorithm against others. All the algorithms have their own niches and offer different
perspectives. Algorithmically speaking, there is no panacea for inferring true dynamics from noisy
data (Breiman 2001b). The validity of the diverse or conflicting perspectives, therefore, needs to be
judged based on domain-specific knowledge and high-fidelity ground-truthing. Because BEAST is the
first ensemble-based fuzzy time series decomposition algorithm ever developed for remote sensing
applications and also because it is able to recover complex dynamics and characterize various types of
uncertainty, its use can engender new insights not obtainable by other algorithms. Future studies may
further test the utility of BEAST for various data, problems, and geographic regions. One example is
the analysis of AHVRR or MODIS data to detect disturbances and nonlinear long-term dynamics and
determine how ecosystems have been driven by climate change and human activities, an area still
fraught with many conflicting findings. Overall, BEAST serves a useful tool to derive observational
information from satellite data, as a way to complement field surveys, controlled experiments, and
computer models in quantifying ecosystem responses to environmental changes.
7. Summary
We presented a Bayesian algorithm —BEAST —for decomposition of time series into three
contrasting components: abrupt change, periodic change, and trend. BEAST helps to leverage the
increasing availability of multisource satellite time-series data for detecting land disturbances and
tracking nonlinear ecosystem dynamics. Compared to many existing algorithms, BEAST explicitly
addresses model uncertainties via ensemble learning, thereby alleviating inter-algorithm
inconsistencies to some extent. Such inconsistencies were widely recognized and, if not addressed,

would result in diverging or conflicting interpretations of the same data. Conceptually, BEAST

49



1054

1055

1056

1057

1058

1059

1060

1061

1062

1063

1064

1065

1066

1067

1068

1069

1070

1071

1072

1073

1074

combines many individual weak models into a better model via Bayesian model averaging.
Mathematically, BEAST is rigorously formulated, with its key equations being analytically tractable.
Practically, BEAST can estimate probabilities of changepoint occurrence, detect not only large but
also low-magnitude disturbances, and uncover complex nonlinear trend dynamics, all of which are
difficult to obtain by single-best-model algorithms. BEAST is generically applicable to not only
remote sensing data but other environmental, ecological, or socioeconomic time-series data. Our
initial experiments confirm the utility of BEAST. We envision that its use will offer new satellite-
based insights into patterns and drivers of ecosystem dynamics.
Appendix A.
Here we described more on the specification of the prior (By;, 02, M) = w(By, 02| M)t(M) for
BEAST.

First, we chose a normal-inverse Gamma distribution as the prior of model coefficients By
and variance 02 conditional on model configuration M:

(B, 0%|M) = mg(B,,|0% M) 1,2(6%) = N(B,,; Om, 6%vIy) - IG(c?;, b).

where the conditional prior T[B(BM |02, M) is a Gaussian distribution N(BM; O, aszM); the prior
Tr42 is an inverse-gamma distribution 1G(c?;-,") that is independent of the model configuration M and
is specified by two scalar hyperparameters a and b. To parameterize the Gaussian prior 75(+), we set
its prior mean to zeros Oy , a justifiable choice if the covariates are centered beforehand; the prior
covariance we choseK is the ridge prior o%vly. The subscript “M” in the zero-mean vector 0y and
the identity matrix Iy indicates that their dimensions depend on the model structure M. Moreover, in
the prior covariance for 7g(*), v is a scalar hyperparameter. Judicious values for v are not available in

advance; therefore, we also treated v as random and further assigned it an inverse-gamma prior
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7, (v)=1G(v; ¢, d) with two hyperparameters c and d. This prior 1, (v) is a hyperprior because it is
elicited at a level deeper than By - Consequentially, the full conditional prior of Eq. 5 is refurnished as
By, 0% v|M; a, b, ¢, d)
= g, (By|o?, v, M)7,2 (%1, b)m, (vic, d)

where the hyperparameters g, b, ¢, and d are underlined and made explicit for the respective priors.

Second, the prior on model structure (M) is chosen to be vague in order to reflect a lack of
prior knowledge on when and how many abrupt changes occur in an observed time series. Because of
the separate parameterization for the trend and seasonal signals, it is reasonable to independently

elicit the model priors for the trend and season signals:

nM)=mn ({m} U {Tj}j=1,-..,m) ﬂ({P} U {fk}k=1,...,p U {Lk}k=0,...,p)-

Firstly, the prior for the trend can be decomposed as

s ({m} U {Tj}j=1,,_,,m) =T ({Tj}j=1,...,m|m) m(m).

As a way to encode the vagueness of these model priors, we assume that the number of changepoints,
m, takes any integer with an equal probability a priori. Meanwhile, we impose a constraint on the

maximum number of changepoints allowable in a trend signal, as denoted by m,,,,, , which helps to

preclude over-complicated models. The prior 7 (m) is therefore a uniform distribution over
{0)1"‘ mmax}:

1/ (Mg +1) if0<m< My,
n(m ={ I . -
0 if m> my,,

Further, given a total of m changepoints, their locations, {z;} . are assumed to take random

j=1,..,
values from the points of observation time {t;};—; _,. This choice again represents a non-informative
prior. As a practical constraint, we assume that any consecutive changepoints should be separated
apart by at least a time interval T. Put together, the conditional prior for changepoint locations is
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1 ifmax|t; — 1| <T
m({z;}. |m OC{ @) '
({ 1}]=1,...,m ) 0 otherwise

Secondly, the prior on the seasonal model structure can be re-written as

7} U Eider,op U idimo,.) = 7(idmr,alp)e®) | | ()

where the priors on the number and locations of changepoints, (p) and rt({f dk=1,..p |p), take the
same forms as those of the trend signal, except that the maximum number of changpoints allowable is

Pmax rather than m,,,, and that the minimum separable distance between adjacent changepoints is

W rather than T. Similarly, the prior on the order of the piecewise harmonic model, 7(Ly), is also
considered non-informative in that L, randomly takes any value between pre-defined lower and upper

limits of the allowable orders (L,,;, and L,q,):

1/(Lmax - Lmin + 1) if Lmin < Lk < Lmax

(L) = {
0 otherwise
In the prior above, the model parameters {B,,, 0%, v, M} are of inferential interest and are all

considered random. In contrast, the ten underlined hyperparameters

{a,b,c,d, M0y, Pmax» T W, Linin, Limax } are treated as fixed and should be pre-specified, although it

is permissible to additionally treat them as random variables by further eliciting hyperpior
distributions at higher levels in a manner similar to the treatment of v. There are no general rules on
how to specify the values of these hyperparameters. The setup in this study was chosenasa = b =

0.01,c=d =10.02,T =W = 1year, Lyin = 0, Liax = 10, Mpqy = Pimax = max(n/P, 30) with

n and P being the total number of observations and the period of the NDVI signal, respectively. Such
choices for the inverse gamma priors are almost equivalent to non-informative priors for practical
purposes, reflecting our vague knowledge on 62 or v a priori. Preliminary trials with various datasets

suggest that the resulting predictive performances are insensitive to the settings of these
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hyperparameters as long as M, 45, Pmax, a0d Ly,q, assumes a moderately large value (e.g., my,, >

15, and L4, > 6),{a, b, ¢, d} take small values, and the data are standardized beforehand.

As a recap of the Bayesian formulation for BEAST, the likelihood Eq. 4 and the priors Egs.5

and 7 combine to reach the full posterior of our formulation according to Eq. 3:
P(Byy 02, v, M|D)

H?:l N(Yz: XM(ti)BMJ 02) T[B(Bmlo_zr v, M)”oz (Uz IQ' é)nv (VIQ 4) s ({T/}j:1 m{Mypax, I ) T ({fk}kzl,,..,p' plpmaxr E ) Z:o T[(Lk |P. Lmin' Lmax)'

It can be further factored into three conditional posteriors:
p(M|v,D) « p(Dl|v,M) - m(M);

p(B,, 0%|v.M,D) = N(BM; Vu X};y,JZV;,) -1G (oz;g

+2,b+[yTy - y" XV, Xiy]);

d+

2
P_M 12121 ﬂk,M
2= 2

p(v|B,,. 0% M,D) = IG ( vic+

where we have V), = (v‘llM + Xy XM)_land pu is the total number of coefficients collected for all
segments of the piecewise linear and harmonic models. These three conditional posteriors were
sampled iteratively to simulate a chain of posterior samples using our hybrid Gibbs MCMC sampler.
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