ABSTRACT

GAO, XIAOJIE. Does Chilling Explain the Divergent Response of Spring Phenology to Urban
Heat Islands?. (Under the direction of Josh M. Gray).

Plant phenology is a sensitive indicator of climate change, it affects various ecosystem
functions, biodiversity dynamics, carbon cycles, and human health. Temperature increases
from the Urban Heat Island (UHI) effect are thought to be the main driver of plant pheno-
logical changes around cities. However, trends in plants’ start of the growing season (SOS)
dates around urban areas, compared to their rural surroundings, have diverged across
the globe: some advance, and some delay. Divergent SOS responses have been observed
in field measurements and satellite remotely sensed land surface phenology (LSP). The
reasons are unclear. We hypothesize that the divergent SOS responses can be explained by
the interaction between UHI-induced seasonal temperature changes and plant chilling
requirements—the need for plants to experience sufficiently low temperatures to release
dormancy. More importantly, observational studies investigating temperature effects on
spring phenology often suffer from the challenge of natural correlations in temperature
seasonality. UHI-altered temperature conditions may provide an opportunity to disen-
tangle the relative winter chilling and spring forcing effects. Therefore, to test the chilling
hypothesis and advance our understanding of phenology, this dissertation conducted three
main steps:

First, we developed a novel method to produce long-term medium spatial resolution
LSP data for large cities. Existing LSP data sets are either derived from sensors that have
coarse spatial resolutions or short temporal periods. They may provide limited information
for understanding long-term phenological changes in heterogeneous regions. Temporal
sparsity is the main challenge in deriving LSP from medium spatial resolution sensors
that have long-term records. Therefore, we developed a novel Bayesian hierarchical model
(BLSP) to address the temporal sparsity of medium spatial resolution sensors; With this, we
can retrieve annual LSP records from 1984 to the present with pixel-wise uncertainty. The
method is an important step forward in extending medium spatial resolution LSP records
back in time and is critical in understanding urban phenological changes.

Second, we explored a suite of models describing spring phenology as a function of
daily temperature to quantify thermal forcing and winter chilling effects. We found that the

widely used process-based spring phenology models had similar performance in explaining



observational data, regardless of their complexity. More importantly, we found limitations in
fitting these models to current-available observational data, which may prevent researchers
from robustly understanding the phenological processes. These findings partially explain
the apparently conflicting results reported in the literature. We suggest that future studies
be cautious of drawing inferences from process-based models fitted to observational data
and propose alternative strategies to avoid potential artifacts.

Third, we tested the chilling hypothesis and quantified the relative chilling and forcing
effects on spring phenology in multiple major US cities by using the BLSP data and a gridded
temperature dataset. We found that although chilling explained spring phenology for a small
proportion of places in higher latitudinal cities, forcing is still the dominant factor even
under UHI-elevated temperature conditions. Given that we did not find evidence of chilling
delaying spring phenology, we expect that spring phenology will continue advancing under
near-future climate warming conditions.

In summary, this dissertation developed a novel BLSP model to produce long-term
annual LSP data at medium spatial resolution with pixel-wise uncertainty, identified limi-
tations in current process-based spring phenology models fitting to observational data,
and tested the importance of chilling in controlling spring phenology under UHI-induced
temperature conditions. This dissertation can provide critical knowledge about the mecha-

nisms of spring phenology and help us better understand climate change.
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CHAPTER

1

INTRODUCTION

Plant phenology refers to the timings of transition events in the life cycle of plants such as
leaf development, owering, maturity, senescence, and dormancy (Buitenwerf et al., 2015).
According to the International Panel on Climate Change (IPCC), phenology “is perhaps
the simplest process in which to track changes in the ecology of species in response to
climate change” (Parry et al., 2007). In addition to phenological observations collected in
the eld by experts or citizen scientists, satellite remote sensing can monitor terrestrial
vegetation dynamics from space. Remotely sensed land surface phenology (LSP) is the only
way to consistently observe phenological changes over large spatial and temporal extents
(M. Friedl et al., 2019; Piao et al., 2019; Caparros-Santiago et al., 2021). Many LSP studies
have documented signi cant changes in global phenology in the last several decades due
to climate change (Buitenwerf et al., 2015; Park et al., 2016; Piao et al., 2019; Hua et al.,
2021). These changes affect ecosystem functions by altering plant productivity, species
interactions, and geographic distributions (Chuine, 2010; Keenan, Gray, et al., 2014; Renner
and Zohner, 2018; Gao, Gray, et al., 2021; Gao et al., 2023). Therefore, understanding the
underlying mechanisms of how environmental drivers control plant phenology is key to
evaluating phenological impacts on the global ecosystem and forecasting future ecological



responses to climate change.

Temperature is the most important driver of phenology for most vegetation, especially
for spring leaf phenology (Cleland et al., 2007; Chuine, 2010; Piao et al., 2019). Compare to
plants grown in natural regions, plants in urban areas experience temperatures altered by
the urban heat island (UHI) effect, which is caused by replacing natural land cover with
concentrations of pavement, buildings, and other human-produced surfaces that absorb
and retain heat (Oke, 1988; S. C. Jochner et al., 2012). Since UHI increases temperatures in
most urban areas relative to their rural surroundings, urban areas have been thought to
be good proxies for investigating plant phenological responses to future climate warming
(S. Jochner and Menzel, 2015; Melaas, Wang, et al., 2016). Previous research has focused on
detecting advancementin the start-of-season (SOS) due to increased spring temperatures in
urban areas (S. C. Jochneretal., 2012; S. Jochner et al., 2013). Since increased thermal forcing
in the spring is associated with an earlier bud break in dormancy, researchers have expected
to nd that SOS comes earlier in urban areas compared to the surrounding countryside
(D. Zhou et al., 2016; Ren et al., 2018). However, recent studies have documented both
advanced SOS and delayed SOS trends (Li et al., 2019; Wohlfahrt et al., 2019; Qiu et al., 2020)
with an almost equal distribution (Qiu et al., 2020). These results are unexpected, and the
reason behind the phenomenon is unclear. This divergent response has challenged the
assumption that UHI effects can be used as surrogates for future climate warming, and
has been proposed as evidence for the role of other urbanization effects such as arti cial
light, species composition, and air pollution in altering plant phenology (Li et al., 2019;
Wohlfahrt et al., 2019).

Interestingly, the divergent patterns documented in the previous studies appear con-
sistent with the in uence of vernalization requirements, or the so-called “chilling effects”.
Chilling requirements interact with spring warming to control dormancy release, creating
the potential for divergent effects on plant spring phenology under warming (Korner and
Basler, 2010). For example, suf cient chilling can decrease the amount of thermal forcing
needed to break dormancy in spring such that the date of plants' growing seasons may be
advanced by increased spring temperatures. However, this date can also be delayed with
insuf cient chilling in the late fall and winter months. These phenomena have the potential
to explain the divergent trends documented in previous studies (Yu et al., 2010; Li et al.,
2019; Qiu et al., 2020), in which advanced SOS was discovered in cold regions and delayed
SOS in warm regions. Speci cally: in cold regions, even though the UHI increases winter
temperatures, chilling ful Iment can still be satis ed, and plants tend to break dormancy



earlier with higher spring temperatures. However, in warm regions, higher winter temper-
atures reduce chilling accumulation, which might result in delayed SOS. We believe that
UHI-induced changes to chilling regimes may help explain the documented divergence of
phenological trends. If so, it is possible that UHIs remain appropriate surrogates to assess
the phenological effects of future climate change. Additionally, winter and spring temper-
atures in naturally vegetated areas tend to be highly correlated. This correlation makes
it challenging to disentangle the chilling and forcing effects in observational phenology
data. UHI-induced changes in temperature seasonalities may break the winter-spring-
temperature correlation (S. C. Jochner et al., 2012) and provide an opportunity to quantify
the chilling effect on spring phenology. Regardless, the investigation of these phenomena
will re ne our understanding of how temperature exposures control spring phenology.

Although chilling effects have been well demonstrated in eld and lab experimental
studies (Cook et al., 2012; Clark, Salk, et al., 2014), comparatively few investigations have
used remotely sensed LSP datasets, despite their convenience and consistency in moni-
toring long-term phenology. Moreover, chilling requirements vary among different plant
species and across climatic regions. Both the magnitude and sign of the effect may be
inaccurately estimated if temporally aggregated temperature data (e.g. monthly means)
are used (Clark, Salk, et al., 2014). Therefore, to accurately evaluate chilling effects under
UHI conditions in various climate regions, we need long-term LSP observations in urban
areas to establish the relationship between phenology and daily temperature trajectories.
However, existing LSP products may not be suitable for investigating spring phenology in
urban areas. Currently, the most widely used LSP products that can provide multidecadal
records have a relatively coarse spatial resolution (e.g., MODIS 500 m; AVHRR 1 km). LSP
data with such coarse spatial resolutions have helped investigations of LSP at large scales,
but might not be able to capture LSP variations in highly heterogeneous urban areas for
the following reasons:

First, coarse spatial resolution LSP data might be biased in urban plant phenological
changes. Due to the mixed pixel effect, the uncertainty of observed LSP extracted from
coarse resolution images can be large, especially for small spatial extents and heterogeneous
land cover and land use areas (X. Chen et al., 2018). Recent studies show that SOS becomes
detectable at coarse resolutions once vegetation starts to green up in a certain proportion
of ner spatial resolution pixels (Peng et al., 2017; X. Zhang et al., 2017). Thus, in coarser
resolution pixels, the detected SOS is actually the portion of earlier SOS pixels at the ner
spatial resolution, which may lead to an overestimation of phenological change (Tian et al.,



2020). This is particularly important for observing plant phenological events in urban areas,
as they contain greater heterogeneity in vegetation and land use than purely natural areas.

Second, coarse spatial resolution LSP might not adequately capture the spatial vari-
ability of UHI-LSP effects. Affected by complex interactions of factors such as albedo,
evapotranspiration, and anthropogenic heating (Taha, 1997), the magnitude and extent of
UHI effects on LSP can vary considerably (Mok et al., 2011; Dos Santos et al., 2017). Failing
to capture the corresponding spatial variability in LSP may resultin an incomplete or biased
understanding of how UHIs affect plant phenology (Tian et al., 2020). Furthermore, previ-
ous studies (S. Zhou et al., 2016; Meng et al., 2020) aggregated the coarse spatial resolution
LSP into urban and rural groups, making the results sensitive to these spatial de nitions
and dif cult to compare between studies. Indeed, current research using coarse spatial
resolution LSP products to assess the UHI-LSP relationship may not be robust (Potter et al.,
2013; Stanley et al., 2019).

Existing LSP products depend on frequent remote sensing images to composite smooth
vegetation index time series that can be used to derive reliable phenometrics. Until recently,
such dense time series were only available from coarse spatial resolution sensors. Recently,
based on the Harmonized Landsat and Sentinel-2 (HLS) time series data, the rst conti-
nental scale, medium spatial resolution (30 m) LSP product (MSLSP30NA) was produced
(Bolton et al., 2020). However, since Sentinel-2 was launched in 2015, MSLSP30NA can
only have a short time period (2016-present), preventing its use for studies of longer-term
phenological phenomena. Additionally, the uncertainty of phenometrics varies with data
density and quality, which vary considerably over space and time. Thus, it is especially
important to capture uncertainty when investigating phenological trends over long time
periods and large spatial extents. But, no current LSP products provide pixel-wise uncer-
tainty for retrieved phenometrics. Therefore, a new long-term LSP dataset with 30 m spatial
resolution and pixel-wise uncertainty is needed.

Moreover, although various spring phenology models have been developed and applied
to phenological observations, ho consensus has been established on which models best
represent the phenological processes and the eld is repleted with results that apparently
con ict, but are dif cult to compare or synthesize due to a myriad of differences in model
form, observational data, statistical optimization procedures, and unreported uncertainties
(Chuine and Régniére, 2017; Ettinger et al., 2020; Keenan et al., 2020). Speci cally, many
studies found chilling important in modeling temperature effects on spring phenology
(H. Wang et al., 2022; H. Zhang et al., 2022) but others found little support for more complex



models that account for chilling to be better than simpler models with only thermal forcing
effects (Olsson and Jénsson, 2014; Basler, 2016). Classic process-based spring phenology
models are widely used but recent studies found them inaccurate and suggested models
that consider the continuous phenological development as an alternative (Clark, Melillo,
etal., 2014; Clark, Salk, etal., 2014). Additionally, although observational phenology data are
easy to obtain compared to lab experiments, recent studies suggested lab experiments are
necessary, otherwise, unrealistic results might be generated by classic process-based models
(Chuine et al., 2016; Hanninen et al., 2019). In short, it is unclear how to use observational
phenology data and current models to robustly test the chilling importance and quantify

its effects. A comprehensive investigation of spring phenology models is essential.

In this dissertation, we rst developed a novel model for retrieving long-term annual
LSP in urban areas at 30 m spatial resolution; then we explored various spring phenology
models that quanti ed temperature effects on spring phenology to determine a robust way
of detecting chilling; nally, we processed long-term LSP and corresponding temperature
data at multiple major US cities to test the chilling hypotheses and quantify the chilling
and forcing effects on spring phenology. The structure of the dissertation is as follows:

Chapter 2 describes the novel Bayesian hierarchical model (BLSP) we proposed for
retrieving long-term annual LSP at 30 m spatial resolution. The model overcomes the
temporal sparsity of medium spatial resolution satellite image time series and can produce
over 30 years of annual LSP from Landsat time series with pixel-wise uncertainty. The
produced BLSP values were validated by ground observations and other LSP products within
their available time periods. The BLSP model is an important step forward in extending
medium-resolution LSP records back in time and it is critical for phenology studies in
heterogeneous regions such as urban areas.

Chapter 3 evaluates a suite of current widely used models quantifying temperature ef-
fects on spring phenology. The models we considered include classic process-based models
that assume distinct ecological mechanisms about how temperatures control the develop-
ment of spring phenology as well as a simple linear regression model with preseason mean
temperature. We test the models using various phenological and temperature datasets, aim-
ingto nd a proper way of testing the chilling hypothesis and drawing ecological inferences
from the model ts.

Chapter 4 explores the chilling and forcing effects on spring phenology under UHI-
altered temperature conditions. We develop methods based on the results of Chapter 3 to
determine chilling importance in modeling spring phenology. Then, we produce long-term



LSP data at multiple US major cities and use a corresponding gridded temperature dataset
that captured the UHI effect to test the chilling hypothesis broadly and quantify the relative
magnitudes of chilling and forcing effects on spring phenology. The results are then used
to infer spring phenological responses to future climate warming conditions.

Chapter 5 summarizes our main ndings in this dissertation and provides the main

takeaway information.
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Abstract

Land surface phenology (LSP) is a consistent and sensitive indicator of climate change ef-
fects on Earth's vegetation. Existing methods of estimating LSP require time series densities
that, until recently, have only been available from coarse spatial resolution imagery such
as MODIS (500 m) and AVHRR (1 km). LSP products from these datasets have improved
our understanding of phenological change at the global scale, especially over the MODIS
era (2001-present). Nevertheless, these products may obscure important ner scale spatial
patterns and longer-term changes. Therefore, we have developed a Bayesian hierarchical
model to retrieve complete annual sequences of LSP from Landsat imagery (1984-present),
which has medium spatial resolution (30 m) but relatively sparse temporal frequency. Our
approach uses Markov Chain Monte Carlo (MCMC) sampling to quantify individual phe-
nometric uncertainty, which is especially important when considering long time series
with variable observation quality and density, but has rarely been demonstrated. The esti-
mated spring LSP had strong agreement with ground phenology records at Harvard Forest
(R? = 0.87) and Hubbard Brook Experimental Forest ( R? = 0.67). The estimated LSP were
consistent with the recently released 30 m LSP product, MSLSP30NA, in its time period
of 2016 to 2018 (R? of 0.86 and 0.73 for spring and autumn phenology, respectively). Our
Bayesian hierarchical model is an important step forward in extending medium resolution
LSP records back in time as it accomplishes both critical goals of retrieving annual LSP
from sparse time series and accurately estimating uncertainty.

2.1 Introduction

Plant phenology, the timing of plants' life-cycle transitional events, plays an important role

in tracking climate change, diagnosing agricultural management practices, and investigat-

ing ecosystem processes (“Phenology Feedbacks on Climate Change”, 2009; Chuine, 2010;
Korner and Basler, 2010; M. A. Friedl et al., 2014; Keenan, Darby, et al., 2014; Piao et al., 2019;
Gao, Gray, et al., 2021). Satellite measurements of vegetated land surfaces' seasonality (land
surface phenology; LSP) have been widely used in phenology research because they are the
only sources of consistent, extensive, long-term phenological observations at regional to
global scales (X. Zhang et al., 2006; Jeong et al., 2011; Q. Zhang et al., 2018). Most widely
used LSP products have either coarse spatial resolution (AVHRR, 1 km; MODIS, 500 m) or
short-term records (e.g., MSLSP30NA, 2016-2018; Bolton et al., 2020). Although pheno-



logical science has been advanced signi cantly by long-term coarse resolution LSP data
(X. Zhang et al., 2006; Jeong et al., 2011; Buitenwerf et al., 2015; Park et al., 2019), we have
failed to capture important variation at ner scales (e.g., topographic and microclimatic
effects, land use, and urban heat islands; S. Jochner et al., 2013; Zipper et al., 2016; Tian
et al., 2020). Overcoming this knowledge gap requires LSP datasets at medium resolution
over decadal timespans.

Existing LSP algorithms retrieve proxies for plant developmental stages, so-called “phe-
nometrics”, by tting various models to time series of remotely sensed vegetation indices
(VI) such as normalized difference vegetation index (NDVI), enhanced vegetation index
(EVI), and two-band enhanced vegetation index (EV12). Phenometrics are then estimated
using parameters of these tted models, or as threshold crossing dates (X. Zhang et al.,
2003; White et al., 2009; M. Friedl et al., 2019). These phenometrics have been shown to
be correlated with plants' life cycle events and productivity (Jiang et al., 2008; W. Zhu et
al., 2013; Shen et al., 2014; F. Xin et al., 2020). However, existing LSP algorithms rely on
dense time series that, until recently, were only available from coarse spatial resolution
sensors. Overcoming this limitation, the Harmonized Landsat and Sentinel-2 (HLS) dataset
(Claverie et al., 2018) introduced a harmonization approach to create much denser time
series (3-5 days) at 30 m spatial resolution. Based on the HLS time series, a new 30 m LSP
product (MSLSP30NA) was developed recently (Bolton et al., 2020). MSLSP30NA is currently
available from 2016 to 2018 for North America. While this product represents a milestone
in LSP studies, its short record is a substantial limitation to understanding the long-term
and subtle response of LSP to climate variability.

The uncertainties of remotely sensed phenometrics vary with the density and quality of
input time series but are rarely quanti ed (X. Zhang et al., 2009). Even dense time series
could fail to accurately estimate phenometrics because of low-quality observations caused
by undetected clouds and cloud shadows, mixed pixel effects, uncertain atmospheric
correction, etc. (Peng et al., 2017; X. Zhang et al., 2017). Quantifying the uncertainty of
phenometrics is especially critical when attempting to estimate phenometrics from long
time series with variable temporal density and observation quality, such as Landsat time
series.

The Landsat archive offers global, medium spatial resolution (30 m) imagery for more
than 30 years, but retrieving phenology from it is challenging. The opening of the United
States Geological Survey (USGS) Landsat archive in 2008 precipitated a “time-series revolu-
tion” in medium resolution remote sensing (Wulder et al., 2012). Further developments, like



the Analysis Ready Data (ARD) products released in 2017 have made these data even more
accessible and useful by removing the need for users to perform their own pre-processing
steps (e.g., geometric alignment, atmospheric correction; Dwyer et al., 2018). Although
Landsat has a nominal revisit period of 16 days (8 days for periods when two sensors are
active), clouds, cloud shadows, snow, and other effects substantially reduce the number
of usable observations. Nevertheless, several studies have attempted to retrieve LSP from
Landsat time series. For example, long-term mean phenometrics have been estimated
by pooling all years' Landsat observations together; revealing important processes like
elevation effects on phenology (Fisher et al., 2006; EImore et al., 2012). Melaas, Friedl, and
Zhu, 2013 and Melaas, Friedl|, and Richardson, 2016 extended this approach to estimate
inter-annual phenological variability from the temporal difference of particular, well-timed
Landsat observations from the long-term average phenological trajectory. However, be-
cause the method relies on the availability of observations during particular parts of the
year, they were only able to estimate 10 and 9 years of LSP records on average for spring
and autumn from 30 years of Landsat time series at Harvard Forest in Massachusetts, USA.
Also, by both pooling all years of observations together and introducing a random effect pa-
rameter, a Bayesian model was developed to capture the inter-annual phenological trends
(Senf et al., 2017). However, the model assumed constant temporal variation of phenology
across space, which may not be true for study areas containing different vegetation types
or exposed to different meteorological forcing. Thus, the Senf et al., 2017 approach is best
applied in relatively small and homogeneous regions. These studies represent important
progress towards long-term, medium resolution LSP datasets, but limitations remain. A bet-
ter understanding of phenological processes and variations depends on long-term datasets
that can resolve spatially varying responses to phenological drivers, offer complete annual
records, and quantify phenometric uncertainty.

To close these knowledge gaps, we developed a Bayesian hierarchical model (here
after “BLSP model”) to quantify complete annual sequences of phenometrics at medium
resolution, over decadal time spans, and with pixel-wise uncertainty. The model was applied
to more than 30 years of Landsat time series, and validated with long-term independent
observations of phenology at Harvard Forest in Massachusetts, USA and Hubbard Brook
Experimental Forestin New Hampshire, USA. Simulation analyses were conducted to assess
the model's sensitivity to data noise, anomalous phenological events, and observation
density. We also evaluated the consistency of BLSP phenometrics with the MSLSP30NA
phenology product.
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2.2 Method development

2.2.1 Phenology model tting

Logistic sigmoid functions have been used extensively to model seasonal VI trajectories
(X. Zhang et al., 2003; Fisher et al., 2006; Elmore et al., 2012; Melaas, Friedl, and Zhu, 2013).
In this study, we use a double-logistic function with a “greendown” parameter (Elmore
etal., 2012) to tthe VI trajectories. The function combines spring and autumn seasons
into a single equation and allows for a gradual reduction of VI values in midsummer, a
phenomenon commonly seen in remotely sensed forest canopy greenness. The equation

of the double-logistic function is:

1 N 1
1+ e(ms tymy 1+ e(ms t)=ms

v(t,M)=my+(m, m,t)(

) (2.1)

where v(t,M ) is the modeled VI value at time t in terms of day of year (DOY),and M =
[m;,m,,m5,m, ms,mg,m-]" is a parameter vector controlling the shape of the double-
logistic function (Fig. 2.1). In the parameter vector, m; represents the mean VI value in the
dormant period; ( m, my5t) represents the difference between VI value attime t and the
dormant mean; ms;and mg are the in ection points that are commonly used to represent
start-of-season (SOS) and end-of-season (EOS) dates in terms of DOY in the spring and
autumn; m,and mgare the corresponding slopes of the VI trajectories in spring and autumn;
and my is the “greendown” parameter that accounts for the VI greendown phenomenon in
the mid-summer time.

Usually, the model is t to all VI observations within a single year using maximum
likelihood estimation methods such as non-linear least squares (Menke, 2018). When data
are sparse, a single year's observations may not be enough to estimate the parameters in
the model, leading to either failure of model convergence or large parameter variance.

2.2.2 Bayesian hierarchical modeling

We useV Iji 2[0,1]and tji 2 [1,366] to represent the VI value and the DOY on observation | of
yeari and assume the trajectories of VI time series follow a normal distribution with a mean

of v (tJ.i ,M)andaconstantvariance 2across all years (Eq. 2.2). Assuming constant variance
of observations for all years allows us to pool observations across years to reduce the model
variance. Then, the mean v(tji ,M ") is modeled by the 7 parameter double-logistic function
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Figure 2.1: Example double-logistic function with the greendown parameter

(Eg.2.3), whereM' =[m},m},m},m;,m, m,m!]" is the vector of model parameters for
yeari. The full model is:

VI{ Normal (v(t{,M'), ? (2.2)
1

14 eMs hme 14 gMs t)mg

) (2.3)

vt M) =mi+(m, mit)

By de ning a parameter vector M for each year, we are modeling the VI trajectory year-
to-year rather than for the average year. However, because of data sparsity, there is usually
not enough data to precisely estimate M '. To deal with this issue, we modeled population
distributions for parametersin M. We assume that the parameters in each year come from
the same population and thus follow the same distribution. By making this assumption, we
are able to treat M ' as random effects and borrow information from other years to help
estimate the parameters in any single year. We used normal distributions for most of the
parametersin M' except for m! and m!. Non-normal distributions were assignedto  m}
and m‘7 to ensure they fall in the appropriate ranges. The directed acyclic graph (Fig. 2.2)
shows the model structure and speci ¢ parameter distributions. For parameters m, , where
k 2 [1,6], the random effect distribution is determined by two parameters, « and ﬁ
that control the typical value of the parameter across years and year-to-year variability,
respectively. The random effect distribution for parameter mi7 is determined by  ;, which
controls the typical value of the parameter across years, and b, which controls the shape of
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the distribution.

In Bayes' theorem, the posterior probability distribution is calculated by the prior
distribution multiplied by the likelihood, which is captured by data. Thus, there is a tradeoff
between the strengths of prior information and the likelihood. Strong prior information
could supplement data insuf ciency, but could bias the model if it is not an accurate
representation of the true process. Therefore, to make the model exible, we speci ed
uninformative prior distributions to parameters and let the data dominate the calculation
of posterior distributions. For example, a normal distribution with an in nite variance can
represent a real number in all ranges, it is uninformative because it contains no information
about what the most likely value would be. Uniform distributions are likewise uninformative,
and in nite variance can be modeled by an inverse Gamma distribution with small values
for both of its distribution shape parameters. Thus, we set 2 InvGamma (0.1,0.1), ﬁ
InvGamma (0.1,0.1) and used uniform distributions to model population distributions.

We chose EVI2 in this study as the VI. Since m‘1 is the dormant period mean EVI2
value, for deciduous vegetation, it is usually a small positive value ranging from 0t0 0.3. A
normal distribution with an in nite variance would generate negative values, which are
unreasonable as EVI2 values in vegetated pixels should be strictly positive. So, we assign
a logistic-normal distribution to  m! to keep it positive. This holds for m!, however, m!
is usually a very small value ranging from 0 to 0.01 according to Elmore et al., 2012, so
we used a Beta distribution with the shape parameter b = 4 to model its distribution. We
determined reasonable ranges for these parameters based on ecological reasonability (e.g.,
SOS must occur before July, and EOS some time after that) and by examining a large number
of deciduous forest time series (Fig. 2.2). These prior distributions do not x a particular
value a priori, but do enforce reasonable ranges for parameter values and stabilize the
computational algorithm.

2.2.3 Modelimplementation

One of the advantages of Bayesian methods (Gelman et al., 2013; Reich and Ghosh, 2019) is
the ability to quantify uncertainty for the estimated parameter by posterior distribution.
This process is done by Markov Chain Monte Carlo (MCMC) sampling (Geyer, 1992). In
this study, we used R (v3.6.2) to implement the BLSP model and the software Just Another
Gibbs Sampler (JAGS, v4.3.0) to conduct MCMC sampling and estimate model parameters.
Because of the nature of MCMC sampling, Bayesian methods are relatively computa-
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Figure 2.2: Directed acyclic graph of the Bayesian model and the prior distributions for
parameters. M ' represents the vector of model parameters in year i;n represents number

of years; and f ..., 2are the hyper-parameters that de ne the population distribution.

tionally intensive, making pixel-wise processing over large areas dif cult. Proper initial
parameter values signi cantly reduce the computing time needed, although initial parame-
ter values have little effect on the calculated posterior distributions from MCMC sampling.
Thus, we pooled all years of observations for each individual pixel and tan averaged model
(Fisher et al., 2006; Elmore et al., 2012) to obtain initial parameter values for the MCMC
process. Note that this was undertaken solely to reduce the computational burden, and
could be omitted for applications where that is not a concern.

The uncertainties of estimated parameters can be summarized by calculating the 95%
credible interval (CI) of the estimated posterior distribution. In the Bayesian framework,
the true value of the unknown parameter is treated as a random variable and its uncertainty
distribution is quanti ed by MCMC samples from the posterior distribution. The 95% CI
of the posterior distribution can be interpreted as the value range with a 95% chance of
containing the true parameter value. We quanti ed uncertainties of SOS and EOS estimates
by calculating the 95% Cls of m3; and mg for each year.
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2.2.4 Model evaluation and assessment

We use simulation analysis and three independent phenology datasets to evaluate the
performance of the model. The objective of the simulation analysis was to isolate and
guantify the independent effects of data sparsity, VI noise, and SOS /EOS anomalies, while
the independent datasets were used to assess the agreements between the BLSP modeled
SOS EOS and other data sources.

The simulation analysis was done by generating ten years of random EVI2 time se-
ries from double-logistic functions with parameters:  m] Normal (0.01,0.001); m}
Normal (1,0.001); m{ Normal (120,25;m, Normal (8,1);m. Normal (290,25);
m, Normal (8,1);m! Normal (0.001,0.00001). Additive Gaussian noise ( =0, 2=
0.0025) was added to isolate the effect of radiometric accuracy. This noise magnitude is
relatively large compared to the global means reported by Vermote et al., 2016 for the
Landsat surface re ectance product, and by Claverie et al., 2018 for the HLS product, and
was chosen to re ect the upper limit of realistic radiometric error effects on phenometric
retrievals. Negative simulated VI values caused by introducing noise were replaced by their
absolute values. Borrowing information from other years may reduce the BLSP model's
ability to detect interannual SOS /EOS anomalies. We isolated this effect by manually intro-
ducing a SOS EOS anomaly in the 5th simulated year that was larger than two standard
deviations from normal years ( m; = 140;m5 = 320). To isolate the effect of temporal density,
we randomly sampled a varying number of observations from the simulated daily EVI2
time series: 22, 15, 10, and 5 observations per year. Then, the 95% CI and deviation of BLSP
estimated phenometrics from the true SOS and EOS values for all simulated years were
computed. Four simulation experiments were conducted for all levels of temporal density:
no noise or anomaly, just noise, just anomaly, and noise plus anomaly. To also account for
the variation caused by sample distributions, we randomly sampled 1,000 time series from
the simulated true daily time series for each level of temporal density.

Three independent data sources that provide phenological observations were used:
in-situ observations across a transect at the Harvard Forest in Massachusetts, USA (O'Keefe,
2019) and at nine sites in the Hubbard Brook Experimental Forest in New Hampshire, USA
(Bailey, 2019), and an independent, medium spatial resolution LSP product, MSLSP30NA
(Bolton et al., 2020). Both in-situ data sources provide decades of phenological records that
are essential to evaluating the BLSP model's ability of recovering phenology in the historical
and sparse Landsat time series. The MSLSP30NA product was compared since it also has
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30 m spatial resolution and its phenometrics were retrieved by a traditional dense time
series dependent algorithm.

Routine ground phenological observations were made at the Harvard Forest (HF) from
1990 to 2019. Observations were made at 3 —7 day intervals by visually observing leaf
length and coloration of speci ¢ individuals belonging to dominant tree species within
1.5 km of the Harvard Forest headquarters during spring and autumn (O'Keefe, 2019).
Red oak (Quercus rubra), red maple ( Acer rubra), and yellow birch ( Betula allaghaniensis )
are the dominant species at the site, and have basal area proportions of 36%, 22%, and
14%, respectively. We averaged the in-situ observations, weighted by the species basal area
proportion, to derive site-wide representative ground observations for LSP comparison.
Following Melaas, Friedl, and Zhu, 2013, we used the date when leaf length reached 25% of
its maximum to represent the SOS date, and when leaf coloring reached 90% to represent
the EOS date for in-situ observations. We uniformly sampled 100 deciduous forest pixels
within the HF in-situ observation area (selected by referencing the 2016 National Land Cover
Database; Jin et al., 2019) and extracted Landsat 5, 7, and 8 Collection1 surface re ectance
time series, and tthe BLSP model to retrieve phenometrics. Estimated SOS and EOS were
then compared with the ground observations at HF by mean absolute deviance (MAD;
Eqg. 2.4) and weighted linear regression with weights being the normalized inverse of 95%
Cl widths derived from the BLSP model.

MAD =1=n [ jBLSR ground phenometric ] (2.4)

Ground phenological observations have been recorded at nine sites in the Hubbard
Brook Experimental Forest (HB) since 1989. Investigators visited sites weekly and recorded
a score from 0 to 4 representing the status of plant developmental stages such as bud break,
leaf expansion, and leaf fall for three dominant tree species (sugar maple, yellow birch, and
beech) (Bailey, 2019). We averaged scores of the dominant tree species on the same date at
each individual site, and used the date when scores reached 3 in the spring and 2 in the
fall to represent SOS and EOS, respectively. As with the comparison at HF, we extracted
Landsat5, 7, and 8 Collection 1 surface re ectance time series for each HB site and retrieved
BLSP phenometrics. Then, the derived BLSP phenometrics were compared with ground
observations by MAD (Eq. (4)) and 95% ClI-width-weighted linear regression.

The MSLSP30NA phenology product provides annual LSP phenometrics from 2016 to
2018, at 30 m resolution for North America (Bolton et al., 2020). It was generated from HLS
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EVI2 time series using a smoothing spline and seasonal amplitude threshold approach.
We selected a 19.5 by 19.5 km study region located in the state of Indiana, USA, for BLSP
and MSLSP30NA comparison (Fig. 2.3a). This region was selected because it contains
substantial heterogeneity in plant communities and land use: deciduous forests, evergreen
forests, developed space, and various crops (Fig. 2.3 ¢, d). BLSP phenometrics were retrieved
for all pixels in the study region using time series from the Landsat Analysis Ready Dataset
(ARD; Dwyer et al., 2018) from 1984 to 2015, and the HLS dataset from 2015 to 2019 (in
order to eliminate data input differences between BLSP and MSLSP30NA). The number
of clear observations varied considerably year-to-year (Fig. 2.3b). The BLSP model was
designed to model seasonality best for plant communities with a single greenup  / greendown
per year. Thus, we used the cropland data layer maps (Han et al., 2014 ) to exclude land
uses that exhibit more complex phenology (alfalfa, pasture, etc.) and those with sparse or
no vegetation. In addition, pixels with poor quality from the MSLSP30NA product were
excluded using its QA bands. We then compared the SOS and EOS of BLSP with the 50PCGI
(date of 50% greenness increase) and 50PCGD (date of 50% greenness decrease) layers in
the MSLSP30NA product, respectively.
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Figure 2.3: a) Location of the study region. b) Average number of clear observations for all
pixels in the image time series. c) The true color image on 6 /5/ 2018 from Google Earth Pro.
d) The cropland data layer map for 2018.
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2.3 Results

2.3.1 Simulation analysis

The example model t (Fig. 2.4), the deviations of the BLSP model estimated phenometrics
to the true values (Fig. 2.5 a, b), and the phenometrics' uncertainties represented by widths
of 95% Cls (Fig. 2.5 ¢, d) show the BLSP model's ability to retrieve phenology from sparse
temporal time series. The ranges of deviation and CI width for SOS and EOS decreased as
more observations were available at all levels of noise and anomaly (Fig. 2.5 a, b). When there
were more than 10 observations per year, adding noise increased the deviation range more
than adding anomalies for both SOS and EOS. However, when there were 5 observations
per year, adding anomalies increased the deviation range more than adding noise, and
EOS tended to be biased when anomalies were added (Fig. 2.5 a, b). Reducing observation
density, adding noise, and introducing anomalies all increased the widths of the 95% Cls for
SOS and EOS (Fig. 2.5 ¢, d). For SOS, Cl widths increased more by adding an anomaly than
adding noise, except when there were 22 observations per year (Fig. 2.5¢). However,for EOS,
Cl widths increased more by adding an anomaly than noise for all levels of data sparsity
(Fig. 2.5d). When there were more than 10 observations per year and no anomalies were
added, the CI widths of EOS were narrower than SOS. Though, in other situations, EOS had
larger Cl widths than SOS (Fig. 2.5 c, d).

The rates of 95% Cls covering the true phenometric dates (Table 1) show that the ClI
coverage rates of SOS were affected more by noise than anomaly for all levels of data sparsity,
while the coverage rates for EOS Cls were affected more by anomalies than noise. For SOS,
the CI coverage rates increased when more observations were available and no noise and
anomalies were added, while that of EOS decreased. Overall, the Cl coverage rates were
91% for SOS and 94% for EOS, which are near the nominal 95% rate.

2.3.2 Algorithm assessment

The correlation was strongly signi cant between the estimated BLSP phenometrics and

the ground observations at HF from 1990 to 2019 (Fig. 2.6), with a particularly large portion

of variance explained for SOS dates (R? = 0.87). The correlation for EOS dates (R? = 0.55)
was weaker than that of SOS dates. The MAD results between LSP and ground observations
were 2 days for SOS dates and 3 days for EOS. The ground observations had more variability
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Table 2.1: The rates of 95% Cls covering the true phenometric dates.

Number of observations per year 5 10 15 22  Average
No noise, no anomaly SOS 89% 87% 95% 99% 93%
EOS 99% 90% 83% 85% 89%
With noise, no anomaly SOS 89% 84% 88% 91% 88%
EOS 99% 93% 90% 88% 92%
No noise, with anomaly SOS 86% 92% 98% 100% 94%
EOS 97% 97% 98% 99% 98%
With noise, with anomaly SOS 86% 90% 93% 93% 91%
EOS 95% 96% 96% 96% 96%
Average SOS 88% 88% 94% 96% 91%

EOS 98% 94% 92% 92% 94%

in the autumn than in spring as the ranges of EOS were relatively larger than that of SOS.
Similarly, the uncertainty represented by 95% Cls of BLSP phenometrics were larger for
EOS than SOS.

Signi cant agreement was found between BLSP SOS and in-situ observations at the
nine HB phenology monitoring sites (Fig. 2.7). Similar to the result at HF, there was better
correspondence between BLSP and in-situ SOS dates (R? = 0.67) than EOS dates R? =
0.35). Most BLSP SOS estimates differed by less than one week from equivalent ground
observations, and the MAD results were 3 days and 5 days for SOS and EOS, respectively.
The correlation between BLSP and ground observations was stronger at HF than that at HB
for both SOS and EOS dates.

As for the inter-comparison with MSLSP30NA product, the dominant vegetation types
in the study region are grassland / pasture, deciduous forest, soybeans, and corn (Table 2.2),
and the maps of BLSP SOS (Fig. 2.8c) and EOS (Fig. 2.8d) highlight the substantial spatial
heterogeneity in phenometrics in 2018. As with the in-situ data at HF and HB, we observed
better agreement for SOS (R? = 0.86) than EOS (R? = 0.73) (Fig. 2.8 b and d), although R?
values of SOS and EOS both suggest strong agreement between BLSP and the MSLSP30NA
product.

Although some vegetation types were excluded from the intercomparison with MSLSP30-
NA product (see Section 2.2.4), the uncertainty quanti cations were generated for all vegeta-
tion types (Fig. 2.9a) for completely evaluating the quality of BLSP phenometrics. Deciduous,
evergreen, and mixed forests had relatively smaller uncertainties for both SOS and EOS.
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Figure 2.4: An example t of the Bayesian model on 10 years of simulated EVI2 time
series. 95% CI of phenometrics are black lines on top of SOS / EOS points, they are narrow
because most of them represent days or weeks while the scale of x-axis is multiple years.
a) 22 observations per year; b) 15 observations per year; c) 10 observations per year; d) 5
observations per year.

Alfalfa, winter wheat, and sorghum had relatively higher uncertainties for SOS and EOS in
the crop category. Interestingly, the crop category had higher SOS uncertainties than the
forest category but lower EOS uncertainties (Fig. 2.9b). The magnitude of SOS uncertainties
was generally smaller than EOS for forest and others.
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Figure 2.5: The estimated - true value deviation (a, b) and the width of 95% credible interval
(c, d) results from 1,000 simulations.
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Figure 2.6: Comparison of the detected land surface phenology with ground observed
phenology in Harvard Forest from 1990 to 2019, in terms of start-of-season (SOS) and
end-of-season (EOS) day of year (DOY). MAD: mean absolute deviance. The vertical error
bars show the DOY ranges of ground observations for dominant tree species in the study
area, while the horizontal error bars show the DOY ranges of the 95% credible intervals
derived from the Bayesian model.
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Figure 2.7: Comparison of the detected land surface phenology with ground observed
phenology at nine sites in Hubbard Brooks from 1989 to 2019, in terms of start-of-season
(SOS) and end-of-season (EOS). MAD: mean absolute deviance. The horizontal error bars
show the DOY ranges of the 95% credible intervals derived from the Bayesian model.
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