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Abstract—Each spring many plants put on new leaves and/or open their flowers creating a “green-wave” that can be tracked using

phenological data. Various phenological datasets can be used to study spring onset at continental to global scales. Here we present a

novel exploratory analysis where we link two multi-decadal and high-spatial resolution datasets: temperature-based phenological

indices and land surface phenological metrics derived from satellite images. Our exploratory analysis, illustrated with data for the

conterminous US, focuses on identifying regions with similar spring onset, and on mapping the coherence between these phenological

products. Our results show that the spring onset patterns captured by the satellite are more complex than the ones identified using

temperature-based phenological indices. They also highlight areas with stable and unstable spring onsets (i.e., areas that tend to

remain or change of phenoregion from year to year). Finally, our results reveal that temperature-based indices are both positively and

negatively correlated with the phenological information that can be derived from satellites. This opens the door to the definition of rules

to integrate multi-source phenological data. To cope with the computational challenges of analyzing big geospatial rasters, we

executed our analysis on a cloud platform running Apache Spark and various of its extensions (e.g., Geotrellis, SparkMLlib). This

platform performed well and allowed the execution of user-tailored analyses. Hence, we believe that our computational platform paves

the path towards the efficient analysis of global vegetation phenology at very high spatial resolution and, more generally, to the analysis

of the ever-increasing collections of geospatial data about our planet.

Index Terms—Extended spring indices, land surface phenology, exploratory data analysis, big geo-data, Apache Spark
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1 INTRODUCTION

EACH spring many plants begin to grow, put on new
leaves, and/or open their flowers creating what is

known as the “green-wave” [1]. This wave varies from place
to place and from year to year because its form and dynam-
ics are strongly influenced by environmental conditions [2].
Phenology is the science that studies the timings of such
recurring biological events, as well as their causes, interrela-
tions, and variations in space and time [3].

With a rapidly warming world (NASA just confirmed
that 2017 was the second warmest year since global esti-
mates became feasible in 1880, and that “17 of the 18 warm-
est years have occurred since 2001”1), understanding spring
onset variability is critical to quantify the impact of climate

change on our planet [2], [4], [5]. Moreover, spring onset

variability also affects agricultural productivity, the water,

carbon, and energy cycles, and many ecological processes

like bird migration and insect emergence [6], [7]. Hence, it is

not surprising that several (inter-)national initiatives, pro-

grams, and projects actively support phenological data

collection.

Ground observations constitute an important source of
phenological data [8], especially since the popularization of
citizen science phenological networks [9]. These networks
not only educate the general public but also have lowered
the barriers for volunteers to collect and share geo-refer-
enced phenological observations. Although ground pheno-
logical observations continue to directly support a variety
of ecological studies [8], [10], [11], they are not ideal for con-
tinental scale studies because they tend to be sparse and dis-
continuous (i.e., they do not have the required temporal and
spatial coverage). This is recognized by phenologists who
often combine ground observations with weather data to
create phenological models [8]. These models “spatialize”
and generalize the available observations, and this allows
continental to global scale analyses. However, phenological
models cannot fully capture all the phenological changes
that are taking place on our planet. Fortunately, Earth obser-
vation sensors can also be used to monitor phenology and
phenological changes at regional, national, continental, and
global scales [12], [13], [14], [15]. Time series of satellite
images, typically transformed into vegetation indices that

1. https://twitter.com/i/web/status/954013611395112960
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highlight vegetation signal, are used to map what is known
as land surface phenology [13].

Unfortunately, few studies have worked on bridging the
(semantic) gap between the information that can be derived
from phenological models and from Earth observation
sensors. As a result, the general applicability of both data
sources as well as their deeper ecological meaning remains
poorly understood. Because of this, the seamless integration
and analysis of multi-source phenological data remains chal-
lenging [15], [16]. The main objective of this paper is to
address this challenge by analyzing the coherence of spring
onset metrics derived from a temperature-driven phenologi-
cal model and from satellite images. For this, we first look at
the similarity in spring onset patterns by mapping regions
with similar phenology (i.e., phenoregions). Then, we investi-
gate whether the timings of spring onset predicted by spring
onset models and observed by satellites are statistically
dependent. This is done by analyzing their correlation and
investigating whether predictive relationships could be mod-
eled to integrate these two phenological products.

1.1 Related Work

Mapping spring onset phenoregions requires forming
groups of grid cells that are more similar among themselves
than to any of the cells assigned to other groups. From a
methodological point of view, this task belongs to the
domain of exploratory data mining and typically relies on
unsupervised classification or clustering methods. The first
phenoregion study dates back to 2005 when White et al. [14]
used the well-known K-means algorithm to cluster 17 years
of Normalized Difference Vegetation Index (NDVI) data
from the Advanced Very High Resolution Radiometer
(AVHRR) sensor. This 8 km global satellite data was com-
plemented with monthly temperature and precipitation cli-
matologies before performing the clustering to define
optimal regions for phenological monitoring. The same
algorithm was also used a few years later to cluster higher
spatial resolution NDVI time series acquired by the Moder-
ate-resolution imaging spectroradiometer (MODIS). The
goal of that analysis was to build an early warning system
for US forests based on phenological information [17], [18].
Other authors have used other clustering algorithms, e.g.,
Gu et al. [19] used the ISODATA algorithm to cluster phe-
nological metrics derived from MODIS NDVI composites.
Their results were used to create a new regionalization of
the US, which in turn contributed to a new land cover map.
Silva et al. [20] attempted to discover regions with similar
phenology in the Amazon forests with the spectral angle
mapper based on AVHRR NDVI data, in order to study the
environmental drivers behind the phenoregions. Zhang
et al. [21], [22] created phenoregions in the state of Colorado
(US) with K-means++, a specialized form of the K-means
algorithm that provides better initialization seeds. They
used both AVHRR andMODIS NDVI time series and clima-
tological information. Finally, Wu et al. [23] used an infor-
mation theory co-clustering algorithm to map European
spatio-temporal regions with similar spring onsets. How-
ever, that work did not use any satellite imagery but long-
term simulations of spring onset at a relatively coarse spa-
tial resolution (25 km).

Given the proliferation of phenological data and the lack
of a universal approach to measure spring onset, more work
is needed to evaluate existing phenological products. A good
example of this research direction are White at al. [24], who
compared 10 methods to derive spring phenology from the
same satellite data (15-day composites of 8 km AVHRR
NDVI images). Their results indicate that the ecological
meaning and driving causes of land surface phenometrics
are unclear because they found differences in the predicted
start of the vegetation season of up to 60 days. Other authors
have focused on the impact of scale (and indirectly of mixed
pixels) on the values of land surface phenometrics [25], and
many authors employ ground phenological observations to
validate and/or benchmark their phenological products
[26], [27]. Yet only few studies have compared phenological
models with land surface phenological metrics. Duchemin
et al. [28] found that the budburst timing predicted from air
temperatures using the thermal time model correlates well
with the AVHRR-based budburst predictions overmonospe-
cies forests in France. Schwartz et al. [29], [30] compared the
original spring indices (c.f. Section 3) against two satellite-
derived start of season metrics in the Eastern US. Although
the results of these studies were encouraging for connecting
surface and sensor phenometrics, the analysis was limited to
10 by 10 km windows around weather stations (possibly
because of the lack of high spatial resolution phenological
products). Finally, in [30], the original spring indices were
again compared with satellite derived phenometrics using
multiple methods to estimate the start of the season from
MODIS data, but the analysis was limited to just six pheno-
logical sites in the Eastern US. Results indicate that the origi-
nal spring indices better match the phenology observed on
the ground than the relatively coarse phenological metrics
that could be derived fromMODIS.

1.2 Goals, Contribution and Outlook

Our work aims to take the previously mentioned phenologi-
cal studies to the next level by presenting a novel exploratory
analysis of spring onset models and of land surface pheno-
logical metrics, which constitute two of the most important
sources of spatio-temporal phenological data. Our analysis
is performed at a continental scale (the conterminous 48 US
states), and is based on the longest possible time series at the
highest possible spatial resolution. In particular, our analysis
focuses on mapping long-term and annual spring onset phe-
noregions, and on studying the coherence and statistical
predictability of multi-source phenological products.

To realize this analysis, we designed and implemented
an open-source, distributed, and cloud-based computa-
tional platform that allows storing, analyzing, and visualiz-
ing large collections of geospatial rasters. This platform
represents another major contribution of our work. Given
the lack of well-tested open, distributed, and cloud-enabled
solutions in the domain of big geo-data, a secondary aim of
our work is to evaluate its potential to analyze big geo-
spatial rasters in both local and cloud-based environments.
We also think that the proposed platform makes our work
future-proof because it can deal with the new generation of
very high spatial resolution phenological datasets that are
currently being produced by, for instance, the Sentinel-1
and 2 missions [31].

584 IEEE TRANSACTIONS ON BIG DATA, VOL. 6, NO. 3, JULY-SEPTEMBER 2020



The rest of this paper is organized as follows: In Section 2,
we introduce the philosophy, design principles, and charac-
teristics of our computational solution. Then, in Section 3,
we describe the phenological datasets selected for this study
and our approach to deal with large geospatial datasets. In
Section 4, we present our first case study on mapping phe-
noregions over the 48 conterminous US states. This is fol-
lowed by our second case study, in Section 5, where we
study the correlation between temperature- and satellite-
based phenometrics. Finally, Section 6 contains a summary
of our main findings, and presents follow-up research ideas.

2 COMPUTATIONAL SOLUTION

Analyzing long-term and high spatial resolution phenologi-
cal products at continental scales is a computationally
demanding task. Hence, we designed and implemented an
open-source and cloud-enabled solution relying on Apache
Spark [32] and various of its extensions, like the scalable
machine learning library MLlib [33].

This platform allows conducting the case studies pre-
sented in Sections 4 and 5 in a transparent and cloud-based
infra-structure. Moreover, our computational solution is
designed for easy user interaction and scalability, support-
ing both (simple) data exploration and massive data analy-
sis. User interaction is realized through Jupyter notebooks
that push the computations to a remote cluster. Scalability is
ensured by making sure that all computations are based on
distributed data structures and Spark internals designed for
efficient data processing.

2.1 The Platform’s Architecture

Our computational solution remains application-independent
and is designed to store the data in well-known file formats
like GeoTIFFs and Hierarchical Data Format (HDF). The
platform’s architecture is organized into three layers: a storage
layer, a processing layer, and JupyterHub services for user-
interaction (Fig. 1). The storage layer offers two flavors of stor-
age: file-based by Hadoop Distributed File System (HDFS),
and object-based by Amazon S3 service. For local environ-
ments we useMinio [34], an open-source object storage server
with an Amazon S3 compatible API, to avoid modifying it
when moving to a cloud provider. HDFS is used by Apache
Spark [32] to exploit data locality and to store intermediates to

avoid re-computations. In our case, the object storage is used
to store the phenological products.

For the data analysis the user expresses the operations in
Jupyter notebooks as Python, R, or Scala code. Hence, with
a browser and remote connection, the user can express a
research question and/or collect insights from large data
sets. Computations flow from the Jupyter notebooks to the
processing layer through Spark jobs (Fig. 1 orange arrow),
data is then retrieved from the storage layer for in-memory
distributed processing, and results are fetched back for data
visualization (Fig. 1 green arrow).

At the processing layer we have Spark with its machine
learning library SparkMLlib [33],[35] and GeoTrellis [36] for
high-performance raster data processing. With GeoTrellis,
GeoTIFF files are read directly from the S3 storage into
Resilient Distributed Datasets (RDDs). With the phenology
data products loaded as RDDs, we exploit Spark’s internals
for distributed data processing. One example is the map-
ping of phenoregions presented in Section 4.

2.2 Platform’s Deployment

The actual deployment and management of our computa-
tion solution is done through Emma [37], an open-source
project to create a platform for development of applications
for Spark and DockerSwarm clusters. The platform runs on
an infra-structure composed of virtual machines that must
be reachable by SSH. The machines are either cloud virtual
machines or Vagrant [38] machines (see Fig. 1). The latter
tool allows the platform to be simulated on a local machine,
i.e., in a local development environment.

Once the machines are prepared, the servers are provi-
sioned usingAnsible, an automation tool for IT infra-structure.
Ansible [39] playbooks are used to create a storage layer, proc-
essing layer, and JupyterHub [40] services. With Ansible we
are able to deploy a platform with the same features at differ-
ent locations, such as local clusters, national infra-structure, or
even a commercial cloud provider. Such a feature allows us to
have tool-provenance for easy repeatability of experiments
between scientists.

2.3 Provenance

Precise data citation and provenance are essential for the
reproducibility of any scientific research. Earth science data
are often the result of applying complex data transformation
and analysis work flows to large amounts of data. Prove-
nance information is thus essential to ensure the reproduc-
ibility of the results [41], [42].

The process to obtain provenance information should be
simple and lead to a clear and human readable description.
In case of having an incomplete piece of information, the
user should be able to complete it. Hence, our goal is to col-
lect sufficient information to reproduce data close enough
to come to the same conclusion, but also to be able to
describe the difference between two processing scenarios if
there is a difference in the result. In that case, we should be
able to initiate an analysis for determining the nature of the
difference.

Our analysis is implemented in Jupyter notebooks. These
notebooks are not only used to share results among scientists
but also as a provenance and reproducibility mechanism.

Fig. 1. Computational platform.
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Furthermore, the cluster configuration, cloud setup, and
platform status are traceable, and virtualization facilitates
repetition and deployment of the experiment elsewhere. To
assist with its deployment, users should use Emma’s Ansible
notebooks and roles, because they contain a detailed descrip-
tion of the platform, i.e., libraries’ names and versions.

2.4 Platform in Action

On our platform, computations are not only pushed down
for remote processing, but they are also designed to exploit
Spark’s computational features. To achieve that, data is
always loaded into memory-based data structures such as
RDDs, DataFrames, and distributed matrices. With the data
loaded into these structures, distributed task scheduling
and fault-tolerance is then handled by Spark. Such a strat-
egy is crucial to achieve efficiency and scalability. It also
releases the user from the burden of re-writing an applica-
tion in case the problem size increases, e.g., when using
higher resolution data from the Copernicus Sentinel-2 mis-
sion, or for changes in the amount of available resources
when moving to a different cloud-infrastructure. The deci-
sion about which structure to use and a study on the impact
of different resource allocations, i.e., a detailed performance
profile, is out of the scope of this paper.

The datasets (c.f. Section 3) chosen to illustrate our phe-
nological case studies are stored as GeoTiffs. These GeoTiffs
are either loaded into HDFS or to the S3 Storage. We use
GeoTrellis to read each GeoTiff band as a Tile, i.e., a grid of
points. For distributed processing, GeoTrellis reads time-
series as an RDD of Tiles. To identify phenoregions and to
study the spatio-temporal correlation between phenological
time-series, each Tile is converted to a sparse vector by flat-
tening it row-wise. The sparse vectors are used to create
distributed matrices for linear algebra transformations such
as Transpose. All these steps are summarized in Fig. 2.
Section 3 contains more details about data preparation.

Besides data preparation, Spark’s internal functionality is
also useful for efficient data analysis. Spark-MLlib version
2.1.1 provides a rich set of methods for data analysis rang-
ing from basic statistics to dimensionality reduction. In
Section 4.2, we show how Spark-MLlib was used for an iter-
ative and stepwise clustering analysis. Nevertheless, it is
important to mention that RDDs give an enormous flexibil-
ity to the user, and allow using analysis methods not yet
covered by Spark-MLlib. In Section 5.2, we show how easy
it is to introduce user-tailored data analyses.

3 PHENOLOGICAL DATA

In this section we describe the temperature-based phenolog-
ical indices (3.1) and the satellite-derived phenometric (3.2)
chosen for this study. Finally, in Section (3.3) we explain
our approach to iteratively analyze big geospatial rasters.

3.1 The Extended Spring Indices

The Extended Spring Indices (SI-x; [43]) are a suite of math-
ematical models that transform daily minimum and maxi-
mum temperatures into consistent phenological metrics
that indicate spring onset. The SI-x can be used to better
understand and manage climate change impacts, as demon-
strated by their inclusion in the list of official US global
change indicators.2 These phenological models are called
“extended” because they were derived from the “original”
spring indices ([5]) after lifting the “chilling” requirements,
so that the Leaf and Bloom indices could be calculated
across broad geographic areas [43].

From a mathematical point of view, the SI-x models were
created by combining volunteered observations of leafing and
blooming for three key indicator species (two varieties of hon-
eysuckle and one of cloned lilacs [9]) with daily weather sta-
tion data. With this data, a linear regression model was built
to predict the day of the year (DOY) of first leaf and of first
bloom for each of these plant species by using a set of regres-
sors based on short and long term accumulations of growing
degree days and changes in length of day, calculated from the
latitude of the weather station. Next, the Leaf and Bloom indi-
ces are calculated as the averages of the corresponding predic-
tions for each of the plants. From a practical point of view, the
Leaf index indicates an early spring onset typically linked to
the activation of grasses and shrubs. The Bloom index, which
occurs a few days or weeks after the Leaf index, indicates a
later phase of spring onset, associated with the moment of
leafing out of deciduous trees [26]. For additional details
including the exact model definition, the coefficients of each
model, and the computer code to calculate them, see [44]. The
SI-x models have been extensively used to track spring onset
at specific locations by using temperature data from weather
stations [43], [44], and at continental scales by using gridded
temperature data [26], [27].

In this study we use a high spatial resolution (1 km) and
long-term (1980 to 2015) version of the Leaf and Bloom

Fig. 2. From GeoTIFFs to a Spark’s distributed matrix.

2. http://www.globalchange.gov/explore/indicators
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indices, which was recently generated for the conterminous
US by adapting the SI-x models to a cloud computing envi-
ronment [27], [45].

3.2 Start of Season

Time series of remotely sensed data can be used to derive
various land surface phenological metrics that indicate phe-
nological changes in vegetated canopies. One of these met-
rics is the so-called Start of Season (SOS), which indicates the
beginning of photosynthetic activity. Several SOS products
exist in literature, often linked to a particular sensor or study
[24], [30]. Here we use a SOS product specifically made for
the US by the Earth Resources Observation and Science
(EROS) Center of the US Geological Survey. This product,
available since 1989, is made from a special 1 km AVHRR
dataset created from Local Area Cover (LAC) images pro-
vided by the AVHRR sensors aboard various National Oce-
anic and Atmospheric Administration (NOAA) satellites
(NOAA-11, 14, 16, 17, 18, and 19). We selected this phenolog-
ical product for our study because it offers the longest possi-
ble SOS time series at the best possible spatial resolution.
Other AVHRR-phenological products start a few years ear-
lier (in 1981), but at the cost of using data with a reduced spa-
tial resolution (typically between 4 and 8 km). MODIS also
offers a high spatial resolution SOS product, but the latest
collection (i.e., v005) of this product is only available for the
period of 2001-2012.

At the EROS center, the AVHRR LAC images were first
transformed into a smooth time series of NDVI values by
using the weighted least-squares regression method. This
processing reduces cloud and atmospheric effects ([46]) so
that a curve derivative method can be applied to predict
future NDVI values based on the previous 9 observations.
Finally, the SOS day is determined by identifying the DOY
when the smoothed NDVI values become larger than the
predicted values [47]. This SOS prediction method, also
known as the delayed moving average method, indicates
the occurrence of the first sustained positive change in the
NDVI signal during spring [29]. Eight other phenometrics
(e.g., time of maximum NDVI or end of season) are derived
by the EROS center but are not used here because their tim-
ings fall outside of the spring windows, and a recent study
has shown that they are negatively affected by the orbital
drift of the various AVHRR sensors used to create these
phenometrics [46]. The SOS product is, in fact, the least
affected product and only 4-5 percent of the pixels are influ-
enced by orbital drift [46]. A final limitation of the selected

SOS product is that although its spatial resolution matches
that of the SI-x products, SOS data is only available for the
period of 1989 - 2014.3 Therefore, our exploratory analysis is
constrained to this period.

We refer to Fig. 3 for an illustration of the average Leaf
and Bloom indices and of the SOS phenometric from the
study period. The SI-x maps show a clearly noticeable spring
gradient, with low values in the south and high DOY values
in the north, although the Bloom gradient is abrupter than
the Leaf gradient. This gradient is much less visible in the
average SOS metric as the values are much more dependent
on the actual distribution of land cover types than the SI-x,
which are mostly driven by the evolution of daily tempera-
tures. Two characteristics of the SOS product are remarkable:
1/ the SOS map contains negative values that indicate that
the season started sometime during the second half of the
previous calendar year, and 2/ that the product is spatially
continuous, indicating that the NDVI composite method and
the SOS extraction algorithm work well over cloudy areas.
The coefficients of variation (CV) of the chosen phenometrics
indicate that the variability of the Leaf index is twice as large
as that of the Bloom index. This is not surprising because
weather variability is larger at the beginning of the seasonal
transition from winter to spring. The CV of the SOS product
is much larger than that of the SI-x, particularly for areas in
the southwest which often have negative SOS values.

3.3 Data Challenges

For large data sets it is important to effectively reduce the
data input size by filtering out all irrelevant data points for
a specific analysis. In the context of our analysis, users can
easily define their area of interest by applying a mask so
that they can start their analysis for a single state and then
shift to the conterminous US. The same applies to the spatial
and/or temporal resolution of the datasets. All the analyses
were designed to work at different resolutions without
requiring heavy modifications of the code. This allows users
to collect insights or test hypothesis in an agile fashion.

4 MAPPING PHENOREGIONS

Two types of phenoregions can be obtained from our phe-
nological time series: First, all data can be clustered along
the temporal dimension to find regions (i.e., groups of grid
cells) that share the same phenological trajectory across time

Fig. 3. Top: Average of Leaf and Bloom indices and AVHRR Start of Season (SOS) maps of conterminous US from 1989 to 2014. Bottom: The coeffi-
cient of variation of Leaf and Bloom indices and AVHRR SOS maps of conterminous US from 1989 to 2014.

3. https://lta.cr.usgs.gov/avhrr_phen
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(i.e., similar SOS values for the complete study period). Sec-
ond, the data can be re-arranged to cluster regions based on
their annual phenology, characterized by the annual values
of the Leaf and Bloom indices. As described in the introduc-
tion, the former type of clustering is more common and
leads to the identification of long-term phenological regions,
and the latter clustering is normally used when grouping
actual NDVI values instead of phenometrics. Here, we per-
form both types of clustering by using the K-means imple-
mentation available in SparkMLlib, which is a parallelized
variant of the k-means++ algorithm called k-meansjj.4

First the Leaf, Bloom, and SOS time series were clustered to
create long-term phenoregions. We decided to cluster each
dataset independently so what we could visualize and com-
pare the spatial patterns associated with each spring onset
indicator. Then, we combined and reshaped the Leaf and
Bloomdatasets to create annual phenoregions so thatwe could
visualize the stability of the temperature-based phenoregions.
Both analyses were run multiple times to find the optimum
k-value for each type of clustering. For themulti-temporal phe-
noregions, we tested values of k from 5 to 500 in steps of 10,
and for the annual clusterings we tested k values from 5 to 100
in steps of 5. The optimum k-value was found at the elbow of
the within-cluster sum of squared errors (WCSSE). The
WCSSE metric measures the distance of each grid-cell to the
centroid it has been assigned to.As such, theWCSSEmonoton-
ically decreases as k increases. However, the rate of decrease
slows down after passing the optimal number of clusters.

4.1 Results and Discussion

The results of the multi-temporal clustering of the Leaf,
Bloom, and SOS products are summarized in Fig. 4. This
figure contains theWCSSE plots and two visualizations of the

phenoregions (one based on centroid IDs and another one
based on the actual DOYs of the centroids). The optimal num-
ber of phenoregions is 70 for both indices and 100 for the SOS
metric. This indicates that land cover phenological variability
is much larger than the one caused by temperature differen-
ces. However, the phenological regions derived from the
spring indices have a much stronger spatial coherence as they
are derived from a fieldwith a high degree of autocorrelation.
This is especially visible in the east where they strongly
depend on the latitude. Topographic heterogeneity caused by
the Rocky Mountains, the intermontane plateaus and the
PacificMountain System lead tomuchmore scattered climatic
phenoregions in the west. The SOS metric is clearly domi-
nated by the interactions between topography and land cover
composition, leading to smaller phenoregions and difficult
identification of clear large-scale phenological patterns. Yet
the large forests in the north and east of the US as well as the
so-called Corn Belt are recognizable. Finally, the bottom row
of this figure shows the typical DOY of start of spring in each
cluster. These values were calculated as the average of the
annual DOY values that are returned as cluster centroids.
Again, the clustering of the extended spring indices is
smoother and resembles the temperature zonation of the
USA. This was expected as these models are driven by daily
temperature values. The SOS clusters resemble the land cover
and ecosystem composition of the US, which was expected
because land surface phenology is different for each land
cover type, justifying the importance of phenological informa-
tion to create land covermaps.

The results of the annual phenoregions are illustrated in
Fig. 5. TheWCSSE plot shows that the optimal number of SI-x
phenoregions is 15. This relatively low number indicates that
the integration of early and later spring onset metrics leads to
less variability than their independent analysis. Yet, the spa-
tial patterns of the mode of each grid cell strongly resemble

Fig. 4. Within-cluster sum of squared errors versus the number of clusters for the Leaf and Bloom indices and the SOS metric [Top row]. Clustering
maps for the Leaf and Bloom indices (k=70) and the SOS metric (k=100) [Middle row]. Centroids maps for the Leaf and Bloom indices (k=70) and
the SOS metric (k=100)[Bottom row].

4. https://spark.apache.org/docs/2.2.0/mllib-clustering.html
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the spatial patterns found in the previous analysis. Finally, the
bottom panel shows the percentage of times that the modal
cluster was found in each grid cell. This figure shows that
there is a large inter-annual (natural) variability in the way
spring arrives to the US. Only the Sonora desert, the south of
Florida and Texas, and parts of the Rocky Mountains are con-
sistently clustered in the same group. The rest of theUS shows
moderate to high inter-annual variability, especially visible in
the north and northwest of the US (Great Basin area, Cas-
cades, and PacificCoast Ranges).

Finally, it is important to realize that phenoregions are
identified by clustering data and, as such, they represent a
high level abstraction of the phenological patterns found in
the data. This abstraction drastically reduces the amount of
data that the analylist needs to look at and reduces the
cognitive load required to understand the data. Therefore,
we believe that annotated phenoregion maps are an ideal
means to communicate changes (e.g., trends) in spring onset.

4.2 Iterative and Step-Wise Analysis

The identification of the number of clusters in a data set is one
of the most difficult problems in cluster analysis. One of the
approaches is to use the elbow curve as used above for our phe-
noregion identification. Such approach requires the user to
run a series of k-means clusterings, obtain their WCSSE, and
create the plot shown on Fig. 4. With Spark it is possible to
obtain such series in an efficient and effective way. The RDDs
are cached in the nodes’ memory to increase efficiency. With
data cached in memory and each iteration being sent as

independent job to the Spark cluster, it is possible to run loops
with hundreds of iterations in an efficientway.

With RDDs cached, multiple k-means are requested with
coarse iterations to quickly have an estimation of the ideal
number of clusters. If the elbow curve is not clear due to the
use of coarse iteration steps, the user can request a re-run
with smaller iteration steps. Once the ideal number of clus-
ters is identified, the user runs the k-means model in the
input data and obtains the GeoTiffs in Fig. 4. Such iterative
and step-wise approach is not available in other cloud plat-
forms specialized in the processing of geospatial data such
as Google Earth Engine [48].

5 CORRELATING TEMPERATURE- AND
SATELLITE-BASED PHENOLOGICAL METRICS

As stated in the introduction, the general applicability and
deeper ecological meaning of phenological models and of
satellite-derived land surface phenological metrics is not
fully clear yet [24], [30]. To shed light on this, we performed
a Pearson correlation analysis between the Leaf and Bloom
indices and the AVHRR SOS phenometric. This analysis
was made at a per-pixel level using the complete period of
overlap between these phenological products (i.e., 1989-
2014). After that, we identified areas that exhibit high posi-
tive and high negative correlation and cross-plotted the
data to evaluate the coherence and the statistical predictabil-
ity of the phenological metrics at hand.

5.1 Results and Discussion

Fig. 6 shows the results of the Pearson correlation analysis
where we see that large areas exhibit moderate to high

Fig. 5. Within-cluster sum of squared Errors versus the number of clus-
ters for Leaf and Bloom [Top]. Clustering maps for mode of Leaf and
Bloom clustering [Middle]. Percentage of counts for eachmode [Bottom].

Fig. 6. Correlation between the Leaf index and SOS [Top], between the
Bloom index and SOS [Middle], and sampled grid cells for further analy-
sis [Bottom].
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positive correlations. This confirms that temperature is one
of the main drivers of phenological development at mid-
latitudes. Our analysis also shows that the Leaf index is, in
general, less correlated with the SOS than the Bloom index.
This could indicate that satellites cannot detect the very early
leaf onset, and that a certain amount of leaves (vegetation
activity) is needed before spring onset can be detected from
space using this sensor and method to estimate SOS. Interest-
ingly, Fig. 6 also shows areas with moderate to high negative
correlation. These areas correspond to locations where phe-
nology seems to be driven by other environmental factors
(e.g., water). The SOS values of the grid cells with negative
correlations tend to be negative. These results seem to indicate
that late autumn and early winter SOS values in the year y are
associatedwith early SI-x values for the year yþ 1. In terms of
land cover, high positive correlations tend to occur in the ever-
green needle leaf forests located in the northwest, the mixed
forests around the Great Lakes, andmixed croplands and nat-
ural vegetation areas in the Midwest. Strong negative correla-
tions mostly occur in the Corn Belt region and in the woody
savannas of the southwest.

To explore the complementarity and predictive power of
the chosen phenological indices and metrics, we selected 6
locations across the conterminous US (see lower panel in
Fig. 6) and fitted a linear regression model between the SI-x
and the SOS. Fig. 7 shows the results of this analysis together
with the regression lines, the 1-to-1 line, and the land cover of
the selected cells. This figure shows that relative order
between the Leaf and Bloom indices and the SOS metric
depends on both the geographic location and the land cover
type because the regression line is sometimes above and
sometimes below the 1-to-1 line. This figure also illustrates

that a high positive or negative correlation does not mean that
the products are not biased. For instance, SOS values of about
140 for the evergreen needleaf forest correspond to Leaf val-
ues of around 120 and to Bloom values of about 170. Such
“rules” could be used to combine multi-source phenological
data and to create early anomaly detection systems.

5.2 User-Tailored Analysis

Although the identification of phenoregions works well
with an RDD of sparse vectors, our correlation analysis
requires the use of Spark’s internal algorithms that only
work with two RDDs of doubles or an RDD of vectors.5

Hence, calculating the per-pixel correlation between two
time-series would require either millions of RDDs or the
creation of a correlation matrix. To avoid that, we joined
two RDDs into a single RDD with a tuple of sparse vectors
per row. Using a map function, we then calculated the Pear-
son correlation between the two time series. This example
shows how easy it is for a user to express the necessary cal-
culations to conduct his/her research while exploiting effec-
tively the Spark distributed framework.

6 CONCLUSIONS AND FUTURE WORK

Climate change is modifying the timing of recurring biologi-
cal events and, hence, that of seasonal transitions like spring
onset. Understanding these changes is critical to design bet-
ter climate change adaptation andmanagement strategies. In
this paper, we explore spring onset over the conterminous

Fig. 7. Crossplots between the Leaf/Bloom index and SOS for the grid cells shown in Fig. 6. The black lines show the corresponding linear fits, the
dashed green lines indicate the 1:1 line, the R values are the Pearson correlation coefficients and the titles list the MODIS-extracted land cover types.

5. https://spark.apache.org/docs/2.1.1/mllib-statistics.
html#correlations
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US bymeans of two case studies. In the first one, wemapped
high-spatial resolution phenoregions and their changes in
time. We found that the temperature-based phenoregions
have a higher spatial coherence and are less complex than
the phenoregions derived from the SOS metric. Through the
annual analysis, we also found areas that tend to have stable
timings for spring onset and areaswhere this timing is highly
variable. We believe that both the multi-temporal and the
annual phenoregions could be used to design more targeted
climate change monitoring strategies because they identify
homogeneous regions. They could also be used to (visually)
communicate changes (e.g., trends) in spring onset to larger
audiences because they represent a high-level abstraction of
the data, which is easier to grasp. In the second case study,
we analyzed the coherence between phenological indices
and land surface metrics by mapping their correlation and
investigating their statistical relationships. We found that
there are several areas in the US where the spring indices are
moderately to highly correlated (both positively and nega-
tively) with the SOSmetric. This indicates that the phenology
of certain areas and land cover types ismostly driven by tem-
perature. We also found that the Bloom index, which cap-
tures later spring onsets, is more correlated with this
particular SOS product than the Leaf index. These correla-
tions were analyzed in more detail by plotting the available
data for six locations across the US. These plots confirm the
moderate to high correlations and could be used to derive
“mapping rules” to integrate both datasets or to predict the
timing of one indicator by the value of the other one. Further
analysis is still needed to better understand the complemen-
tary and synergistic value of these semantically distinct phe-
nological products.

Both case studies are based on long-term (36 years) and
high spatial resolution (1 km) simulations of the leaf and
bloom indices, and on the longest possible (26 years) time
series of the SOS metric at such a high spatial resolution. The
efficient analysis of these relatively big datasets required the
design and implementation of a distributed and cloud-based
computational platform. For this, we used the Apache Spark
ecosystem including its scalable machine learning library
(SparkMLlib) and its geographic processing engine (Geo-
Trellis). Our case studies demonstrate the power of this solu-
tion for dealing with large geospatial grids and its versatility
to create user-tailored analysis tools. We are confident that
our open-source and scalable solution is future-proof and
will be able to deal with the ever-increasing amounts of geo-
spatial data about our living environment.

Future work will deal with the analysis of other spring
onset indicators (either alternative SOS extraction methods or
the derivation of very high spatial resolutionmetrics from the
Sentinel missions), and with the integration of the millions of
ground phenological observations collected by citizen scien-
tists over the US, so that we can use them to benchmark our
future work. Moreover, we are currently working on expand-
ing the analytical functionality of our platform, e.g., to include
a co-clustering algorithm that will allow the identification of
phenoregions that are valid for a particular period [23]. Last
but not least, we are working on including our computational
platform and its philosophy in our educational curriculum so
that new generations of geoinformation specialists become
familiar with big data solutions.
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