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Abstract Large amounts of data accumulated in ecology and related environmental sciences arouses urgent need to explore
useful patterns and information in it. Here we propose coclustering-based methods and a temperatures-photoperiod driven
phenological model to explore spatio-temporal differentiation in long-term spring phenology in China. First, we created the first
bloom date (FBD) dataset in China from 1979 to 2018 using the extended spring indices and China Meteorological Forcing
Dataset. Then we analyzed the dataset using Bregman block average co-clustering algorithm with I-divergence (BBAC_I) and 4-
means algorithm. Such analysis delineated the spatially-continuous phenoregions in China for the first time. Results showed
three spatial patterns of FBD in China and their temporal dynamics for 40 years (1979-2018). More specifically, overall late
spring onsets occur in 1979-1996, in which areas located in Jiangxi, northern Xinjiang and middle Inner Mongolia experienced
constant changing spring onsets. Overall increasingly earlier spring onsets occur in 1997-2012, in which areas located in Fujian,
Hunan and eastern Heilongjiang experienced the most variable spring onsets. Stable early spring onsets over China occur after
2012. Results also showed 15 temporal patterns of spring phenology over the study period and their spatial delineation in China.
More specifically, most areas in China have the same FBD category for 40 years while northern Guizhou, Hunan and southern
Hubei have the same category in 1979-1997 and then fluctuate between different categories. Finally, our results have certain
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directive significance on the design of existing observational sites in Chinese Phenological Network.
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1. Introduction

Unprecedented amounts of data for ecology and related en-
vironmental sciences are accumulated due to advances in
data collection technologies, such as sensors and modelling
(Kelling et al., 2009; Zhu et al., 2017; Cheng et al., 2018; Li
et al., 2019). Traditional satellite remote sensing systems and
new initiatives in near-surface remote sensing platform can
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gather data with various spatial and temporal resolutions at
any time (La Salle et al., 2016; Guo et al., 2018). Besides,
modelling and measurements are also advancing the data
accumulation from various sources (Chen et al., 2011). Such
big data arouses urgent need to gain insights into important
features in it and further reveal patterns and information of
potential use (Kelling et al., 2009; Kisilevich et al., 2010).
Spatial and temporal differentiations are important features
in the study of ecology and also phenology of ecosystems
(Dutilleul, 2011; Wang et al., 2016). Plant phenology studies
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the life circle phases in plants driven by environmental fac-
tors and the study of its long-term patterns and dynamics is
significant to understand the terrestrial ecosystems (Zhu and
Wan, 1973; Schwartz et al., 2006; Fang and Chen, 2015;
Wang et al., 2019). As one of the most reliable bioindicators
of climate change, spring events of plant phenology have
been proven of inhomogeneity across space and time in
many studies (White et al., 2009; Gordo and Sanz, 2010;
Jeong et al., 2011; Wu and Liu, 2013). For instance in the
Northern Hemisphere, the earlier spring onset in middle and
high latitudes are more obvious than that in other regions and
they are also more outstanding in the 1980s and 1990s than
that in other periods (Piao et al., 2006). These findings make
it necessary to study the spatial and temporal differentiations
of spring phenology.

There are several methods for collecting materials of
spring phenology. The first method relies on site observa-
tions of biological events (e.g. first leaf and flower bloom-
ing) for selected species. However, the spatial distribution of
these phenological observations is poor, even with long-term
records (White et al., 2005). The second method is deriving
spring onsets using time series of remote sensing satellite
images. Nevertheless, the results rely on the adopted method
because no methods are universally accepted for character-
izing spring onsets from satellite data (White et al., 2009).
Moreover, large amounts of satellite data are only collected
since the 1980s, which is not sufficient to study the long-term
responses of phenology to climate change. The last method
uses phenological models, which allow to simulate and
predict spring onsets in those regions without observations.
Several studies have proved that temperatures and photo-
period are two important driven factors for plant phenology
(Schwartz et al., 2006; Gordo and Sanz, 2010; Piao et al.,
2015). Thus, in this study we use a temperatures-photoperiod
driven phenological model (Section 2.2) to simulate long-
term spring onsets (Schwartz et al., 2013).

By partitioning data elements into groups and considering
them at an abstract level, clustering is one of the most widely
used methods to study the spatio-temporal differentiation of
phenology (Andrienko et al., 2009). It is especially useful in
the studies of ecology and related environmental science,
because the analysis for a given region and a time period
generally yields more informative results than that for a few
locations and timestamps (Zirlewagen and von Wilpert,
2010). Several studies have applied clustering on the analysis
of spatial and temporal differentiations (Ahas and Aasa,
2003; White et al., 2005; Kumar et al., 2011; Zhang et al.,
2012). For instance, Ahas and Aasa (2003) applied clustering
to analyze temporal differentiation in phenological events by
grouping years to early and late years based on seasonal
rhythm. Zhang et al. (2012) analyzed spatial differentiation
of phenology in the Upper Colorado River Basin by using
both principal component analysis and k-means++. How-
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ever, differentiations identified by only using spatial clus-
tering are incapable to illustrate the time-varying behavior in
the phenology and vice versa (Deng et al., 2011). Thus, a
clustering method that allows to concurrently analyze spatial
and temporal differentiations is required to illustrate the
spatio-temporal varying behavior in the phenology. By si-
multaneously performing spatial and temporal clustering, co-
clustering methods are able to reveal the variations in phe-
nology both across space and time. Therefore, this study uses
co-clustering analysis (Section 2.3) to explore spatio-tem-
poral differentiation of phenology (Wu et al., 2015, 2016).
Based on above, we conduct an exhaustive exploration of
spatial and temporal differentiations of spring phenology by
using a coclustering-based method: we first use a tempera-
tures-photoperiod driven phenological model and long-term
meteorological datasets to create first bloom dates (FBD)
dataset; then we perform the co-clustering analysis on the
dataset and further visually analyze the co-clustering results
to reveal spatio-temporal differentiation of spring phenology.

2. Materials and methods

2.1 Data and computational platform

The China Meteorological Forcing Dataset (http://westdc.
westgis.ac.cn/data/7a35329c-c53f-4267-aa07-e0037d
913a21; Chen et al., 2011) is used in this study. With the
spatial resolution of 0.1°%0.1°, this gridded dataset, covering
from 18.2°N to the northern border 53.6°N and from 73.4°E
to the eastern border 135°E. With the temporal resolution of
3 hours, this dataset runs from 1979 to 2018. For this study,
air temperatures (instantaneous near surface, 2 m) were
downloaded and daily maximum (TX) and minimum (TN)
temperatures were calculated as the input parameters for the
temperatures-photoperiod driven phenological model (Sec-
tion 2.2).

To assure the completeness of the dataset, we examined
TX and TN and excluded grid cells whose FBD could not be
calculated for more than 20 years from the phenological
model. It resulted into new temperature datasets with 74154
grids for 40 years (1979-2018), whose spatial extent is ex-
emplified in Figure 1 by the spatial distribution of the
maximum temperature in one arbitrary day (2018-02-01).

The phenological observational records are used in this
study to assess the accuracy of FBD calculated from the
phenological model. Here we use those records collected by
the Chinese Phenological Network (CPON) and the dataset
is supported by National Earth System Science Data Sharing
Infrastructure, National Science & Technology Infrastructure
of China (http://www.geodata.cn). Administrated by Chinese
Academy of Sciences (CAS), CPON includes 44 observa-
tional sites (Figure 2) across the country from 1963 to 2008
(Ge et al., 2014, 2015; Wang et al., 2015a, 2015b). Lilac
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Figure 1 The spatial extent of the meteorological dataset exemplified by
the spatial distribution of the maximum temperature in one arbitrary day
(2018-02-01).
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Figure 2 The 44 phenological observational sites in Chinese Phenolo-
gical Network.

Syringa oblata is selected as the species for the assessment
because it is commonly observed in the national network
(Schwartz and Chen, 2002). Besides, it was successively
used in China for assessing the performance of the spring
indices, a previous version of the phenological model we
used in this work (Schwartz et al., 2006).

To process the meteorological datasets with high spatio-
temporal resolutions and also long time series of FBD, we
conducted our experiment on a high-performance computing
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platform using parallel computing on a blade cluster of three
nodes. Each node is configured with two Intel Xeon Gold
6132 CPU (2.60 GHz), 96 GB of Radom Access Memory
(RAM) and 240 GB of hard disk space. During the process,
deca-core parallel computing was observed within each
node.

2.2 Extended spring indices

As a series of regression-based temperatures-photoperiod
driven models, the extended spring indices (SIx) are widely
used to simulate and predict spring onsets (Schwartz et al.,
2013; Izquierdo-Verdiguier et al., 2018). These models re-
move chilling and warmth requirements from the original
spring indices models and thus allow to cover larger areas
(Schwartz et al., 2013). Developed using three key species as
lilac (Syringa chinesis) and honeysuckles (Lonicera tatarica
and Lonicera Korolkowii), SIx mainly predict their first leaf
dates (FLD) and FBD.

The inputs for SIx are daily maximum temperature, daily
minimum temperature and the latitudinal information for a
location, in which the last parameter is used to represent the
day length to account for photoperiodic changes (Basler and
Korner, 2012). The predicted SIx FBD is the focus of this
study for its easiness of observation (Lu, 2006). This index is
the average value of the first bloom dates of above three
species and represents the onset of late spring. SIx FBD has
also been proved to be related to a general onset of vegetative
growth in dominant forest vegetation (Schwartz and Chen,
2002). The equation for calculating SIx FBD is as below:

FBD, = SIx(TX ,, TN,, lat )

i=1,...,74154; j= 1,...,40
where TX and TN are the daily maximum and minimum
temperatures and lat is the latitude. The indices i and j re-
presents the 74154 grid cells of the study area and the
40 years of the study period respectively. TX and TN are of

the Fahrenheit unit as required for calibrating SIx. Refer to
(Ault et al., 2015) for more detailed description of SIx FBD.

(D

2.3 Co-clustering analysis

Either spatial clustering or temporal clustering is one-way
clustering. Take the FBD example dataset in Figure 3a for
example. Spatial clustering (Figure 3b) sees the locations of
the dataset as objects and timestamps as attributes, which
results in location-clusters with similar values along all
timestamps, e.g. location-cluster!l (the thick lines in Figure
3b). Temporal clustering sees the timestamps of the dataset
as objects and locations as attributes, which results in time-
stamps with similar values along all locations, e.g. time-
stamp-cluster] (the thick lines in Figure 3c). Typically, the
clustering method used for spatial clustering is also applic-
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Figure 3 One-way and co-clustering analysis of FBD example dataset. (a) An FBD example dataset; (b) spatial clustering resulting in location-clusters with
similar values along all timestamps, e.g. location-cluster! (the thick line); (c) temporal clustering resulting in timestamp-clusters with similar values along all
locations, e.g. timestamp-clusterl (the thick line); (d) spatio-temporal clustering resulting in spatio-temporal co-clusters with similar values along both
locations and timestamps, e.g. the intersection of location-cluster] and timestamp-cluster! (the thick lines).

able for temporal clustering, e.g. k-means.

Being different from one-way clustering, co-clustering
sees locations and timestamps the same by grouping loca-
tions and timestamps to location-clusters and timestamp-
clusters simultaneously (Figure 3d) (Dhillon et al., 2003;
Han et al., 2012; Shen et al., 2018). It results in spatio-
temporal co-clusters, i.e. the intersection formed by each
location- and timestamp- cluster, within each of which values
are similar along both locations and timestamps, e.g. the
intersection of location-cluster1 and timestamp-cluster] (the
thick lines in Figure 3d).

There have been many studies in various fields that use co-
clustering methods for pattern analysis (Dhillon et al., 2003;
Banerjee et al., 2007; Wu et al., 2015, 2016). Dhillon et al.
(2003) used a co-clustering algorithm named the Information
Theoretic Co-clustering (ITCC) for word-document analysis,
which adopts the I-divergence metric as distance measure to
build the objective function and optimize co-clusters.
Banerjee et al. (2007) proposed Bregman co-clustering al-
gorithm with several distance measures including I-diver-
gence and Euclidean distance etc. for optimizing co-clusters.
In their applications, the superiority of the I-divergence
metric was empirically improved for word-document ana-
lysis. Recently, Wu et al. (2015) and Wu et al. (2016) both
used the Bregman block average co-clustering algorithm
with I-divergence (BBAC I) to analyze spatio-temporal
datasets. As a special case of the Bregman co-clustering al-
gorithm, BBAC 1 effectively identified location-timestamp
co-clusters and revealed spatial and temporal patterns as well
as their dynamics. This algorithm is thus used in this study to
analyze spatio-temporal pattern in FBD and further reveal
spatial and temporal differentiations of spring phenology.

BBAC 1 is typically used to analyze data matrices re-

presenting co-occurrences or joint probability between two
random variables, which contain positive and real-valued
elements (Wu et al., 2015). This algorithm takes the co-
clustering issue as an optimization problem in the field of
information theory and the optimal co-clustering results
minimizes the loss in mutual information between the two
matrices before and after the co-clustering analysis. The SIx
FBD is organized into a co-occurrence matrix (Opgp) be-
tween a spatial and a temporal variables that takes values in
74154 grid cells and 40 years respectively. That is, Oggp is a
matrix with its size as 74154x40. The process of optimizing
FBD data matrix to the optimal co-clusters by BBAC 1 is
summarized into three steps as below (Figure 4).

(i) Random initialization. This is to randomly group 74154
grids and 40 years in FBD data matrix Oggp to gc (number of
grid-clusters) grid-clusters and yc (number of grid-clusters)
year-clusters, which results in the co-clustered FBD data

matrix Oy,

(i1) Calculating the loss in mutual information. This is to
build the objective function using I-divergence to measure

with its size as geXyc.

the loss in mutual information between Oppp and Oy
Sioss = DI(OFBD H O\FBD)ﬁ (2)

where D (- || -) means the I-divergence between matrices,
which can be used to calculate the loss of mutual information
between two matrices.

(iii) Iterations for optimizing the objective function. This is
to begin an iterative process to minimize the loss of mutual
information by updating the memberships of grid-clusters
and year-clusters. This step includes two sub-steps:

(1) The update of membership of grid-clusters. This is to
find the grouping from grids to grid-clusters that minimizes
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Bregman block average co-clustering algorithm with I-divergence (BBAC I)

Input: Oppp, g¢ (number of grid-clusters), yc (number of year-clusters)
Output: optimized co-clusters
Begin

1. Initialization: randomly mapping 74154 grids to gc grid-clusters
and 40 years to yc year-cluster;

2. Calculation of the loss function

Jioss=Dr (OFBD H OFBD)

3. Iterations:
3.1 update mapping from grids to grid-clusters
i= argl I,PiIi)DI (Orpp 1| Oppp)
llg

3.2 update mapping from years to year-clusters
Jj=arg min Dy (Oppyp || Oppp)
End

Figure 4 Bregman block average co-clustering algorithm with I-diver-
gence (BBAC_I).

the loss of mutual information according to the objective
function:
i= arg, gg}inc}D I(OFBD || GFBD)' (3)

(2) The update of membership of year-clusters. This is to

find the grouping from years to year-clusters that minimizes
the loss of mutual information according to the objective
function:
J= arg, Eg{if}yt,}D I(OFBD H O\FBD)' 4
Studies have proved that the loss of mutual information de-
creases after each iteration (Banerjee et al., 2007). Then the
iterative process ceases when the loss function reaches the
convergence of a local minimum (change in the loss is less
than a preset threshold). Moreover, because we cannot assure
the global optimum, the aforementioned co-clustering pro-
cess is usually repeated for several times to find the optimal
co-clusters to the largest extent. Refer to (Wu et al., 2015) for
detailed optimization process of BBAC 1.

Since the co-clustering process assigns full rows and col-
umns to clusters, the co-clustered matrices show a check-
board format with similar neighboring co-clusters (Wu et al.,
2016). To better capture the spatio-temporal differentiation
in the FBD dataset, we first predefined a large number of co-
clusters for BBAC 1, then used k-means algorithm to refine
these co-clusters into & irregular co-clusters which are axis-
parallel and non-rectangular. The input for k-means is the
average FBD value of each co-cluster and the number of &
was decided using the Silhouette method (Rousseeuw, 1987).
Besides, because both BBAC I and k-means are local opti-
mization algorithms, running for multiple times is necessary
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for optimal and stable co-clustering results. Finally, we used
g value of Geodetector to evaluate the co-clustering results
(Wang and Xu, 2017).

2.4 Spatio-temporal differentiation of spring phenol-
ogy

To reveal spatio-temporal differentiation in the FBD dataset,
small multiplesl), linear timeline” and geographical map are
used to visually analyze the irregular co-clusters. First, we
extracted several spatial patterns from the co-clustering re-
sults by combining phenoregions, i.e. similar clusters in re-
spect of FBD in this study, in the same year-clusters. Each
map in the small multiples was used to visualize the unique
spatial patterns over the study area. A linear timeline was
used to visualize the temporal dynamics of these spatial
patterns over the study period. Then, we extracted several
temporal patterns from the co-clustering results by combin-
ing years with similar FBD dynamics and arranged them in
the chronological order. Each of the set of linear timelines
was used to visualize the unique temporal patterns in the
study period. A geographical map was used to visualize the
grids with the same temporal patterns, that is, the spatial
delineation of the study area with similar FBD temporal
patterns.

3. Results

3.1 First bloom dates

SIx yielded the FBD values for 74154 grid cells in China
from 1979 to 2018 (40 years) using the filtered meteor-
ological datasets. The spatial extent of the dataset is ex-
emplified in Figure 5 using FBD in 2018. The purpler color
means the earlier FBD. The figure shows the trend that the
FBD are becoming late from south to north of China. It also
shows that FBD occur in early spring dates (early March) in
southern provinces, such as Yunnan, Guangxi, southern Si-
chuan etc. while provinces in middle regions, e.g. Shandong
and Henan, FBD occur around April. Late FDB (late May)
occur in the three provinces in the northeast of China (Hei-
long, Jilin, Liaoning) while very late FDB (June and after-
wards) occur mostly in the Tibet Plateau. It is worth pointing
out that even though the spatial trends of FBD (Figure 5) are
similar with those of maximum temperatures (Figure 1), they
are essentially different. It is because Figure 5 shows the
spatial trends of spring phenology of one year whereas
Figure 1 shows the trends of one day in that particular year.
More importantly, SIx seizes the non-linear property of

1) Small multiples is a visualization that puts a series of geographical maps next to each other, which is mainly used to understand changing features of

multivariate information.

2) Linear timeline is one type of timeline, which uses a linear line to visualize events that occur in the order of linear time (e.g. year).
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the year 2018.

160

150 oe6 ©
5370
O\ '7;5

140 PRy P o3

Six FBD
(Day of the year)
s B 8

o
=]

r=0.9543

p < 0.001

0~ 970 RMSE = 9.0876

MAE = 7.6889
n=270

©
o
o

QO

@
[=]

-
=]

70 %0 % 160 1%0 20 10 140 150 160
Observed FBD records for Lilac Syringa oblata
(Day of the year)

Figure 6 Validation of SIx FDB using the observed FBD records for
Lilac Syringa oblata from CPON.

temperatures accumulation (Schwartz et al., 2013).

The accuracy of SIx FBD was assessed using the observed
records of FBD for Lilac Syringa oblata from CPON. Ac-
cording to the observation criteria of CPON (Wan and Liu,
1979), FBD is defined as the date when petals of one or more
than three flowers begin their full bloom for more than half
of the plants in the selected species. We found 270 observed
FBD records for Lilac Syringa oblata and extracted the SIx
FBD using geographical coordinates and years for these re-
cords. Then we used the scatter plots of the SIx and observed
records to validate the performance of the models (Figure 6).
It shows that SIx FBD and observed FBD are strongly cor-
related (=0.9543 and p<0.01).

3.2 Co-clustering results: FBD categories

Based on above, the FBD dataset was organized into a matrix
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where rows are 74154 grids and columns are 40 years (1979—
2018), which was subjected to BBAC I and k-means algo-
rithms. The number of grid-clusters and year-clusters for
BBAC I were chosen as 495 and three after testing values
from 300 to 700 with an interval of 50 and from three to
seven respectively. That is because the objective function of
the co-clustering algorithm reaches its minimum with these
two numbers for the FBD dataset. The numbers of threshold,
random mappings and iterations for BBAC I were empiri-
cally set as 200, 3000 and 10 to guarantee convergence of
the objective function as well as the stable results. The
number of irregular co-clusters for k-means was set to five
using the Silhouette method. Finally, the ¢ value of Geode-
tector for evaluating the clustering results is 0.9141, in-
dicating good heterogeneity of the co-clustering results
(Dong et al., 2017).

The co-clustering analysis resulted in five irregular co-
clusters within the FBD dataset. To characterize the whole
dataset, we defined the five co-clusters as “very early”,
“early”, “intermediate”, “late”, and “very late” FBD cate-
gories according to their values. These values (rounded)
correspond to late February (58th DOY), early April (102nd
DOY), early May (124th DOY), late May (148th DOY) and
afterwards (199th DOY), respectively. These five FBD ca-
tegories are displayed in the heatmap in Figure 7. X-axis is
the 40 years of the FBD dataset arranged according to the
order of the year-clusters with increasing average values
from right to left. The values of y-axis are 74154 grids
covered by the dataset arranged according to the grid-clusters
with increasing average values from bottom to top. Because
BBAC 1 orders the matrix based on the average value of a
complete row (grid) or column (year), it might occur that
different FBD categories are embedded. For instance, the
average value of one grid is higher than that of another along
all 40 years but lower in subsets of years. Figure 8 shows the
spatial distribution of FBD categories, or phenoregions. Each
category contains 3 phenoregions because of different spatial
extents in different year-clusters.

Figure 7 shows that among all categories, “intermediate”
FBD account for the largest proportion, followed by “early”
FBD whereas “very late” FBD account for the smallest, then
followed by “very early” FBD. It also shows that the years
with the largest area of grids for “very early” FBD are mostly
recent years. The years with the smallest area of grids for
“very early” FBD and largest area of grids for “very late”
FBD are the ones before the year 2000, which belong to the
first half of the study period. Together with Figure 8, it can be
seen that “very early” FBD mostly occur in provinces in the
southern regions of China, e.g. Hainan, Guangdong and also
southern Sichuan. Besides, this FBD category covers more
regions to the north from early years of the study period to
recent years. “Early” FBD mostly occur in provinces in
middle eastern regions, e.g. Jiangsu and Anhui. “Inter-
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Figure 7 The co-clustering results defined as “very early”, “early”, “in-
termediate”, “late”, and “very late” FBD categories to characterize the
whole dataset. X-axis is 40 years of the FBD dataset arranged according to
the order of the year-clusters with increasing average values from right to
left. Y-axis is 74154 grids covered by the dataset arranged according to
grid-clusters with increasing average values from bottom to top.

mediate” FBD occur in provinces in middle and northern
regions, e.g. Ningxia and three northeast provinces. “Late”
FBD occur in provinces in northern China while “very late”
FBD occur mostly in Tibetan Plateau.

3.3 Spatio-temporal differentiation of FBD

These five FBD categories in the FBD dataset were further
visually analyzed to display the multiple spatial patterns and
their temporal dynamics as well as multiple temporal pat-
terns and their spatial distribution, and thus reveal spatio-
temporal differentiation of spring phenology.

3.3.1 Spatial patterns and their temporal dynamics
Three spatial patterns over the whole study area are com-
posed by combining grids that have the same variation
throughout China in Figure 7, i.e. phenoregions in the same
year-cluster. They are named Spatial patterns1-3. The small
multiples in the left of Figure 9 shows these three spatial
patterns and the linear timeline in the right of Figure 9 shows
their temporal dynamics from 1979 to 2018. Table 1 shows
the percentages of FBD categories for each spatial pattern
and the number of years that exhibit each pattern.

In Spatial pattern3, “very early” FBD account for the
highest percentages and “late” and “very late” FBD for the
lowest while in Spatial patternl, “very early” FBD account
for the lowest percentages and “late” and “very late” FBD for
the highest. Then changes from Spatial patternl to Spatial
pattern3 give rise to 7.35% increases in phenoregions of
“very early” FBD, mainly located in provinces of Guizhou,
Hunan, Jiangxi, Fujian and also eastern regions of Sichuan.
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Such changes also result in 6.41% and 1.56% decreases in
phenoregions of “late” and “very late” FBD, which are
mainly located in northern Xinjiang, northeastern Inner
Mongolia and southern Heilongjiang. Thus, changes from
Spatial patternl to Spatial pattern3 indicate increasingly
early FBD and spring onsets. Besides, changes from Spatial
patternl to Spatial pattern2 also result in increases in phe-
noregions of “very early” FBD (2.76%) and decreases in
phenoregions of “late” (1.9%) and “very late” (1.09%) FBD,
which indicate increasingly early FBD and spring onsets.
These areas are mainly distributed in Jiangxi province for the
former and northern Xinjiang, middle area of Inner Mongolia
for the latter. On the contrary, variations from Spatial pat-
tern3 to Spatial pattern2 result in decreases in phenoregions
of “very early” FBD (4.59%), mainly located in Hunan and
Fujian. The variations also result in the increases in phe-
noregions of “late” FBD (4.51%), mainly distributed in
eastern Heilongjiang. Such variations mean increasingly late
FBD and spring onsets.

The temporal dynamics of these three spatial patterns in
the timeline shows a general increasingly earlier trend of
FBD from early to recent years. Almost half of years in the
study period (16 out of 40) exhibit Spatial pattern3 and focus
on the recent years after 1997 while less than one fourth (9
out of 40) years exhibit Spatial patternl and focus on the
early period before 1997. As such, three time periods appear
for different variations of FBD over the study period: 1979—
1996, 1997-2012 and 2012-2018. In the period of 1979—
1996, variations are among Spatial patternl and Spatial
pattern2, indicating overall late spring onsets. Areas located
in Jiangxi, northern Xinjiang and middle Inner Mongolia
experienced constant changing spring onsets in this period.
In the period of 1997-2012, variations are among Spatial
pattern2 and Spatial pattern3, indicating overall increasingly
earlier spring onset. Areas located in Fujian, Hunan and
eastern Heilongjiang have the most variable spring onsets in
this period. Years after 2012 focus on Spatial pattern3, in-
dicating stable early spring onsets over China. Besides, the
biggest variation of FBD occurred from 1996 to 1998, in
which areas located in Guizhou, Hunan, Jiangxi, Fujian,
eastern regions of Sichuan, northern Xinjiang, middle Inner
Mongolia and southern Heilongjiang experienced increas-
ingly earlier spring onset.

3.3.2  Temporal patterns and their spatial distribution

The timelines in Figure 10a displays the 15 temporal patterns
over the study period that are composed by combining years
that have the same variation in Figure 7. These temporal
patterns can be divided into five categories according to the
changing state of FBD: stable (1st row), first stable and then
fluctuant (2nd row), first fluctuant and then stable (3rd row),
frequently fluctuant (1st column of the 4th row) and drastic
fluctuant (2nd column of the 4th row). The spatial distribu-
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Figure 8 Phenoregions for each of the five FBD categories.
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Figure 9 Three spatial patterns and their temporal dynamics in the FBD dataset.

tion of each temporal pattern is displayed in the geographical
map in Figure 10b with different categories using different
colors. Table 2 shows the percentages of each category as
well as the temporal patterns in the map.

Among the five FBD changing states, the stable state ac-
counts for the highest percentage (more than 75%) and has
the widest spatial distributions, followed by first stable and
then fluctuant state while drastic fluctuant state accounts for

the lowest (less than 0.02%). The stable state of FBD is
barely influenced by climate change, in which the temporal
pattern of “late” FBD lasting for 40 years takes the largest
percentage (18.58%), mainly distributed in eastern Inner
Mongolia and Heilongjiang. The temporal patterns of “in-
termediate” FBD lasting for 40 years takes the second largest
percentage, mainly distributed in Liaoning and middle
western Jilin. It is followed by the temporal patterns of
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Table 1 Percentages of FBD categories per spatial pattern and the number of years taken by each spatial pattern

Spatial patterns “very early” FBD “early” FBD “intermediate” FBD “late” FBD “very late” FBD Number of years
Spatial patternl 11.42% 23.65% 25.62% 25.41% 13.90% 9
Spatial pattern2 14.18% 23.57% 25.93% 23.51% 12.81% 15
Spatial pattern3 18.77% 23.22% 26.67% 19.00% 12.34% 16
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Figure 10 Fifteen temporal patterns in the FBD dataset and their spatial delineation.

“early” and “very early” FBD lasting for 40 years, with the
former distributed in southern Hebei, western Shandong,
Henan, Anhui and Jiangsu and the latter distributed in
southern Yunnan, Guangxi, Guangdong and southern Fujian.
The temporal pattern of “very late” FBD lasting for 40 years
takes the smallest percentage distributed in Tibetan Plateau,

western Sichuan and eastern Qinghai.

The states of first stable and then fluctuant and first fluc-
tuant and then stable are less impacted by climate change. In
the state of first stable and then fluctuant, the temporal pat-
tern of “early” FBD in 1979-1997 and then fluctuating be-
tween “early” and “very early” FBD takes the largest
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Table 2 Percentages of each category and the temporal patterns in the map
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FBD change states Temporal patterns Percentage Sum of percentage
“very late” for 40 years 12.67%
“late” for 40 years 18.58%
Stable “intermediate” for 40 years 17.14% 75.06%
“early” for 40 years 13.49%
“very early” for 40 years 13.18%
stable: “very late” o
fluctuant: “very late” & “late” 0.72%
stable: “late” o
fluctuant: “late” & “intermediate” 4.94%
First stable and then fluctuant 14.17%
stable: “intermediate” 3239
fluctuant: “intermediate” & “early” e
stable: “early” o
fluctuant: “early” & “very early” 3:28%
fluctuant: “very ‘}ate ”& late 0.88%
stable: “late
fluctuant: latf & 1nt§rmfdlate 2.96%
stable: “intermediate
First fluctuant and then stable . . 9.19%
fluctuant: “intermediate” & “early”
« » 2.17%
stable: “early
fluctuant: ear‘l‘y & verz early 3.18%
stable: “very early
Frequently fluctuant “late” & “very late” 0.23% 0.23%
Drastic fluctuant “late” & “intermediate” & “early” 0.0186% 0.0186%

percentage (5.28%), mainly distributed in northern Guizhou,
Hunan and southern Hubei. It is followed by the temporal
pattern of “late” FBD in 1979-1997 and then fluctuating
between “late” and “intermediate” FBD, which is mainly
distributed in southern Heilongjiang and middle areas of
Inner Mongolia. In the state of first fluctuant and then stable,
the temporal pattern of fluctuating between “early” and “very
early” FBD in 1979-1997 and then stable for “very early”
FBD accounts for the highest percentage (3.18%), mainly
distributed in some areas in eastern Sichuan, southeastern
Hunan and northern Jiangxi.

The states of frequently fluctuant and drastic fluctuant are
heavily influenced by climate change but they take very
small percentages with very narrow spatial distribution. The
former frequently fluctuates between “very late” and “late”
FBD for 40 years, mainly distributed in few grids in eastern
and western Tibet, middle Xinjiang and northeastern Inner
Mongolia. The latter frequently fluctuates between “late”
and “intermediate” FBD in 1979-1997 and between “inter-
mediate” and “early” FBD in 1998-2018, mainly distributed
in very few grids in northeastern Tibet and eastern Taiwan.

4. Discussion

Many studies have explored spatial and temporal differ-
entiations of spring phenology in China using satellite-based

land surface phenology and also ground phenological ob-
servations. For instance, Ge et al. (2015) conducted a meta-
analysis of phenology in China using the phenological time
series across 145 sites from 1960 to 2011. They found that
most of records shift toward earlier spring onset. Such trends
can be also observed in Figure 9 in our study. Using AVHRR
NDVI dataset in temperate China from 1982 to 2010, Cong
et al. (2013) found widespread earlier spring onsets in Inner
Mongolia using Polyfit. Our results confirmed those findings
by observing increasingly early spring onsets in the middle
area of Inner Mongolia when temporal dynamics changes
from Spatial patternl to Spatial pattern2 from 1979 to 1996
(Figure 9). Wang et al. (2015b) analyzed spatial patterns of
spring phenological records observed across 22 stations in
China from 1963 to 2012 and found that southwestern China
exhibit the maximum variability. Results in our study con-
firmed these findings: as showed in Figure 9, the variations
among spatial patterns in the period of 1979-1996 and 1997—
2012 result in variabilities of early/late spring onsets in
southwestern China, such as Guizhou, Hunan, Jiangxi and
Sichuan. Besides, many studies have found the changing
point of spring phenology in the middle or late 1990s. For
instance, using NOAA/AVHRR NDVI dataset in China from
1982 to 2012, Peng et al. (2011) analyzed spatio-temporal
differentiation in spring phenology and found out that there
is outstanding earlier trend of spring onset from 1982 to 1998
while such trend becomes weakened from 1998 to 2012. The
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changing point is almost the same with the one found in our
results (the year 1997), which might because that we used
FBD in this study. Using AVHRR NDVI dataset in China
from 1982 to 2012, Ge et al. (2016) analyzed spring phe-
nological patterns and found later spring onsets from 1982 to
1995 and earlier spring onsets from 1996 to 2008. Although
with the turning point one year later at 1997 that might due to
the extent of the study period (1979-2018 in our study), our
results show similar temporal dynamics of spring onsets:
overall late spring onsets from 1979 to 1996 and earlier
spring onsets from 1996 to 2008. Above results all show the
capability of co-clustering and SIx for exploring spatial
patterns and their temporal dynamics as well as temporal
patterns and their spatial distributions of spring phenology
and further revealing the spatio-temporal differentiation.

Compared with those studies cited above, our study si-
mulates long-term spring onsets for large regions by using
SIx. By this means, we delineated the first spatially con-
tiguous phenoregions over China while several phenological
regionalizations already exist in Europe and CONUS (Zhang
et al., 2012, Wu et al., 2016). These spatially-continuous
phenoregions provide more detailed information than the
analysis using weather stations and ground observations that
are not evenly distributed (Kumar et al., 2011; Wu et al.,
2016). Moreover, by applying co-clustering method for
analyzing spring phenology in China, our results discover
multiple spatial patterns as well as their temporal dynamics.
By further visual analysis, the coclustering-based analysis
enable the simultaneous identification of locations with the
most variable spring onsets for certain time periods and of
the time period when the biggest variation occurs in specific
locations. Our results also discover several temporal patterns
and their spatial distribution in the study area.

Besides, results in this study can also be used to assess and
provide suggestions on the design of existing sites in CPON.
There have been studies on assessing the design of ob-
servational sites of ecological monitoring network in other
countries, e.g. in USA (Hoffman et al., 2013). By over-
lapping the 44 observational sites in CPON with the spatial
delineation map of temporal patterns in FBD, the distribution
of existing sites in different changing states of FBD can be
seen (Figure 11). Almost 60% of existing sites (26 out of 44
sites) belong to the stable state, e.g. sites in Nenjiang of
Heilongjiang, Shenyang of Liaoning, Dezhou of Shandong
and Foshan of Guangdong, etc. All other sites belong to the
state of first stable and then fluctuant, e.g. sites in Jiamusi of
Heilongjiang, Wuhan of Hubei and Changde of Hunan, or
the state of first fluctuant and then stable, e.g. sites in Re-
nshou of Sichuan and Nanchang of Jiangxi. Few sites exist in
the western region of China. Thus, based on different char-
acteristics of the changing states in FBD, this study suggests
that more observational sites of FBD should be added in the
areas that belong to the states of first stable and then fluctuant
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Figure 11 The spatial delineation of FBD dataset and existing observa-
tional sites in CPON.

and also of first fluctuant and then stable, e.g. Jiangxi, Hu-
nan, Hubei, Chongqing, northeastern Sichuan and southern
Heilongjiang. Moreover, observational sites should be added
in western areas in China, e.g. northern Xinjiang and Qinghai
and the addition of these sites should also consider their
distances from cities (Chu et al., 2017). Besides, the man-
agement of agriculture and forestry should be strengthened
in the fluctuant areas as aforementioned (Ruml and Vulié,
2005).

Finally, regarding the driving factors of multiples spatial
and temporal patterns of spring phenology in the results, we
think that they are mainly influenced by daily maximum and
minimum temperatures as well as photoperiods. Because this
study used SIx to simulate FBD and its input parameters are
daily maximum/minimum temperatures and latitude that
represent day length to indicate the change of photoperiod
(Schwartz et al., 2013). However, in the future studies we
will consider the impacts of other factors on spatio-temporal
patterns of spring phenology, e.g. climatic zones, altitudinal
zones, monsoon belt, precipitation as well as their interac-
tions (Fang and Chen, 2015).

5. Conclusion

In this study, we have used the coclustering-based method
and a temperatures-photoperiod driven phenological model
to explore spatio-temporal differentiation of long-term
spring phenology in China. First, we created and validated
the FBD dataset in China from 1979 to 2018 using SIx and
China Meteorological Forcing Dataset. Then we used both
BBAC I and k-means algorithms to analyze the FBD data-
set, which resulted in irregular co-clusters with similar FBD
along both spatial and temporal dimensions. Finally, spatio-
temporal differentiation in spring phenology were visually
explored from these co-clusters.
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The coclustering-based analysis in our study delineated the
spatially-continuous phenoregions in China for the first time.
Such analysis resulted in three spatial patterns of FBD in
China and their temporal dynamics for 40 years (1979—
2018). More specifically, different variations of FBD appear
for three time periods: 1979—-1996, 1997-2012 and 2012-
2018. Overall late spring onsets occur in 1979-1996 and
areas located in Jiangxi, northern Xinjiang and middle Inner
Mongolia experienced constant changing spring onsets in
this period. Overall increasingly earlier spring onset occur in
1997-2012 and areas located in Fujian, Hunan and eastern
Heilongjiang have the most variable spring onsets in this
period. Stable early spring onsets over China occur after the
year 2012. Besides, the biggest variation of FBD occurred in
1996-1998 and areas located in southwestern and north-
eastern China experienced increasingly earlier spring onsets.
The analysis also resulted in 15 temporal patterns of spring
phenology over the study period and their spatial delineation
in China. More specifically, most areas in China belong to
the stable state, i.e. the same FBD category for 40 years
while northern Guizhou, Hunan, southern Hubei, southern
Heilongjiang and middle areas of Inner Mongolia belong to
the state of first stable in 1979—1997 and then fluctuant.
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