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Remote Sensing of Autumn Phenology by Including
Surface Soil Temperature: Algorithm Development,

Calibration, and Validation
Huanhuan Yuan, Xiaoyue Wang , Rachhpal S. Jassal , Linlin Lu , Jie Peng, and Chaoyang Wu

Abstract—Phenology exercises a critical control on annual ter-
restrial ecosystem carbon uptake and indicates interaction between
climate and vegetation. Solely vegetation index is insufficient to ac-
curately detect the end of growing season (EOS). Soil temperature
(Ts) plays a modulating role in soil microbial functioning and plant
growth, while its impact on EOS remains largely unknown. Hence,
we compared the potential between Ts and air temperature (Ta)
as the indicators of EOS by using flux data from 14 deciduous
broadleaf forests, 24 evergreen needleleaf forests (ENF), 7 mixed
forests, and 23 nonforests over Northern temperate and boreal
regions (30°–60°N) for 2001–2014. The widely used NDVI-based
double-logistic approach failed to capture EOS variability for these
ecosystems, and we derived a new EOS algorithm with a soil
temperature-based scaler, which improved the EOS modeling for
all plant functional types. We found that Ts at different depths
showed varied abilities for EOS modeling, and Ts at the 0–10 cm
depth provided the best estimates of EOS in terms of both numbers
of significant sites and the correlation coefficients (R). Estimated
EOS occurred earlier by on average 2.9 days than the current
MODIS phenology product for ∼56.5% pixels, especially for the
ENF ecosystems (∼5.5 days). Our study suggests the usefulness
of surface soil temperature for autumn leaf senescence phenology
modeling, and that combination of environmental variables with
the current modeling strategy can improve our understanding of
autumn phenology with future climate change.
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I. INTRODUCTION

P LANT phenology is of great significance for the under-
standing of vegetation response to climate change as well

as its feedback on the climate system [1]–[3]. Previous studies
mainly used solely vegetation indices (VIs) to reconstruct phe-
nological variations [2], [4]–[7]. However, VIs alone are insuffi-
cient to accurately detect the date of autumn leaf senescence [i.e.,
end of growing season (EOS)] [8], [9]. As a result, increasing
attempts have been made to improve EOS modeling accuracy by
incorporating environmental indicators (e.g., temperature) into
the models of EOS to facilitate the capability of the phenological
models for a better representation of vegetation productivity
[10]–[12].

Remote-sensing technique is the most common and timely
approach to detecting large-scale patterns of plant dynamics [3],
[13]–[15], and it also serves as a suitable method to monitor
plant phenology [16]–[19]. A widely used strategy to extract
phenology is to detect the variation in vegetation color (e.g.,
canopy greenness) [20], [21], and VIs are used as the indi-
cators of phenological transitions [22]–[24]. For example, the
normalized difference vegetation index (NDVI) [25], enhanced
vegetation index (EVI) [26], green–red vegetation index [27],
and normalized difference greenness index [28] are applied
in extracting phenological transitions for different land cover
types (LCTs), including deciduous broadleaf forests (DBF),
evergreen needleleaf forests (ENF), mixed forests (MF), and
nonforest (NF) [12], [13], [29], [30]. Besides, a variety of
methods, including the threshold-based method [31], [32] and
change detection method [16], [33], were proposed to detect
phenological variations from VIs time series [16]. However,
both methods have limitations in selecting suitable thresholds
for VIs time series [31], [34], [35] and detecting the abrupt and
rapid increase or decrease at green-up/senescence periods [36],
[37]. Furthermore, Zeng et al. [38] suggested that the quality of
VIs can also be contaminated by noise (e.g., clouds, snow) and
uncertainty of perturbations of environmental factors.

Air temperature (Ta) can be used as an indicator of EOS in
many terrestrial ecosystems [39]–[41]. As Ta decreases in late
autumn, plant hormone abscisic acid starts to form [42], [43]
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TABLE I
RELATIONSHIPS BETWEEN THE REGRESSION COEFFICIENTS OF LN(EOSNDVI × TSCALE) AND AVERAGE NDVIave, SPEIave, SMave, AND ETave OF AUTUMN

(SEPTEMBER–NOVEMBER) FOR PLANT FUNCTIONAL TYPES

DBF, ENF, MF, and NF represent deciduous broadleaf forests, evergreen needleleaf forests, mixed forests, and nonforests, respectively. The bold entities indicate the correlation
coefficient is significant at P < 0.05. NS means that the relationship between coefficient a or b with environmental factors was nonsignificant.

and chlorophyll degradation occurs [6], [44]–[46]. Therefore, it
is a promising method to develop the EOS monitoring algorithm
by combing VIs and Ta [47]–[49]. For example, Liu et al. [8]
combined MODIS NDVI and land surface temperature (LST)
to improve EOS modeling of evergreen needleleaf forests. Zeng
et al. [50] incorporated LST, photoperiod, and the wide dynamic
range vegetation index to detect corn and soybean phenology.
Wang et al. [14] proposed a temperature scale containing tem-
poral and spatial variations of Ta with the two bands EVI2 to
estimate leaf unfolding date over China’s terrestrial ecosystems.

Apart from Ta, soil temperature (Ts) has a potential impact on
regulating plant phenology in autumn. Given that previous stud-
ies suggest that Ts is a direct growth environmental regulator for
plant roots [51]–[53], which influences soil physical processes
(e.g., soil moisture (SM), etc.), it could play an important role
in controlling plant growth [54], [55]. For example, O’Connell
et al. (2019) demonstrate that the microspatial environmental
(e.g., soil temperature, SM) conditions had a great influence on
phenology in landscapes with low topographic variation over
short distances [56]. However, Ts has rarely been considered
in optimizing phenology models and its sensitivity to growth
also varies in different LCTs. In light of this, we compared the
potential of Ts and Ta for EOS modeling for northern temperate
and boreal forests. The depth of Ts was also considered. The
objectives of our study were as follows:

1) to compare the potential of Ts and Ta as indictors of EOS
of mid–high latitude ecosystems;

2) to derive a new EOS modeling algorithm with Ts;
3) to compare the new EOS algorithm with the standard

MODIS phenology products for these ecosystems.

II. MATERIALS AND METHODS

A. Study Sites

In this study, we used observations from 68 flux sites (722 site
years in total, https://fluxnet.fluxdata.org; Supplementary Ta-
ble I). All selected sites had at least five years of continuous ob-
servations during 2001–2014 and span a latitude range of 30°N–
60°N, and longitudinal extent of 130°W–40°E [see Fig. 1(a)].
Mean annual temperature (MAT) and precipitation across the
study sites ranged from −14.3 to 22 °C and 0 to 1651 mm,
respectively, from 2001 to 2014 [see Fig.1(b)]. We used Version
6 MCD12Q1 LCT1 annual International Geosphere–Biosphere

Fig. 1. (a) Spatial distribution of study flux sites used in this analysis.
(b) Represents the MAT, total annual precipitation, and LCTs for these sites.

Programme (IGBP) classification in 2010 to classify the LCT
of study areas [57]. Croplands’ areas are excluded from our
study areas because the phenology in these areas is severely
affected by human activities. There are 14 DBF sites, 24 ev-
ergreen needleleaf forests (ENF) sites, 7 MF sites, and 23 NF
sites (especially refers to grasslands, open shrublands, woody
savannas, and closed shrublands LCTs) sites.

B. EOS From Flux and Remote-Sensing Data

Phenological data from both site observations and remote-
sensing-based phenology were used in our study. Daily GPP
data, estimated using the eddy covariance (EC) technique and
obtained from FLUXNET 2015 dataset, was used to extract
EOS [58]. Daily GPP data of FLUXNET2015 was generated
from parting net ecosystem exchange into GPP and ecosystem
respiration (Re) [59]. For outlier values (e.g., abnormal high
or low GPP values), we used a modified Savitzky–Golay filter
(i.e., filter window of 25 and polynomial fit of order 2) to smooth
out them from the daily GPP time series [60]. Then, we used a
seven-parameter logistic function [i.e., (1)] to fit the daily GPP
time series. Finally, we detect the minimum change rate of GPP

https://fluxnet.fluxdata.org;
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Fig. 2. Schematic representation for calculating the end of growth season
using (a) daily GPP from flux sites and (b) 16-day NDVI product from MODIS
at CA-Obs site in 2001. DOY represents the day of year. RCC represents the
rate of change of curvature.

change rate of curvature [see Fig. 2(a)] [16] to extract the EOS of
the year, which was later used as the observed EOS (EOSGPP)
for model comparison and development [61], [62]

f (x) = a1 +
a2

1 + e−b1(x−c1)
− a3

1 + e−b2(x−c2)
(1)

where f(x) was the NDVI data at time x of the year, and a1,
a2, and a3 were the parameters of background value, greenup
period value, and senescence period value, respectively. While
b1, b2, c1, and c2 represent the slope and median of the greenup
period and senescence period, respectively.

Different data fitting, filtering, and extraction methods have a
significant impact on the acquisition of vegetation phenological
parameters [63], [64]. To avoid the influence of the method on
EOS extracting, a similar method was applied to MODIS NDVI
data (i.e., MOD14A1 collection 6, 16-day temporal resolution,
and 500 m spatial resolution) employing the same (1) for EOS
calculation [see Fig. 2(b)]. For each site, we used the mean NDVI
of 3× 3 pixels center on the flux tower consistent with the article
presented in [65]. Moreover, annual average NDVI <0.1 pixels
(e.g., rocks and bare soils) and other contaminated NDVI pixels
were excluded. For comparison analysis, we further selected the
layer “dormancy” of the standard MODIS phenology product
(MCD12Q2 C6; 500 m spatial resolution) [66]. Pre-extracting
EOS and pixels with noise caused by clouds and snow were
processed by using SG filter, discarded pixels annual mean
NDVI over 14 years smaller than 0.1, and replaced with the
most recent acceptable quality data.

C. Meteorological Data

Meteorological data used in this study included Ta, Ts, SM,
evapotranspiration (ET), and standardized precipitation evap-
otranspiration index (SPEI) for 2001–2015. Ta was measured
at each site with flux measurements. Both Ts and SM have
been obtained from famine early warning systems network
land data assimilation system products with a spatial resolu-
tion of 0.1° × 0.1° and monthly temporal resolution at http:
//disc.gsfc.nasa.gov, including 0–10 cm, 10–40 cm, 40–100 cm,
and 100–200 cm deep levels. ET data were estimated through
a machine learning approach (model tree ensemble) integrating
EC ET and remote-sensing data at 0.1° spatial resolution. We
acquired the monthly scale and 0.5° spatial resolution SPEI

(2001–2014) from the SPEI base v2.5 at Consejo de Investi-
gaciones Cientificas (http://spei.csic.es). For all meteorological
data, we resample them to 0.018° spatial resolution to fit the flux
site footprints. Moreover, Ts, Ta, ET, SPEI, SM, and NDVI in
September–November were used in the following analysis.

D. Statistical Analysis Strategy

To further illustrate the building process of the model, we first
explored the suitable depth of Ts and compared it with Ta as
indicators of EOS for all sites. Then, we used all data (including
722 site years) to derive a Ts-based scaler to adjust EOS modeled
from NDVI. Considering differences among plant functional
types, EOS was calibrated for each PFT. Finally, we compared
EOS modeled with the standard MODIS EOS products to further
confirm the difference.

E. Development of the Soil Temperature Scaler

We used a plant temperature constraint factor [Tc, (2), (3)]
[67] together with a temporal temperature indicator [Tm, (4)] to
derive the Ts-based scaler (i.e., Tscale)

Tc = 1.1814×
[
1 + e0.3×(−T0−10+Ts)

]−1

×
[
1 + e0.2×(T0−10−Ts)

]−1

(2)

T0 = max

{
PAR × fAPRAR × T

VPD

}
. (3)

Tc represents the plant temperature constraint factor, Ts rep-
resents the soil temperature, and T0 represents the optimum
plant growth temperature [68]–[70]. For T0, we used a value
of 16.1 °C, which was the average T0 across our study sites

Tm = Tmean/Tstd (4)

where Tmean and Tstd represent the mean value and standard
deviation of autumn Ts for each site, respectively.

Tscale = Tc × Tm. (5)

Finally, scaled EOS (EOSscaled) is calculated as the product of
Tscale and the EOS modeled from NDVI (6)

EOSscaled = EOSNDVI × Tscale. (6)

III. RESULTS

A. Impact of Depth of Ts Used for EOS Modeling

We compared the performance of Ts at different depths (i.e.,
Ts0–10cm, Ts10–40cm, Ts40–100cm, and Ts100–200cm) with corre-
sponding GPP-based phenology (EOSGPP). Fig. 3 shows the
relationships between EOSGPP and Ts at different depths. We
found that Ts at 0–10 cm had the highest correlation (R =
0.35) with EOSGPP [see Fig. 3(a)] and that R decreased with
the increase in depth (R10–40cm > R40–100cm > R100–200cm).
Distributions of R between different depths of Ts and EOSGPP

[see Fig. 3(f)] also showed that Ts at 0–10 cm had the highest
potential for monitoring EOS. Also, Ts at 0–10 cm had the largest
significant number of sites (10) for all study sites. It should be

http://disc.gsfc.nasa.gov
http://disc.gsfc.nasa.gov
http://spei.csic.es
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Fig. 3. Relationship between GPP-derived EOS and Ts at different depths
(September–November). Ta represents the air temperature. Significant number
of sites abbreviated to SNS.

Fig. 4. Relationships among (a) Tm and observed ET, (b) Tc and NDVI, and
(c) Tscale and SM for all site years. PDE represents the probability density
estimate.

noted that Ts0–10cm was also a better indicator of EOS than Ta

[see Fig. 3(g)].

B. Physical Interpretations of Tscale

We investigated the relationships between scale factors (i.e.,
Tscale, Tm, and Tc) and plant growth environmental factors (i.e.,
ET and SM) across all site years (see Fig. 4). Tscale had a
significant relationship with SM (R = 0.66 and p < 0.01), and
the components of Tscale (i.e, Tm and Tc) also had significant
relationships with ET (R = 0.51) and NDVI (R = 0.68). These
results imply that Tscale is associated with plant growth status
(i.e., NDVI) and environmental conditions, and thus could have
the potential to improve the accuracy of EOS estimation.

C. Predictive Capability of EOSNDVI × Tscale in Modeling
EOS

To show the predictive capability of EOSNDVI × Tscale (i.e.,
EOSscaled) in modeling EOS, we compared both EOSNDVI and

Fig. 5. Relationship between EOS extracted from daily GPP and EOS ex-
tracted from double-logistic NDVI (EOSNDVI) for different vegetation types:
(a) and (b) all sites, (c) and (d) DBF, (e) and (f) ENF, (g) and (h) MF, and (i) and
(j) NF.

EOSscaled with EOSGPP. EOS from NDVI alone (EOSNDVI)
seemed to be insufficient to provide reliable estimates of
EOSGPP as indicated by a low R of 0.21 for the overall dataset
[see Fig. 5(a)]. In comparison, the inclusion of Tscale helped to
improve the EOS modeling by significantly increasing R to 0.60
[see Fig. 5(b)]. Similar results were also found in each biome
type and the modeling performances of greatly improved R are
increasing from 0.02 to 0.34 for EOSNDVI to 0.60 to 0.71 and
EOSscaled (see Fig. 5). In terms of significant sites, we found that
the number of significant sites significantly increased from 14 for
EOSNDVI to 32 for EOSscaled. In particular, the largest improve-
ment was found for ENF sites where 12 sites showed significant
relationships between EOSscaled and EOSGPP, compared with
5 sites between EOSNDVI and EOSGPP [see Fig. 5(k)].

D. Parameterization of Empirical EOS Model for Different
Biomes

Given the nonlinear relationship between EOSGPP and
EOSscaled, we then estimated EOSscaled as follows:

EOSscaled = ai × ln (EOSNDVI∗Tscale) + bi. (7)
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Fig. 6. Model calibration using variables for each LCT. (a)–(d) represent
estimating coefficient a using site-specific variables for DBF, ENF, MF, and
NF sites. (e)–(h) represent estimating coefficient b using site-specific variables
for DBF, ENF, MF, and NF sites. The coefficients a and b were the slope and
intercept of line regression between the observed EOS and scaled EOSNDVI

(EOSscaled = a× ln(EOSNDVI × Tscale) + b).

The coefficients ai and bi responded differently among veg-
etation types and environmental factors. For DBF and MF,
significant correlations (R = 0.73, p < 0.05 and R = 0.80,
p < 0.05, respectively) [see Fig. 6(a) and (c)] were observed
between the coefficient a and average SPEI (i.e., average SPEI
during September–November, SPEIave). SPEIave was also sig-
nificantly correlated [see Fig. 6(e) and (g)] with coefficient b
for DBF and MF sites (R = 0.72, p < 0.05 and R = 0.80,
p < 0.05, respectively). Meanwhile, the coefficient a and b for
ENF had significant relationship (R = 0.68, p < 0.05) with au-
tumn average ET (i.e., ETave) [see Fig. 6(b) and (f)]. Moreover,
the coefficient a was found to be significantly correlated with
both average NDVI (i.e., NDVIave; R = 0.68, p <0.05) and
average SM (i.e., SMave; R = 0.55, p < 0.05) [see Fig. 6(d)]
for NF sites. In comparison, only NDVIave was significantly
correlated with coefficient b (R= 0.69, p< 0.05) [see Fig. 6(h)].

According to the significant relationships between a, b and
SPEIave, NDVIave, and ETave of different biome types, we
calculated the average value of the corresponding variables and
used equations in Table I to generate coefficients a and b for
different biome types. Therefore, the coefficients for the scaled
EOSNDVI algorithms were calibrated as follows: Unnumbered
Eq. shown at the bottom of the next page, where X represents
ln(EOSNDVI∗Tscale) and EOSscaled represents the predicted EOS.
SPEIave, ETave, and NDVIave represent the average SPEI, ET,
and NDVI of autumn, respectively.

To estimate predictive capability of EOSNDVI × Tscale, we
compared the EOSGPP with EOSscaled for the overall dataset
and each biome using the calibrated equations (see Fig. 7).
EOSNDVI × Tscale produced quite promising results for EOS
with R = 60 and RMSE = 16.5 days for the overall dataset [see
Fig. 7(a)]. DBF showed the lowest RMSE (RMSE = 7.9 days),
followed by MF (RMSE = 13.1 days).

E. Comparison Between EOSscaled and MODIS EOS

We compared both EOSscaled [see Fig. 8(a)], using 16-day
NDVI from MOD13A1 product and Ts0–10cm, as well as (8), and
EOS from yearly MCD12Q2 phenology product (i.e., dormancy
layer, EOSMCD12Q2) [see Fig. 8(c)]. Overall, the EOSscaled

and EOSMCD12Q2 were in the range between DOY 210 and
330, with the mean values of 292.7 ± 18.2 DOY and 293.3 ±
36.9 DOY, respectively. For each biome type, the EOSscaled of
ENF, DBF, MF, and NF was 292.4 ± 17.7 DOY, 309.5 ± 5.7
DOY, 303.8 ± 16.8 DOY, and 284.2 ± 17.8 DOY, respectively.
Correspondingly, the EOSMCD12Q2 for each biome was 301.10
± 36.9 DOY, 308.5 ± 40.1 DOY, 303.2 ± 35.9 DOY, and 279.8
± 30.5 DOY, respectively. Compared with the current phenology
product (MCD12Q2), our EOSscaled had an average advance of
2.9 days than EOSMCD12Q2, mainly distributed (56.51%) in the
ENF and NF of the study area [see Fig. 8(f)]. In comparison,
later EOS was mainly distributed in DBF and MF areas. Further
analysis showed that more than 62.6% of the differences were
within the range of −7∼7 days [see Fig. 8(g)].

A similar change trend was observed when the average
EOSscaled and EOSMCD12Q2 at each 0.1° (i.e., six times of
spatial resolution 0.018) [see Fig. 8(h) and (i)] and the dif-
ference (EOSscaled −EOSMCD12Q2) between those two EOS
results were overall small. However, the difference considerably
changes with biomes; for example, ENF had the highest average
difference (−5.5±12.7days) for about 66.34% of the area where
EOSMCD12Q2 was larger than EOSscaled.

IV. DISCUSSIONS

A. Importance of Soil Temperature

Soil temperature directly affects the growth of plant roots
and the uptake rate of water and nutrients by them, which were
indispensable for plant photosynthesis and respiration. Besides,
Ts plays a modulating role in plant growth and soil microbial
functioning from physiological and ecological perspectives [41],
[52], [71]. Consistent with previous studies that Ts variables
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Fig. 7. Comparison between the observed EOS and EOSscaled, including (a)
all site-year data, (b) DBF, (c) ENF, (d) MF, and (e) NF. The black dashed lines
represent 95% prediction area. The black solid line represents the fitted line.
Red dashed lines represent the 1:1 line.

(i.e., temporal variation [8], [14], [72], [73], mean [19], [20],
and minimum [5], [74] of Ts) influence vegetation growth, our
results demonstrate that Ts plays an important role in improving
the accuracy of the EOS modeling. Compared with Ta, Ts

at depths below 40 cm (i.e., Ts 40–100 cm, Ts100–200 cm) has
relatively lower influence on EOS (see Fig. 3). This is probably
because soil temperature varies with daily and annual variation
in solar radiation [75]–[77], and the change of soil temperature
gradually slowed down in the process of transferring to the
deeper soil layer [76]; finally, this change disappeared at a certain
depth. Moreover, the time and magnitude of the occurrence of
maximum and minimum soil temperature in the deeper layer
delay and decrease than surface layer, respectively. Therefore,
surface Ts is a complex natural medium that directly or indirectly
indicates physical and chemical processes and plant root activity
(i.e., absorption of minerals and water as well as respiration),
which consequently makes it a better indicator of EOS.

B. Comparison of Mechanisms Between EOSscaled Model and
EOSMCD12Q2 Model

Compared with EOSNDVI and Ta, our EOSscaled model, based
on EOSNDVI × Tscale, has better performance in predicting EOS
(see Fig. 5). For each biome, the EOSNDVI is greatly improved in
ENF and NF [see Fig. 5(c) and (f)] coupling with Tscale, and the
reason for this may be that the double-logistic NDVI approach
requires detectable changes in canopy greenness, while the
phenological variations of ENF during autumn were difficult
to detect. Furthermore, environmental factors can be helpful
in indicating phenology [8], [10], [12], and the Tscale has a
meaningful connection between environmental conditions [i.e.,
ET and SM, Fig. 3(a) and (c)] and plant growth parameters [i.e.,
NDVI, Fig. 3(b)]. As for NF, due to the shallow root system
of NFs, changes in surface Ts could be more inclined to cause

direct influences on growth and, thus, a better accuracy of EOS
by including Ts.

The comparison between EOSscaled and EOSMCD12Q2 for
2015 demonstrates that both EOSs have similar spatial distribu-
tion [see Fig. 8(a) and (b)], and the average difference between
EOSscaled and EOSMCD12Q2 was −2.92 days [62.65% of the
study area were within the range of −7∼7 days, Fig. 8(g)].
ENF and NF showed a higher difference between EOSscaled

and EOSMCD12Q2 than DBF and MF [see Fig. 8(f)], while the
percentage of the different areas within −7–7 days in DBF and
MF was higher than for ENF and NF. This is mainly because
the EOS extracted by Zhang et al. [16] can better indicate the
phenological transition of MF and DBF than ENF and NF [8],
[22], [45], [78], [79]. Although EOSscaled and EOSMCD12Q2

have similar change trends with latitude [see Fig. 8(h) and (i)],
the differences were obvious for regions above 55°N. We found
that EOSNDVI tends to overestimate EOS of ENF and NF with
average values of 5.51 days and 3.56 days than EOSscaled. This
agrees with our results in Fig. 5 that, for the overall data, Tscale

greatly improved the performance of EOSNDVI. Notably, there
is a little difference in EOS for DBF between EOSscaled and
EOSMCD12Q2, which may be the changes in greenness that can
be identified more accurately.

C. Limitations of EOSscaled Model

We derived a remote-sensing-based EOS model using a scaled
surface soil temperature and a comparison with the standard
MODIS phenology product was made for ENF, DBF, MF, and
NF vegetation types. Soil temperature is a unique parameter
in the surface energy process and regional environmental and
climatic circumstances [80], [81]; it can directly or indirectly
indicate the habitat of vegetation and circumstances of the root
system [82]. Therefore, the EOSscaled model might be more
appropriate for estimating EOS by capturing changes in soil
temperature. However, the algorithm has limitations when there
are large changes in both vegetation EOS and climatic factors in
a longer study period because Tscale, ai, and bi were calculated
from the value of September–November and corresponding to
the vegetation EOS occurring between Julian days 260 and 340.
Second, the model is calibrated using empirical models, and the
input parameters are the products of remote-sensing observa-
tions or ground measurements, which may impose uncertainties
in the operational practice of the algorithm for extreme environ-
ments, given the low accuracy caused by these products. While
we have shown the applicability of these results for the northern
ecosystems, the global application still has challenges. Finally,
the improved modeling of EOS needs to be better demonstrated
for use in ecosystem models, especially for higher accuracy of
modeling of carbon fluxes.

EOSscaled =

⎧⎪⎪⎨
⎪⎪⎩

(102.3∗SPEIave − 28.2) ∗X + (−634.8∗SPEIave+486.9) . PFT = DBF
(1.4∗ETave − 42.1) ∗X + (−12.2∗ETave + 528.5) . PFT = ENF

(118.2 ∗ SPEIave − 11.5) ∗X + (−759.4 ∗ SPEIave + 393.9) .PFT = MF
(195.1 ∗ NDVIave − 53.9) ∗X + (−1112.4 ∗ NDVIave + 588.2) .PFT = NF
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Fig. 8. Spatial distribution of (a) EOSscaled and (c) EOSMCD12Q2 over the study area in 2015. (b) and (d) show the frequency distribution of EOSscaled

and EOSMCD12Q2, respectively. (e) Spatial distribution of EOSNDVI - EOSMCD12Q2. Histogram for (f) different latitudes and (g) distribution of EOSNDVI

-EOSMCD12Q2. (h)–(j) Variation in EOSscaled, EOSMCD12Q2, and EOSNDVI - EOSMCD12Q2 with latitude. The Shadow represents the standard deviation in
each 0.054° (i.e., triple of spatial resolution 0.018°) from 30°N to 60°N.

V. CONCLUSION

Autumn phenology plays an important role in terrestrial
ecosystem carbon sequestration. To improve the accuracy of
EOS modeling, we used observed EOS at 68 flux tower sites
during 2001–2014 over a latitude range of 30°N–60°N and
longitudinal extent of 130°W–40°E, containing ENF, DBF, MF,
and NF ecosystems. We found that Ts at 0–10 cm has the
best relationship with observed EOS probably because of the
major role of soil temperature in regulating plant growth. By
incorporating a temperature constraint (Tc), temporal variation
(Tm), and canopy greenness change rate date (EOSNDVI), here
we proposed a new algorithm of Tscale ×EOSNDVI to accurately
estimate EOS in various vegetation types. We also used environ-
mental variables to calibrate the model parameters for different
biomes and compared EOS modeling with MODIS phenology
products in 2015. We observed large regions (56.5%) where
MODIS EOS was underestimated. Our results suggest that it
would be necessary and promising to consider the role of Ts in
future modeling of autumn phenology.
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