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Abstract: The accumulation of thermal time usually represents the local heat resources to drive crop growth. Maps of
temperature-based agro-meteorological indices are commonly generated by the spatial interpolation of data collected
from meteorological stations with coarse geographic continuity. To solve the critical problems of estimating air tem-
perature (T3) and filling in missing pixels due to cloudy and low-quality images in growing degree days (GDDs) cal-
culation from remotely sensed data, a novel spatio-temporal algorithm for T estimation from Terra and Aqua moderate
resolution imaging spectroradiometer (MODIS) data was proposed. This is a preliminary study to calculate heat ac-
cumulation, expressed in accumulative growing degree days (AGDDs) above 10 °C, from reconstructed T, based on
MODIS land surface temperature (LST) data. The verification results of maximum T,, minimum T,, GDD, and AGDD
from MODIS-derived data to meteorological calculation were all satisfied with high correlations over 0.01 significant
levels. Overall, MODIS-derived AGDD was slightly underestimated with almost 10% relative error. However, the fea-
sibility of employing AGDD anomaly maps to characterize the 2001-2010 spatio-temporal variability of heat accumulation
and estimating the 2011 heat accumulation distribution using only MODIS data was finally demonstrated in the current
paper. Our study may supply a novel way to calculate AGDD in heat-related study concerning crop growth monitoring,
agricultural climatic regionalization, and agro-meteorological disaster detection at the regional scale.

Key words: MODIS land surface temperature, Air temperature estimation, Reconstruction, Heat accumulation, Rice
growing season, Growing degree day (GDD)
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1 Introduction Reaumut in 1730 to explain the relationship between

the growth duration and temperature, has been suc-

Heat units or thermal time, introduced by
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cessfully used in a variety of agricultural sciences
(McMaster and Wilhelm, 1997). The accumulation of
heat units in a region usually represents the local heat
resources. As a crucial driving factor to attain a cer-
tain phenological stage, those temperature-based
agro-meteorological indices expressed in growing
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degree days (GDDs, °C-d), photothermal units (PTU,
°C-d), and heliothermal units (HTU, °C-d), are quite
useful in agricultural management decisions such as
crop growth monitoring, yield prediction, and the
detection of phenological developments (Gordon and
Bootsma, 1993).

Advances in temporal and spatial resolution and
ease of availability have made remotely sensed data
derived from the moderate resolution imaging spec-
troradiometer (MODIS) instrument onboard the Terra
and Aqua satellites the most commonly used data sets
in agricultural and environmental applications at the
regional and global scale. Numerous studies using
MODIS products have developed a series of algo-
rithms to carry out crop identification and mapping,
phenophase detection, yield estimation (Sun et al.,
2009), and meteorological disaster monitoring. Stud-
ies have shown that temperature-based agro-
meteorological indices such as GDD, have vastly
improved the precision of phenological event identi-
fication (McMaster and Wilhelm, 1997; Vina et al.,
2004; Boschetti et al., 2009) and models of yield
estimation (Teal et al., 2006; Sarma et al., 2008).

Traditionally, temperature based thermal indices
are available from the point calculation of field ob-
servations of near surface air temperature (7,, usually
1.5 m higher than the ground) from a limited number
of meteorological stations. A few previous studies
paid attention to the methodology for rasterizing ac-
cumulated heat units based on the Geographic In-
formation System (GIS) interpolation (Liu et a/., 2011;
Ye et al., 2011) at the regional scale with the conven-
tional methods such as kriging and inverse distance
weighting (IDW) and modified IDW method im-
proved by digital elevation model (DEM) (Li et al.,
2010). However, these indices are usually irregularly
and sparsely distributed or unavailable from areas in
complex terrain without meteorological stations;
traditional geospatial interpolation approaches per-
form unreliably for some big and continuous scale
models. Additionally, their results contain lots of
uncertainty since the quality of interpolation is very
much a function of the method employed (Hassan et
al., 2007a). Alternatively, the thermal images from
remotely sensed satellites, usually give better spatial
results (Florio et al., 2004). MODIS provides an
abundant series of land surface temperature (LST)
products with different spatial and temporal resolu-

tions from both Terra and Aqua platforms. The spati-
otemporal patterns of MODIS LST-based GDD maps
can preserve microhabitat-like effects better than
interpolation maps from meteorological data (Neteler,
2010). There are some previous studies that try to
carry out such mapping of agro-meteorological indi-
ces by remotely sensed LST data. Hassan et al.
(2007a) listed several previous studies providing
long-term expression of GDD on the relationship
between remotely sensed normalized difference
vegetation index (NDVI) time series and GDD. In-
stead of this GDD-VI approach, Hassan et al. (2007b)
focused on the methods using MODIS-based LST to
calculate spatially continuous GDD maps at different
spatial scales. Zorer et al. (2011) calculated accumu-
lative Winkler Index (WI) or GDDs maps derived
from aggregated daily MODIS LST of Terra and
Aqua satellites to assess their suitability for viticul-
ture of the region.

However, this work largely neglects the problem
that the temperature in GDD calculations is designed
by T, but not LST, which probably accounts for the
over-estimation of remotely sensed index values
relative to the true ground values. Mapping GDD
from remotely sensed data, in actuality, is equal to
mapping maximum and minimum 7, At present,
MODIS LST has been used, with some difficulty, to
estimate minimum and maximum near-surface T,
with several categories of methods such as the statis-
tic regression method, artificial neural network mod-
els, the temperature-vegetation index (TVX) method,
and a method based on surface energy balance.
Among those methods, the statistical method, often
linking LST and other geographical parameters such
as latitude, longitude, and continentality (distance
from the sea), has been a classical and most accurate
approach to model maximum and minimum 7, at a
local scale (Mostovoy et al., 2006; Cristobal et al.,
2008; Vancutsem et al., 2010). Another problem in
calculating GDD by optical remotely sensed data is
the missing values due to clouds and other reasons.
The reconstruction of 7, maps is necessary to ensure
the accuracy of long time accumulations. Some spa-
tial interpolation algorithms such as volumetric spline
interpolation (Neteler, 2010; Zorer ef al., 2011) and
temperature gradient-based interpolation (Ke et al.,
2011) have been used to fill in the missing pixels in
LST maps. A more complex method of filling gaps
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can be performed on the basis of the surface energy
balance equation which estimates the cloudy pixel
values from neighboring clear day pixels (Lu et al.,
2011). Actually, clouds move over time, which makes
merging multi-temporal satellite (e.g., Terra and Aqua
platform) data with high temporal resolution an ef-
fective solution for the problem of missing pixels
(Coops et al., 2007; Crosson et al., 2012).

The objectives of the current study are as follows:

(1) to provide a methodology taking advantage of the
complementarity of the Terra and Aqua platform to
spatio-temporally reconstruct maximum and mini-
mum 7, maps derived from MODIS LST data; (2) to
evaluate the feasibility of employing accumulative
growing degree day (AGDD) anomaly maps to
characterize the 2001-2010 spatial and temporal
variability of heat accumulation during the rice
growing season in Jilin Province, China, and esti-
mating the 2011 heat accumulation distribution using
only MODIS data.

2 Materials and methods
2.1 General description of study region

The study region, Jilin Province, is situated in
the centre of Chinese northeast region between
40°52'-46°18' Latitude N and 121°38'-131°19’ Long
E (Fig. 1). It has a temperate continental monsoon
climate which features four distinct seasons with a hot
rainy season, and receives an annual precipitation
ranging from 400 to 600 mm. The annual mean air
temperature is between 2—6 °C and an annual average
sunshine duration of 2259-3016 h. The landforms
vary from western plains and central low hills to the
eastern high mountains, with altitudes ranging from
4 m along the Tumen River to 2691 m on Changbai

Mountain. The district’s vertical climate zone sup-
ports many types of vegetation including meadow,
crops, and needle\broad-leaved forest. Rice is the
main food crop grown in Jilin Province, with a
growing season of April to September. Therefore, the
current study only assesses the local heat condition
during this period of time.

2.2 Available data and pre-processing

In this paper, the details of available data sources
with remotely sensed, meteorological and other geo-
graphic data were listed in Table 1. The four catego-
ries of MODIS data, namely 8-d LST/emissivity
1000 m products (MOD/MYD11A2.005), 8-d surface
reflectance 500 m product (MODO09A1.005), and
yearly land cover 500 m product (MCD12Q1.005)
were from the NASA Terra and Aqua satellites. The
data were downloaded from NASA FTP site spanning
the years of 2001-2011 (2001-2010 for model and
2011 for verification). For each year a total of 22 8-d
composites of all products (from the 105th day of
year (DOY ps5) to DOY,73) were used. The MODIS

I~ | Elevation (m) %8
High: 2691

. Water

Boundary

' Low: 0 '1 Meteorological station [__]

Fig. 1 Location and elevation of study region, Jilin Prov-
ince, China

The distribution of a total of 50 meteorological stations is
labeled with small white squares

Table 1 Summary of available data in current study

Data type Original resolution Utility Source
MODIS MOD11A2 8d, 1000 m Max/min T, estima- http://Ipdaac.usgs.gov/Ipdaac/products
products MYDI11A2 8 d, 1000 m tions and GDD/
MODO9A 8d, 500 m AGDD calculations
MCD12Q1 Yearly, 500 m Water mask
Meteorological Maximum Daily Precision validation Jilin Provincial Meteorological Bureau
temperature  Minimum Daily
data
Auxiliary ASTER GDEM 30 m Fitting models http://asterweb.jpl.nasa.gov/gdem.asp
geographic  Boundaries Map http://nfgis.nsdi.gov.cn/

data
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reprojection tool software (MRT V4.0) was used to
mosaic and reproject all the MODIS data from HDF
format with the original sinusoidal (SIN) to a TIFF
file with the Lambert conformal conic projection
(SD;=25, SDy=47, CM=105, WGS84 ellipsoid). In
order to operate calculations at the pixel scale, all
MODIS images need to be resampled into 1000 m with
the same spatial resolution of LST data by nearest
neighbor (NN) resampling, which can better maintain
original brightness values of MODIS pixels and have a
quicker processing time during reprojection and spatial
resampling (Li et al., 2009; Neteler, 2010).

The values of the MOD11A2/MYDI11A2 LST
were calculated by averaging all the valid pixels un-
der clear-sky during each 8-d period. This method
may introduce uncertainty due to using clear sky
samples to represent actual value from all sky average
(Shen and Leptoukh, 2011) However, we selected
MODIS 8-d LST to calculate the multi-year heat
accumulations during the whole period of the rice
growing season mainly for two reasons: (1) Com-
paring the daily products, 8-d products can minimize
the loss of data due to clouds to a large extent, which
is essential to retain a more reliable source for the
estimation of 7,. (2) There is a high consistency be-
tween the two estimations of heat accumulation from
meteorological daily 7, and 8-d composited mean 7T,
with the slopes of linear regression around 1.0 and
correlation coefficients over 0.99. It is reasonably
assumed that the temporal resolution change of orig-
inal data from daily to 8-d composition brings little
error to the final heat accumulation estimation.
Therefore, we chose to characterize the multi-year
variation of rice growing season heat accumulation by
using less data-intensive 8-d LST products.

Enhanced VI (EVI) time series were first calcu-
lated by blue, red, and near infrared bands from
MODO09A1 based on the Eq. (1). Then an algorithm
proposed by Sun et al. (2009) was implemented to
remove the cloudy pixels which were identified by the
information in the quality assessment (QA) layer. The
MODIS land cover type product contains multiple
classification schemes, which were derived from
observations spanning a year of Terra and Aqua data.
In this study, we extracted all water pixels labeled by
the plant functional type (PFT) scheme in MCD12Q1
of each year and then aggregated multi-year water
pixels into one water mask. All of the

MODIS-derived values were extracted from the
MODIS pixel where the meteorological stations lo-
cated. No aggregation technique was used in the
current paper since there is a complex elevation gra-
dient in the eastern study area.

The meteorological data for the Jilin Province
(daily minimum and maximum temperature) were
provided by the Jilin Provincial Meteorological Bu-
reau for the period 2001-2011. Corresponding to the
DOY 95273 of MOD/MYDI11A2 products, we em-
ployed the simple average method for daily maximum
and minimum air temperature data at 8-d intervals
from 50 meteorological stations to compose corre-
sponding 8-d mean maximum air temperature (7 max)
and 8-d mean minimum air temperature (7,.m,) for
each station over the rice growing season of all 10
years. Additionally, we use the same periods of Ty max
and 7, data to calculate 8-d mean meteorological
derived GDD (Meteo-GDD) based on Eq. (2), 8-d
accumulated Meteo-GDD (Meteo-AGDD) based on
Eq. (3), and Meteo-AGDD anomaly based on Eq. (4).
All of the above meteorological indices were used for
model construction and accuracy verification of cor-
responding remotely sensed estimated data. It is
worth noting that this study found that when DEM
data was used, a high correlation with correlation
coefficient R=0.923 was observed between 1000 m
pixel resolution DEM and actual elevation of 50 me-
teorological stations. Therefore, the minimal variation
of elevation values after being resampled into 1000 m
from the original 30 m can be totally ignored during
the following model fitting and spatial interpolation.

2.3 Thermal indices and validation index

For this work, annual time series of EVI from
DOY 5 to DOY,73 were calculated at each pixel from
8-d MODO09A1 data using the formula developed by
Huete et al. (2002):

EVI=G

pNIR B pred (1)
P Clpred - C2pblue +L

where ppjue, Preds and pnir are blue, red, and near infra-
red bands in MODO09AI1, respectively. For MODIS
sensor, L (=1) is the canopy background adjustment, C,
(=6) and C, (=7.5) are aerosol resistance coefficients,
and G (=2.5) is a gain factor. Instead of NDVI, we used
EVI data as an indicator for analyzing the impacts of
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vegetation coverage on the relationship between near
surface air temperature and LST since EVI exhibits
sensitivity across high vegetation densities and at-
mospheric effects, and shows better performance in the
downscaling study of GDD maps (Hassan et al.,
2007a). The reason why we selected an 8-d surface
reflectance product to calculate EVI rather than di-
rectly employing the 16-d composited EVI product
(MOD13Q1) was because the former product has the
same temporal resolution of 1000 m with 8-d LST
product.

There are numerous modified expressions on the
basis of the original concept of GDD. In recent years,
an increasing number of scientists have defined GDD
as the daily thermal-time above the base temperature
for plant growth (McMaster and Wilhelm, 1997; de
Beurs and Henebry, 2004; Vina et al., 2004; Sarma et
al., 2008), and have taken AGDDs as the index rep-
resenting heat summation during the whole growing
period (Yang et al., 1997; Wang et al., 2001; Vina et
al., 2004; de Beurs and Henebry, 2010). In the current
paper, 8-d mean GDD (°C-d) was calculated by using
the canonical GDD equation from McMaster and
Wilhelm (1997):

GDDt = (Tmax-t + T;nin-t) / 2- nase’
]-l;ase S Tmax S Tllpper s (2’)
Tl;ase S Tmin S TLpper >

where Thax.s 1S reconstructed complete Ty (8-d mean
maximum air temperature estimated from the MODIS
daytime LST image) at DOY,, T is reconstructed
complete T, (8-d mean minimum air temperature
estimated from the MODIS nighttime LST image) at
the same period. Ty, is the minimum temperature
threshold for crop growth, which varies among spe-
cies. Typper 1S the maximum temperature threshold for
crop growth. Usually 10 °C is the base temperature
for thermophilous crops such as rice (Islam and Sik-
der, 2011); therefore 10 °C is set to be the base tem-
perature and 40 °C as the upper limit in the current
study. When calculating GDD, the following adjust-
ments were carried out: Ty, is set to equal to Ty if
Thin 1s lower than Tiag, and set to Typper if Tipin 1S
higher than Typper, While Tax is set to equal to Thase
when lower than Ty, and equal to Typper when higher
than Tipper.

To simplify the equation, the quantity
[(TiaxtTimin)/2] is sometimes used instead of daily
mean air temperature (Morrison et al., 1989;
McMaster and Wilhelm, 1997). However, there was
no significant variation between the two interpreta-
tions of GDD equation during the period of crop
growth, and the equation with Ti,,x and T}, used in
this paper is the most commonly used for application
in crop study since it can remove impacts on the crop
growth from extreme high and low air temperature
(McMaster and Wilhelm, 1997).

We accumulated each 8-d interval GDDs over
the growing season by simple summation when GDD
exceeded the base of 10 °C by the equation from de
Beurs and Henebry (2004):

AGDD,~AGDD, 4+8xGDD,, 3)

where GDD; is the 8-d AGDDs at DOY; and AGDD; is
the GDDs accumulated from the beginning of the time
period till DOY+7. GDD calculated by Tin.x and Ty
images at DOY, only means the average GDD for 8 d
during the period of DOY a4 7. Therefore, every pixel
in each GDD image needed to be multiplied by 8 first
when it was accumulated into AGDD, which can ex-
press the meaning that AGDD is the summation of
daily GDD. In this paper, we accumulate GDDs by
beginning with DOY9s and ending with DOY .
When GDD; was greater than zero, AGDD;, was added,
otherwise it was ignored. Based on the formula, if we
choose 10 °C for rice physiology lower limit tem-
perature as the base temperature in GDD, the value of
AGDD is equal to the value of effective accumulative
temperature spending 10 °C (de Beurs and Henebry,
2004).

AGDD anomaly (AGDD,) indicates the depar-
ture from one year AGDD to the multi-year average
level. The equation of AGDD anomalies is as given
below:

AGDD,, = AGDD, — AGDD, (4)

where AGDD,; is AGDD anomaly at the year of i,
AGDD; is accumulated GDDs from DOY,ps to

DOY,7; at the same year, AGDD is the average of 10
years AGDD from DOY 195 to DOY>73.

The consistency between all the meteorological
data and corresponding remotely sensed estimated
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data is evaluated by the mean bias error (MBE), mean
absolute error (MAE), and root mean squared error
(RMSE).

The MBE is given by:

3 (- )
MBE=- — 5)
n

where x; and y; are the measured and estimated values
from meteorological station and MODIS data, re-
spectively, and n is the number of data pairs. In the
study, MBE can explain the average over or under-
estimation of estimated data from the true value.

The MAE and RMSE are given by:

2=

MAE =" (©6)

(M

As the name suggests, the MAE is an average of
absolute errors and the RMSE is a quadratic scoring
rule which measures the average magnitude of the
errors. In statistics, both quantities are used to meas-
ure how close predictions or estimation are to the true
observation, with RMSE giving a relatively high
weight to large errors. The parameters of these two
equations are the same as those for MBE. Usually,
lower values are desirable.

2.4 Data processing steps

The details of the algorithm in this study are
shown in Fig. 2. The five main steps were hereinafter
described in sequence.

The first step is the filtering of low-quality quality
control (QC) values due to clouds or other processing
failures of each of the LST images. The QC SDSs for
LST and emissivity provide quality information on
algorithm results for each pixel, which can be extracted
by reading the bits in the 16-bit unsigned integer (Wan,
2007). We determined the good quality (valid) LST
pixels according to the following criteria: mandatory
QA flags=pixel produced, good quality; data quality
flag=good; emissivity flag=average emissivity error

<0.01; LST error flag: 0O0=average LST error <I1K.
Only those good quality pixels were used for model
fitting. After quality filtering and converting LST
values from Kelvin to Celsius (LSTc=LSTgX
0.02-273.15), to link the LSTpa/LSTnigh, EVI, and
elevation with actual maximum/minimum 7, from
meteorological stations by multiple stepwise regres-
sion analysis, the optimal regression model with big-
gest adjusted R* value was applied to estimate fitted
daytime and nighttime 7, maps from Terra and Aqua
platforms, respectively.

The third step was the temporal merging of fitted
T, maps at each 8-d period. For the year of 2003-2010,
the 8-d synthetic maximum air temperatures (7iax)
were merged from two fitted daytime 7, maps
(Tmax-tera a0d Tiax-aqua) Of the same 8-d period. For
example, the 7},,,x map of DOY s is the merging result
of Tmax—Terra of DOY105 and Tmax—Aqua) of DOYlos. The
algorithm of temporal merging is as follows: for a
given pixel, if both input maps have the fitted values,
the value of the synthetic T« map is the average of
Tnax-Terra A0d Tinax-aqua- 1f only one of two fitted values
was present in the maps, that single value was used.
Otherwise, if neither of the two maps had the fitted
values, it was kept as an invalid value and was set aside
for filling by spatial interpolation in the next step.
Similar algorithms were carried out to produce the
synthetic T, map from Tonin-terra a0d Tinin-Aqua IMages
of the same 8-d period. It is worth mentioning that
temporal merging from two platforms was not imple-
mented for the Ty, and Ty, maps of 2001 and 2002
since we could only acquire the complete available
data of Terra satellite before 2003; therefore, for
20012002, Tyax and Ty, were directly substituted by
daytime fitted 7Tinax-terra and nighttime fitted 7Tinin Terras
respectively.

The residual invalid pixels presenting in the
synthetic T.x and T, images were spatially inter-
polated with an algorithm inspired by Neteler (2010)
which is based on regression analysis between surface
temperature and elevation in each sliding window of
the original image. If there were more than 10% valid
T, pixels per sliding window and existing a regression
relationship built by those 10% valid 7, with corre-
sponding DEM, the remaining invalid pixels will be
filled by this regression relationship with DEM, oth-
erwise it skipped to the next sliding window. This
process was implemented until all the invalid pixels
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Fig. 2 Flowchart to estimate GDD and annual AGDD anomaly maps from multi-temporal MODIS LST data

of whole image were filled. Twenty-four pixels were
taken as the best sliding window radius in the current
paper after the repeated test. More algorithm details
can be seen in the literature (Neteler, 2010; Ke et al.,
2011).

Finally, GDD and AGDD and AGDD anomaly
were calculated by using synchronous completely
reconstructed Tpn.x and Ty, for every 8-d period in the
rice growing season of each year, and then verified
against corresponding ground meteorological sta-
tions’ data.

3 Results

3.1 Maximum and minimum 7, estimation and
model validation

The basic mechanism for estimating air tem-
peratures with remotely sensed LST relies on the in-
tense heat exchange between land surface and atmos-
phere. In this study, air temperature was modeled as a
function of EVI, elevation, and MODIS LST. Given
the seasonality effect of the relationship between 7,
and LST, models were established for four different
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remotely sensed LST data across three seasons during
the rice growing season. Thus, a total of 12 regression
models were created for each of LSTpay-Terras
LSTNight-Terra; LSTDay-Aqua, and LSTNight—Aqua for three
different seasons, corresponding to data from 50 me-
teorological stations which were listed in Table 2. On
the whole, compared with Aqua, RMSE of maximum
air temperature (7},,c) modeled by Terra daytime LST
was lower, the same as minimum air temperature (7, )
modeled by Terra nighttime LST.

Some literature also pointed out that 7, estimated
from Terra MODIS LST data has a smaller deviation
with ground observation than the estimation derived
from Aqua MODIS LST data (Zhang et al., 2011).
For 40% of the test samples, seasonal statistics show
the lowest RMSE value of 1.780 and 1.958 °C in
Terra and Aqua fall models for Ty, estimation and
1.554 and 1.598 °C in summer models for T, esti-
mation. Spring models showed the poorest perform-
ance in estimating both Ty, and Ty, from Terra and
Aqua daytime/nighttime LSTs.

3.2 Reconstruction of estimated 7, maps and ac-
curacy validation

3.2.1 Temporal merging of Ti.x and T, from Terra
and Aqua T, estimation

There is a large amount of temporal and spatial
missing pixels accounted for by clouds and low
quality in LST data (Crosson ef al., 2012). Here, we
introduced a spatio-temporal algorithm to fill those
gaps in estimated 7, images with two main strategies:
firstly, temporally merged images of two acquired
times and secondly, spatially interpolated in the cur-
rent merged image. The object of this two-steps re-
construction for estimated 7, images over the entire
study area was to deal with the significant problem of
missing data in determining GDDs. The performance
of the temporal reconstruction was illustrated in Fig. 3.
For the DOY 195 0f 2003, the Tiax Terra image shows the
pattern of Tp.x with large invalid areas (cloudy area
and an area with a large LST retrieval error) in the
southeast and smaller regions in the central area,

Table 2 Seasonal regression models of statistical estimation of 8-d mean maximum and minimum air tem-
peratures from MODIS LST data over the Province of Jilin over all types of land cover

Season Model

Type

Tac=3.473+0.568LST+12.268EVI
Tnax=15.935+0.347LST+4.469EVI~

T, max-Terra Spnng

Summer 0.002Elevation

Fall Tya=4.488+0.674LST+8.702EVI

- Soping  Tmin=0293+0.832LST+3.615SEVI-
min-Terra SPTINE 0.003Elevation

Summer Trin=3-339+0.742LST+2.592E VI~
0.002Elevation

Fall T;nin=0.608-+0.809LST+3.464EVI—
0.003Elevation

Tnax=4.508+0.495LST+10.588EVI
Tnax=19.642+0.237LST+2.666EVI—
0.002Elevation
Tnax=7.452+0.519LST+8.240EVI—
0.002Elevation
Tnin=4.658+0.754LST+3.034EVI—
0.003Elevation
Tmin=8.086+0.613LST+1.257EVI—
0.004Elevation
Tmin=2.184+0.757LST+5.841EVI—
0.004Elevation

T, max-Aqua Spnng

Summer

Fall
Tin-Aqua SPring

Summer

Fall

T, n
Adjust R RMSE-fit RMSE-test  Fit 60% Test 40%
0.573" 2712 2.674 1006 670
03677 2.010 2.040 1706 1138
0.709™  1.610 1.780 1133 755
07777 1.663 1.570 976 651
0.723"  1.452 1.554 1568 1045
0.792"  1.593 1.685 855 570
0473 2.920 3.017 612 409
02717 2.106 2.162 1054 703
0.575"  1.885 1.958 728 485
0.762"  1.985 1.898 1054 702
0.667"  1.665 1.598 850 566
0.743”  1.720 1.858 772 515

Models were assessed based on coefficient of determinations (R2) and RMSE of fitting and test data, respectively. " Significance at
<0.0001. Referring to the season category reported by Crosson et al. (2012), period of DOY of 105-145 (March to May) is con-
sidered ‘spring’, DOY of 153-233 (June to August) is ‘summer’, and DOY of 241-280 (September to November) is ‘fall’. Models
based on Terra LST are estimated by all the data from 10 years (2001-2010) for each season. Models based on Aqua LST are esti-

mated by all the data from eight years (2003-2010) for each season
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Fig. 3 Differences between original filtered 7,,,, maps for Terra (a) and for Aqua (b), merged 7,,,, map (c) and

reconstructed complete 7,,,, map (d) for DOY s in 2003

Areas of water and missing data (invalid pixels) are in white
while the Tiax-aqua image displays the pattern of Tiax
with a large invalid area in the northwest and smaller
regions in the east. After merging Tmax Terra (Fig. 32)
and Tax-aqua (Fig. 3b) into Th.x (Fig. 3c), there was a
small area of concentrated invalid pixels allocated in
the eastern region. We assure that the temporal
merging of maps from Terra and Aqua platforms can
introduce higher quality 7, pixels reflecting true
temperature values when the cloudy condition varies
quickly between two satellite’s overpass times. After
this temporal merging step, the remaining pixels
present in the synthetic images were spatially inter-
polated with an algorithm based on the relationship
between surface temperature and elevation in each
sliding window on the original image (Neteler, 2010),
then a series of complete Tpax/Tmin iMmages were re-
constructed. The Fig. 3d showed the eventual result
after two-step reconstructions.

We defined the percentage of valid air tempera-
ture pixels out of the complete number of pixels
covering the study area as the coverage rate. Thus, a
coverage improvement rate means an increased pe-
centage of valid pixels from either the Terra-based

T, map or the Aqua-based T, map as compared to the
temporal-merged 7, map. The coverage improvement
rate of temporally merged Tiax/Tmin images from
Terra/Aqua Tmax/Tmin and eventual average coverage
rate of merged Tpax/Tmin Were displayed in Table 3.
Because the Aqua MODIS data of the rice growing
season can only be completely acquired from 2003
onwards, we only compared the coverage improve-
ment rate for the years of 2003—2010. Generally, data
from satellite images taken in the afternoon are more
frequently interrupted by cloud, therefore it is not
surprising that Table 3 reveals a remarkably better
improvement for Aqua platform than for Terra plat-
form, with annual average coverage improvement
rate ranges of 5.60%—7.22% for Tiax Terras
9.56%-14.53% for Thax-aAquas 4.84%—5.86% for
Thin-Terra» and 13.85%—17.72% for Tpin-Aqua images
over eight years. Eventually, the average spatial cov-
erage during the rice growing season for eight years
could reach 84.07% for merged T.x image and
85.54% for merged Ty, image. For seasonal analysis
(Fig. 4), the improvement was the most significant for
the summer season with the average spatial coverage
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increasing from 70.37% and 64.43% of Tpnax-Terra and
Tnax-aqua Tespectively to 78.03% of merged Tpnay im-
age, 69.70% and 55.98% of Tin-Tera aNd Tin-aqua tO
76.50% of the merged T,,, image, 86.28% and
95.90% for spring merged Tinax and T, images, and
91.65% and 94.13% for fall Tinax and Ton. After car-
rying out the temporal merging, it is easier to fill in
the remaining invalid pixels by interpolation based on
temperature gradient.

3.2.2 Precision validation of T, and Ty, estimation

We spatially interpolated the remaining pixels by
adjacent good quality (clear-day) pixels. This method
may introduce uncertainty since cloudy areas may
have had lower solar irradiation and 7, than clear
areas. However, it is an inevitable defect of optical
remote sensing that the accurate estimation of some
pixels will be impossible due to cloud cover. In the
current paper, we only focus on the supposition
whether or not the reconstructed 7, can be taken as a
proxy for real T, to estimate the heat accumulation. To
clarify how many errors were introduced in each
different reconstruction steps, the precision valida-
tions of all pixels in each 8-d Ty, and T, image
were calculated respectively for the following two
categories: good pixels and invalid pixels. Good pix-
els are those T, estimation pixels from LST data after
QC filter and temporal merging, which can be taken
as the high quality 7, pixels of clear sky. The invalid
pixels are the remaining pixels from cloudy sky and
low quality in the product and are filled by the spatial
interpolation.

It could be seen in Tables 4 and 5 that statistic
regression and temporal merging brought a total

100 EYear MmSpring HESummer EFall ]
9 % ; 7 # g
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Image

Fig. 4 Comparison of seasonal and annual mean coverage
rate of 7,,,, and T,;, images from Terra and Aqua plat-
form and their temporal merging

T'Tmmx, A'Tmmx, and M'Tmax are Tmax—Tcn'a, Tmax—Aqua, and temporally
merged T, images, S0 T-Tiin, A-Timin, and M-Ty,, the corresponding
Tmin images
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Table 3 Coverage improvement rate of temporally
merged 7y, and Ty, images
CIR (%) CR (%)

e T ATy T-Tym A-Tyn M-Tym M-Tom
2003 7.17 1395 493 1637 86.44 84.86
2004 5.81 9.56 4.84 13.85 84.26  85.65
2005 722 1354 505 16.15 78.98  82.05
2006 6.48 11.77 5.12 15.19 83.10 84.86
2007 589 1135 586 14.58 86.68 87.64
2008 6.51 1453 518 16.12 8542  90.23
2009 560 11.79 5.18 14.52 8535 86.42
2010 7.09 12,55 5.04 17.72 82.30 82.59
Mean 647 1238 515 15.56 84.07 85.54

CIR: coverage improvement rate; CR: coverage rate. T-Tinax, A-Tiax,
and M-Tyex are Tax-Terras I max-Aqua, and temporally merged Tpax im-
ages, S0 T-Tin, A-Timin, and M-T,;, the corresponding Ty, images

Table 4 Precision validation of 7,

Good pixel Invalid pixel All pixel
Year MBE RMSE MBE RMSE MBE RMSE

CC) (O " (C) (O " (O (O
2001 1.77 2.87 743 332 473 335 225 355
2002 1.56 3.01 675 191 3.80 403 1.69 3.33
2003 1.68 3.03 778 2.05 346 300 346 3.16
2004 1.57 2.68 761 1.85 3.19 317 1.65 2.84
2005 1.10 291 681 1.71 3.06 397 133 297
2006 1.66 3.11 766 1.78 3.58 312 1.70 3.25
2007 1.46 259 786 197 336 292 1.60 2.82
2008 1.40 290 804 1.82 336 274 1.51 3.03
2009 1.44 3.17 792 0.15 3.54 286 1.10 3.27
2010 1.18 239 727 1.59 343 351 131 277
Mean 148 2.87 1.82  3.55 1.76  3.10

Table 5 Precision validation of 7,

Good pixel Invalid pixel All pixel
Year MBE RMSE MBE RMSE MBE RMSE

(O (O (°©) (O (O (O
2001 0.48 1.65 725 216 2.71 353 1.03 2.06
2002 0.44 2.05 729 158 228 349 0.81 2.12
2003 030 1.77 820 1.66 234 258 0.62 192
2004 0.05 1.85 853 1.86 246 225 042 1.99
2005 0.61 1.75 783 249 3.08 295 1.12 2.19
2006 0.16 1.62 834 1.86 2.56 244 0.54 1.88
2007 021 1.72 863 199 2.60 215 0.56 1.93
2008 0.19 1.71 892 182 260 186 047 1.89
2009 0.25 1.63 849 1.77 245 229 057 1.84
2010 0.26 1.74 803 252 3.17 275 0.84 2.19
Mean 0.29 1.75 1.97 2.62 0.70  2.00
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underestimation for maximum 7, with 10-year mean
MBE in 1.48 °C and quite few underestimations for
minimum 7, with a mean MBE in 0.29 °C. While
these underestimations further increased after spatial
interpolation, the 10-year mean MBEs for invalid
pixels of Ty and Ty, were 1.82 and 1.97 °C, while
RMSE increased from 2.87 to 3.55 °C and 1.75 to
2.63 °C, respectively. However, the reconstruction
effects of Tax and T, during the whole rice growth
season were satisfied with the 2001-2010’s RMSE
varying from 2.77 to 3.55 °C for Tp.x and 1.84 to
2.19 °C for Ty

The comparisons between time series of mete-
orological and MODIS-derived maximum and
minimum air temperature at each 8-d period are
shown in Fig. 5. To reflect the overall level of the
study area, the values in the curves were the averages
of T, values at each 8-d interval from 50 meteoro-
logical stations and the 50 MODIS pixels corre-
sponding to the stations’ positions. Overall, the re-
constructed estimation of minimum temperature fit-
ting was better than the maximum temperature fitting.
It can be seen from the Fig. 5b that 10-year fitted Ty,
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Air temperature (°C)

from MODIS data basically had a consistent pattern
with the T, min measured by meteorological stations,
except for a tiny discrepancy in the peak of every year.
Obviously, Ty, estimations are quite good in spring
and autumn and acceptable in the summer of each
year; the average MAEs of all 10 years for spring,
summer and fall season are 0.944, 1.231, and
0.917 °C, respectively. However, two almost over-
lapping curves showed the fact that Tp,;,, was capable
of actually reflecting T,..,. By contrast, difference
curve from  meteorological Tomax  Minus
MODIS-derived T},.x had a larger fluctuation over the
“0” value line (Fig. 5a). Ten-year average MAE be-
tween Tax and Ty max ranges from 1.697 to 2.541 °C,
with 2.592 °C for ‘spring days’, 1.648 °C for ‘sum-
mer’, and 2.446 °C for ‘fall’, respectively. The time
series of Tymax and Tpax basically raised and declined
synchronously during the whole 10 years, except
when there is a sudden drop of actual weather change.

The complex effects of vegetation cover on the
heat exchange between LST and near surface air
temperature can probably account for the discrepan-
cies between meteorological observation and MODIS
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Fig. 5 Comparisons of time series between meteorological and MODIS-derived maximum air temperature (a) and

minimum air temperature (b)

The values in curve are the average of 50 meteorological stations at each 8-d intervals during the whole growing season
which begins with DOY o5 and ends with DOY 3. Difference curves (max_d and min_d) are the result of meteorological T,
time series minus MODIS-derived 7, time series. The little breaks in the curves represent the time gaps between every

year’s growing seasons
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Fig. 6 Average GDD summation of every 8-d intervals from DOY(s to DOY,;; spanning the year of 2001-2010
Difference curve is the result of Meteo-GDD time series minus MODIS-derived GDD time series. The little breaks in the
curves represent the time gaps between every year’s growing seasons

estimation. Another potential explanation is the pos-
sible situation of one or many of the meteorological
stations near residential areas, in which case they
would be influenced by the urban heat island.

3.3 Comparing meteorological and MODIS-
derived GDDs and AGDDs

The differences between Meteo-GDD and
MODIS-GDD at each 8-d period spanning the year of
2001-2010 are shown in the Fig. 6 to analyse the error
sources from different 8-d periods. The gap was a
comprehensive reflection of the difference between
reconstructed Tmax/Tmin and ground 7, observation.
Fig. 6 displayed that the difference between mete-
orological and MODIS-derived 8-d GDD summation
was relatively large in the fall seasons from
2001-2006 and low from 2007-2010 seasons. The
“level off” of MODIS-derived from 8-d GDDs in
summertime can be accounted for the “plateau” in
estimation of Ty, from LST.

A comparison between meteorological and
MODIS-derived AGDD with the period of entire rice
growing season was carried out to display the dis-
crepancy at each 8-d period (Fig. 7). It is clearly that
there was quite a good agreement during the earlier
period of the growing season in spring and summer
time. The MODIS-derived AGDDs become slightly
lower than the meteorological-derived AGDDs since
the fall with largest error at the end of the growing
season with 10-year mean difference of 157.7 °C-d.
The same results are found in the statistics in each
year of the 2001-2010. The reason for this negative
difference is under investigation. However, our result
of the annual variation of AGDDs with the DOY is
similar to the finding of Neteler (2010), who also

demonstrated that AGDDs from reconstructed
MODIS LST were systematically slightly lower than
those calculations from meteorological stations in the
fall time.
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Fig. 7 Comparison of 10-year average AGDDs derived
from MODIS data and meteorological stations with the
each 8-d period from DOY o5 to DOY,;
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Fig. 8 Correlation coefficient between MODIS-derived
and meteorological AGDDs of 50 stations in each 8-d pe-
riod during the year of 2001 to 2010
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Except for the overall comparison, the correlation co-
efficient between meteorological and remotely sensed
AGDDs estimation of 50 stations in every 8-d periods
is also analyzed (Fig. 8). The result showed that the
correlation coefficients of AGDDs in the spring stage
were unstable among ten years with relatively low
values. This is probably because the air temperature
in spring time is apt to experience a recovering warm
fluctuation of around 10 °C, which is difficult to
capture with satellite data. The adjustment scheme for
lower and upper temperatures in GDD calculation
would account for these larger gaps in spring time. It
has become constant with R values more than 0.7
since DOY 145 of all 8-d periods in ten years. From the
above, our result gives a powerful demonstration of
the capability to employ remotely sensed AGDD to
assess the accumulative heat condition in later rice
growing season.

3.4 Using MODIS-derived indices to evaluate the
rice growing season heat accumulation

3.4.1 Comparing 2001-2010 spatial and temporal
variabilities of heat accumulation

AGDD at DOY37; of 8-d period in this paper
(equal daily GDD accumulation from DOY gs5—
DOY,s) represents the accumulative temperature
conditions during all stages of rice growth in Jilin
Province. The detailed statistics of the heat accumu-
lation for 10 years were displayed in Table 6. The
accumulated heat derived from MODIS data was
basically consistent with the calculated value from T,
from meteorological stations. Overall, 10-year cor-
relation coefficient R value between two categories
AGDDs ranged from 0.73 to 0.86, which were all
above the 0.01 significant levels. This indicates that
there was an underestimation of MODIS-derived
AGDDs from meteorological AGDDs with 10-year
average MBE of 156.75 °C-d, amounting to almost
10% of the relative error. This result can be explained
by the underestimation of Tj,.x and Ty, in the later
growing season, especially in the fall (Fig. 5). The
RMSE of 10 years spans from 143.91 to 236.81 °C-d.
However, the interannual variation trend of MODIS-
derived AGDDs was almost the same with the heat
accumulation calculated from meteorological data.
We evaluated this interannual variation by AGDDy,;
the departure from one-year AGDD to the average of

10 years (Fig. 9). MODIS-derived AGDD, and me-
teorological AGDD, both showed the lower heat ac-
cumulation of the years of 2002, 2003, 2005, 2006,
and 2009 with negative values, while better heat
conditions in 2001, 2007, 2008, and 2010 with posi-
tive values. Compared to AGDDs, the correlation
between two AGDD, was less high (only seven years
over the significant level) because the multi-year
universal models adopted to estimate Tiax/Tmin Were
not ideal for all 10 years. We chose these universal
models because they are better at comparing the in-
terannual variation by removing the uncertainty
caused by single models, and forecasting the accu-
mulative heat resource in the later year without using
meteorological data.

An illustration of AGDD anomaly maps at 1 km
spatial resolution was produced for the 2001-2010
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Fig. 9 Comparison of MODIS-derived and meteorological
DOY;,7; AGDD anomalies from 2001 to 2010
The dotted line stands for the “0” value line

Table 6 Correlation coefficients and error statistics
(MBE, MAE, and RMSE) of DOY¢s5_,30 AGDDs derived
from MODIS data and meteorological stations from 2001
to 2010

AGDD (°C-d)

Year ODIS- Meteoo MBE MAE RMSE °
1392.83 1606.07 212.6 21579 236.81 0.83"
1316.88 14758 157.46 163.6 185.69 0.83"
1324.22 1486.85 161.91 163.21 183.38 0.86"
1378.04 149524 116.66 125.51 148.17 0.83"
1342.71 1473.63 129.74 14034 166.43 0.74™
1347.43 144471 958 117.59 143.91 0.73"
1430.78 1619.27 187.92 187.92 212.79 0.84"
1392.51 1560.83 166.38 168.85 193.76 0.75™
1332.6 1474.02 140.7 145.74 170.28 0.80"
1402.99 1601.72 198.28 199.18 222.14 0.77"
1366.10 1523.81 156.75 162.77 186.34 0.80"
™ Significance at p<0.01

2001

2002
2003

2004
2005

2006
2007
2008
2009
2010
Mean
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Fig. 10 Spatial distribution of the AGDD anomalies for Jilin Province of rice growing season from 2001 to 2010
The positive AGDD anomalies with warm colors (red, orange) indicate a greater heat accumulation of specified year than
the normal level based on the average of the recent 10 years. Vice versa, the negative AGDD anomalies represented in cool
color (light and dark blue) mean lower heat accumulation where there is probably a growth delay for rice reaching harvest
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period in Jilin Province and is displayed in Fig. 10.
Based on this we could characterize the spatial and
temporal variability in heat accumulation during the
whole rice growing season (AGDD at DOY3,73) at a
large spatial scale year to year. The positive AGDD
anomalies with warm colours (red, orange) indicated
a greater heat accumulation in a specified year than
the normal level based on the average of the recent
10 years. This is usually an indicator above average
crop development. Vice versa, the negative AGDD
anomalies represented in cool colours (light and dark
blue) mean lower heat accumulation and probably
indicate areas where below-average rice growth
delayed harvest. A similar method of employing
AGDD anomalies for corn growth monitoring was
found by the North Dakota Agricultural Weather
Network. Our results revealed a better overall heat
condition for rice cropping in the years of 2001,
2007, and 2010 versus lower heat accumulation in
the 2002, 2003, and 2009 years. This characteriza-
tion was almost the same as the reports of annual
analysis of Jilin Agro-meteorological conditions and
their impacts on crop production which has been
released by the Jilin Provincial Meteorological
Bureau.

3.4.2 Estimating GDDs and AGDDs by only using
MODIS data

Only MODIS data for 2011 were chosen to eva-
luate the estimating ability of MODIS indices (GDD,
AGDD) to reflect the true ground heat condition
without 7, data being taken to be modeled. A total of
44 maximum and minimum 7, maps of each 8-d period
of 2011 were calculated by employing the 12 7,-LST
regression models built by 2001-2010 data sets
(Table 2) and then spatio-temporal reconstruction.

The average discrepancies between MODIS re-
constructed 7,, GDDs, AGDDs and corresponding
meteorological values were compared in the forms of
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MBE, MAE, RMSE, and R (Table 7). The statistical
results including all the data pairs from the 50 mete-
orological stations spanning the 22 8-d periods in rice
growing season. Seasonal comparisons between
MODIS-derived values and the meteorological estma-
tion for Tiax, Tmin, 8-d summated GDDs and every 8-d
intervals AGDDs of 2011 are listed in Table 7. Almost
all of the correlation of two categories of data for
three seasons and four indices are over the 0.01 sig-
nificant levels except for the Ti,,x in summer time
(R=0.32). The annual average MAEs of Ty, and Ty min
in 2011 were 2.386 and 1.829 °C, respectively,
slightly larger than those results of 2001-2010.
Point-samples of MODIS-derived GDD and AGDD
values were compared against the meteorological
values; high R values were found with 0.91 for GDD
and 0.99 for AGDD.

The scatter plots of all data pairs in 50 meteoro-
logical stations of 22 8-d period during the growing
season (total 1100 pairs) of 8-d GDDs and AGDD
were displayed in Figs. 11a and 11b, respectively.
Compared with the correlation coefficient of 8-d
GDDs with R of 0.82, there was a much higher cor-
relation between two AGDDs data sets with R* of
0.98. The discrepancies derived from remotely sensed
data in real-time monitoring could be reduced to some
extend in the long process of accumulation. In con-
clusion, methodology of estimating remotely sensed
accumulative heat time from MODIS data proposed
by this current paper is feasible to reflect the ground
true heat condition. This would be an advanced re-
placement of raster maps of such agro-meteorological
indices interpolated from meteorological data with
GIS.

Except for the quantitative analysis, the spatial
pattern of AGDD of the rice growing season in 2011
was validated by the GIS interpolation of meteoro-
logical AGDD from 50 ground stations by employing
the algorithm proposed by Li ef al. (2010) (Fig. 12).

Table 7 Seasonality comparisons of discrepancy between MODIS-derived T7,, 8-d GDDs, AGDD, and corresponding

true ground values from meteorological stations

Season Tax (°C) Toin (°C) GDD (°C-d) AGDD (°C-d)

MBE MAE RMSE R MBE MAE RMSE R MBE MAE RMSE R MBE MAE RMSE R
Spring —0.05 2.65 3.37 0.67 055 1.55 2.11 0.88 0.82 11.67 15.36 0.73 —15.28 24.69 31.070.92
Summer 1.51 226 279 032 131 2.01 248 0.70 1131 1586 19.24 0.60 42.06 67.73 92.450.98
Fall 1,59 235 285 073 0.68 1.78 2.14 0.89 8.74 11.78 1539 0.74 169.22 169.60 194.58 0.82
Year 1.10 239 296 086 096 1.83 231 094 7.86 13.79 17.33 091 5532 79.15 114.11 0.9
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Fig. 11 Scatter plot of 8-d GDDs (a) and scatter plot of AGDD (b) of each 8-d period in whole rice growing season of 2011
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Fig. 12 Spatial distribution of AGDD of rice growing season of Jilin Province in 2011
(a) MODIS-derived; (b) GIS interpolation based on IDW method improved by DEM

Nearly the same spatial distribution of heat accumu-
lation of the rice growing season was shown in the
two images. Compared with the traditional GIS in-
terpolation method, remotely sensed accumulative
heat estimation exhibited better performance in
characterizing microclimates and spatial continuity.
This was particularly evident in the northwestern and
southeastern parts of the study region.

4 Discussion and conclusions

Estimation of air temperature and filling in
missing values due to clouds and low quality pixels
are the main critical issues in GDD mapping by sat-
ellite data. To solve the problems above, we first
adopt the classical multi-regression model to estimate

the maximum and minimum 7, from LST images, and
then implement a novel spatio-temporal algorithm
that combines the temporal merging MODIS
LST-based T, maps at four different acquired times
from the Terra and Aqua platform with spatial inter-
polation based on the temperature gradient with ele-
vation change. The reconstructed 7, images were then
used to map agro-meteorological indices expressed in
GDDs and AGDDs. When compared with the tradi-
tional estimation of ground agro-meteorological in-
dices from the limited number of meteorological
stations, remotely sensed accumulative heat estima-
tion exhibits superior performance in microclimates.
In this paper, MODIS 8-d composite LST
products (MOD11A2) were demonstrated to be a
feasible approach to mapping the heat accumulation
for the crop growing season at the regional scale. The
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statistical analysis reveals high correlations, over the
0.01 significant level of agro-meteorological indices
(GDDs and AGDDs), between estimates from
meteorological stations and MODIS LST data.

However, the discrepancy between MODIS-
derived AGDDs and ground-derived true values be-
comes a little large in the later stages of the growing
season. GDD is designed to be calculated by daily
maximum and minimum 7, and AGDD is the sum-
mation of daily GDD. Therefore, 8-d accumulated
GDD calculated with 8-d average GDD would lead to
more errors in GDD and AGDD estimation compar-
ing with the summation of eight actual daily GDDs. A
crucial avenue for further research concerns the re-
construction of daily LST-based 7, estimation for
cloudy days, which to some extent can improve the
accuracy of remotely sensed GDDs to satisfy the
quantified needs of GDD-related remote sensing stu-
dies for agriculture and climatology.

Aside from the limited success in applying
AGDD and AGDD anomaly map to evaluating the
spatio-temporal pattern of heat condition for a whole
crop growing season, forecasting future MODIS-
derived GDDs and AGDDs with the LST-7, models
constructed by data from previous years was demon-
strated to be feasible. Furthermore, it is suggested to
employ our methodology to monitor crop growth and
identify crop phenological stages by estimating
GDDs reaching a certain threshold. Our study may
supply a novel approach to heat-related study con-
cerning crop growth monitoring, agricultural climatic
regionalization, and agro-meteorological disaster
detection at the regional scale.
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