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Early detection of crop water and heat stress for eﬀective crop management requires continuous and accurate
monitoring of cropland photosynthesis activity. Satellite measurements can complement the restrictive coverage
aﬀorded by in-situ measurements and have the potential to facilitate the monitoring of cropland photosynthesis
over a large spatial scale in a cost-eﬀective manner. Traditionally, space-based monitoring of cropland photosynthetic activity, especially Light-use eﬃciency (LUE), has relied on empirical relationships between satellite
spectral reﬂectance and ground climate and vegetation conditions. Space-borne retrievals of sun-induced
chlorophyll ﬂuorescence (SIF), an independent measurement, has shown to provide a more direct estimation of
photosynthetic activity than traditional methods, and may further allow the inference of LUE.
This study has empirically explored the possibility of remotely monitoring large-scale LUE by calculating the
ratio of photosynthetically active radiation (PAR) normalized SIF to the Enhanced Vegetation Index (EVI). We
applied this calculation to demonstrate the spatial patterns and seasonal dynamics of LUE and its related
measurements in response to land surface temperature (LST) across Australian rainfed croplands from 2007 to
2016. LST was used to provide an integrated measure of vegetation water and heat stress at the canopy level.
Our results showed that LUE tends to be higher in the geographical middle zones than in either the warmer
northern or the cooler southern regions. Temporally, we found that there was a seasonal asymmetry of LUE and
its related measurements in response to LST change throughout the winter crop-growing season. Statistical tests
revealed that the optimum LST range for satellite-based LUE was 16.6–17.6 °C during August. The more LST
exceeded this optimum, the more sensitive LUE was found to be. Pixels in August with optimum LST across the
ten-year sampling period (Augusts of 2007–2016) were distributed in the southern-middle to middle zones of the
Australian rainfed croplands.
Our results provide new opportunities for large-scale cropland heat and drought stress detection under a
future warmer and drier climate and can also support remote analyses of crop photosynthetic activity over large
spatial scales.

1. Introduction
Accurate estimation of large-scale vegetation gross primary production (GPP) has both theoretical and practical signiﬁcance. Light-use
eﬃciency (LUE) describes the photosynthesis rate, the eﬃciency of the
conversion of photosynthetically active radiation (PAR) absorbed by

⁎

vegetation (APAR) to GPP (Gitelson et al., 2015). Continuous and direct
monitoring of cropland LUE can help forecast crop productivity and can
also assist in providing a better understanding of the responses of crop
growth to environmental change. The physiological concept of LUE
model was originally deﬁned by Monteith (1972, 1977); Since then, it
has been widely used in most current GPP estimation models.
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Fig. 1. Australian rainfed croplands in diﬀerent levels of spatial resolution (left) and the spatial groups of testing pixels (right). The white to green color range in the
left panel is the ten-year (2007–2016) mean MODIS EVI map during September. Western Australia (WA), South Australia (SA), Victoria (VIC), New South Wales
(NSW), Queensland (QLD), and Northern Territory (NT) are the seven states and territories in Australia. The ﬁve groups of pixels between the transects dividing each
of the two major Australian cropland belts in the right panel are designated as the following zones: (1) Southern, (2) Southern-Middle, (3) Middle, (4) NorthernMiddle, and (5) Northern.

thermography can adequately estimate the integrated stress from the
meteorological variables without explicitly considering each of them
individually (Idso et al., 1977; Sims et al., 2008). Therefore, the LST for
photosynthetic activity in the LST-based GPP estimation models were
established as being within the 20–30 °C range based on the research by
Berry and Bjorkman (1980). However, the extent to which the optimum
LST range changes seasonally with diﬀerent phenological stages remains unclear.
A newly emerging remote sensing retrieval technique, solar-induced
ﬂuorescence (SIF), oﬀers great potential for advancing our capacity to
directly measure the photosynthetic status of vegetation (Joiner et al.,
2014; Guan et al., 2016; Jeong et al., 2017). The ﬂuorescence signal
observed by the spaceborne remote sensing system is the active emittance of light quanta from the vegetation canopy. This signal is directly
linked to photosynthesis activity. Chlorophyll ﬂuorescence emission
displays two peaks near 685 and 740 nm in the red and far-red wavelengths respectively (Joiner et al., 2011; Campbell et al., 2008). Liu and
Cheng (2010) highlighted that LUE can be detected more directly
through the separation of the SIF signal from the hyperspectral data.
However, Liu et al. (2013) found that the LUE-SIF relationship is clearly
aﬀected by canopy and environmental conditions. In light of this, satellite SIF observes the integral at a speciﬁc excitation wavelength (for a
speciﬁc remote sensing instrument) contributed by all active chlorophyll photosynthesis at the canopy level. Therefore, satellite SIF signals contain information about not only leaf-level photosynthetic activity but also canopy structure, canopy chlorophyll content, and
canopy greenness (Yang et al., 2017). As EVI was conducted as an effective index for measuring the level of vegetation greenness from space
(Huete, 2012; Yang et al., 2013; Xiao et al., 2005), we introduced EVI in
this study to remove the eﬀects of vegetation canopy conditions on SIFbased LUE estimation.
The aims of this study were as follows: 1) to approximate LUE remotely across broadacre rainfed croplands using satellite SIF and EVI;
2) to characterize the spatial pattern and inter-seasonal dynamics in the
estimated LUE and its related measurements of winter wheat cropland
in Australia; and 3) to examine the intra-seasonal variation of LUE in
response to LST during the crop growing season.

In most current studies, LUE was calculated by down-regulating the
maximum LUE with scalars of water and heat stress (Sims et al., 2008;
Dong et al., 2015), or parameterized as a function of meteorological
parameters for a given biome (Xiao et al., 2008; Wang et al., 2010;
Running et al., 2004). In these cases, LUE models rely heavily on the
parameterization of many physiological limiting factors such as temperature and soil moisture (Hilker et al., 2008). The more factors are
present in a model, the more measurements and calibrations are required. As a result, the model may become more complex and consequently subject to more systematic errors (Sjöström et al., 2011; Yuan
et al., 2010).
Practically, LUE is site and biome dependent and can be aﬀected by
a number of processes (Gitelson and Gamon, 2015), ranging from
chlorophyll pigment composition, enzyme kinetics, and stomatal conductance (Gamon and Qiu, 1999; Yan et al., 2017), to changes in vapor
pressure deﬁcit, and drought stress (Dong et al., 2015). Consequently,
LUE varies dynamically over multiple temporal and spatial scales with
changing environmental conditions. This makes it diﬃcult to continuously and rapidly parameterize all changing environmental variables throughout the life span of vegetation.
To overcome these challenges, eﬀorts have been made to estimate
vegetation photosynthesis activity entirely from remotely sensed variables without any ground-based inputs. In this case, the MODerate-resolution Imaging Spectroradiometer (MODIS)-GPP model (Zhao et al.,
2005; Running et al., 1999) has been well established as mean of estimating global GPP from space. However, the LUE values of the
MODIS-GPP model are obtained from look-up tables for individual
biomes within each pixel. These look-up tables were obtained by
parameterizing the factors of environmental stresses for a given biome.
Whereas, there are also other eﬀorts to avoid introducing the parameter
of LUE in GPP estimation, including the enhanced vegetation index
(EVI)-based Temperature and Greenness (TG) model (Sims et al., 2008)
and the Vegetation Photosynthesis Model (VPM) (Yan et al., 2009; Xiao
et al., 2005, 2004). These models do not include LUE as a parameter but
rely on two key factors: land surface temperature (LST) and EVI, while
VPM model also uses the land surface water index (LSW) as additional
input. Admittedly, the measurement of LST taken via infrared
2
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Table 1
Details of the three Australian eddy ﬂux sites.
Name

Location (Lat/Long)

Monitoring Period

Annual Rainfall

Temperature Range

Land Cover

State

Riggs Creek
Ridgeﬁeld
Yanco

−36.6499, 145.5760
−32.5061, 116.9668
−34.9893, 146.2907

Jan 2011–Oct 2015
Mar 2016–Nov 2016
Oct 2012–Dec 2016

650 mm
446 mm
465 mm

12–26 °C
5.5–31.9 °C
12–37 °C

Dryland Agriculture
Dryland Agriculture
Dryland Agriculture

Victoria
Western Australia
New South Wales

2. Material and methods

2.2.2. MODIS EVI and LST datasets
The monthly MODIS EVI (MOD13C2, collection 6) (Huete et al.,
2002) and LST (MOD11C3) at 0.05° × 0.05° spatial resolution during
2007–2016 were downloaded from the Land Process Distributed Active
Archive Center (LP DAAC) data pool, then processed by ﬁltering out
cloud covered observations. Both the MOD13C2 and MOD11C3 products were produced using the Terra observations, which has an overpass time of 10:30 am local time.

2.1. Study area
The Australian rainfed croplands extend in the form of a crescent
along the western, southern, south-eastern, and eastern parts of mainland Australia (Fig. 1). The croplands comprise two major land belts:
the western belt (WA) and the eastern belt (NSW and VIC). The climate
conditions are temperate to subtropical, with a mean annual temperature of 14 °C–26 °C and annual precipitation of 250 mm–1500 mm (Dan
et al., 2007). Planting winter wheat is the major farming activity across
the Australian rainfed cropland (Hochman et al., 2017). The average
growing season of winter wheat in Australia extends from late May to
November (Bowden et al., 2008). September is the average crop
heading time. Thus, a distinct seasonality of vegetation growth can be
observed from space. Fig. 1(-left) shows the ten-year average EVI for
September (2007–2016) across Australia with 0.05° spatial resolution.
We observed that the September EVI values in the rainfed croplands
were greater than those in the rest of the Australian ecosystems. In
addition, the average cropland EVI in September was greater than the
cropland EVI in other months. The peak EVI month divides the growing
season observed from space into the vegetative growth stage and the
reproductive growth stage (Broich et al., 2015; Shen et al., 2018).
To distinguish rainfed cropland from irrigated cropland, we obtained the Dynamic Land Cover Dataset (DLCD version 2) for Australia
from Geoscience Australia (http://www.ga.gov.au/). This dataset is
produced based on 16-day MODIS EVI composite at a 250-meter resolution during 2002–2010 (Lymburner et al., 2010). It has a high
degree of consistency (93%) with extensive independent ﬁeld-based
investigations. To select eﬀective rainfed cropland pixels at 0.5° × 0.5°
resolution, we aggregated the 250-m resolution land use classiﬁcation
map using the majority resampling method. The purpose of resampling
the ﬁne resolution map to a coarse one (see red boxes in Fig. 1(-left))
was to facilitate comparison with the satellite-SIF dataset. The majority
land cover type (> 70%) within each larger (0.5° × 0.5°) pixel was
designated as the land cover type for that pixel. Based on the aggregated map, 111 pixels (red boxes) were identiﬁed and classiﬁed as
rainfed cropping across the study area.

2.2.3. Remote sensing-based GPP retrievals
The global vegetation GPP (non-forest) dataset for Australia was
collected from Australian National Computational Infrastructure data
collection (http://nci.org.au/) and provided by the Australian Water
and Landscape Dynamics group at Australian National University
(OzWALD, http://www.wenfo.org/wald/). This dataset, derived from
MODIS remote sensing, has only two ﬁtting parameters: radiation and
canopy conductance limitations on GPP (Yebra et al., 2015). These GPP
estimates have shown stronger or similar correlations to local GPP estimates from ﬂux towers than current alternative GPP products. Details
can be found in Yebra et al. (2015). We obtained the monthly cumulative GPP (in g C/m2/s) (2007–16) at a spatial resolution of 0.05°
(accessible via http://www.wenfo.org/wald/data-software/).
2.2.4. GPP observations from eddy-covariance ﬂux tower sites
There are currently three eddy-covariance (EC) ﬂux tower sites located in the Australian rainfed croplands, as shown in Fig. 1(-left) and
Table 1. We collected carbon ﬂux data from the OzFlux network
(http://www.ozﬂux.org.au/) (Beringer et al., 2017).
The original carbon ﬂuxes and other meteorological measurements
were processed by means of the Dynamic IN-tegrated Gap-ﬁlling and
partitioning for OzFlux (DINGO v13) program to align with half-hourly
time series GPP data (Beringer et al., 2017). Monthly ﬂux tower-measured GPP data were aggregated based on the half-hourly GPP data
during the daytime and during the morning window of
09:00–11:00 am, separately. Here, daytime was deﬁned as those halfhours that display active carbon uptake during a given day. Moreover,
the reason for selecting a morning window from 09:00 to 11:00 am is to
preserve the consistency of observation times from diﬀerent sources of
satellite data while ensuring that the instantaneous ﬂux GPP data
during that window can estimate daily GPP (Smith et al., 2018).

2.2. Data collection and pre-processing
2.3. Experiment design
2.2.1. Satellite SIF retrievals
The global satellite-SIF retrievals were obtained from the Global
Ozone Monitoring Experiment-2 (GOME-2) sensors on board the platform of Meteorological Operational Satellite-A (MetOp-A) during
2007–2016 (version 26) (Joiner et al., 2013). The GOME-2 SIF product
was processed as a 0.5° × 0.5° spatial resolution monthly dataset with
estimated errors of 0.1–0.4 mW m−2 nm−1 sr−1 (Joiner et al., 2013).
GOME-2 sensors currently provide the longest continuous SIF retrieval
record, active since 2007. The overpass time of the MetOp-A platform is
at around 9:30 am local time, which is close to the window of peak
daily photosynthesis across Australian croplands (Guan et al., 2016).
The cosine of the solar zenith angle was used as a proxy for the seasonal
cycle of PAR (Joiner et al., 2014), and the level 3 global gridded
monthly data (0.5° × 0.5°) with PAR normalization process (Joiner
et al., 2013) were used.

2.3.1. Obtaining LUE from SIF and EVI
Current work (Guan et al., 2016; Guanter et al., 2014; Joiner et al.,
2014) deﬁnes SIF and GPP as follows:

SIF (λ ) = PAR × fPAR × LUEF (λ ) × fesc (λ )

(1)

GPP = PAR × fPAR × LUEP

(2)

where λ is the excitation wavelength (~740 nm in the GOME-2 retrievals). PAR is the downwelling ﬂux of photosynthetic-active radiation (400–700 nm) at the top of the canopy, while the term fPAR refers
to the fraction of absorbed PAR. LUEF is the light-use eﬃciency for SIF,
which is the eﬃciency of ﬂuorescence photons re-emitted from APAR.
fesc (λ ) is the fraction of ﬂuorescence photons escaping from the canopy
surface. LUEP is light-use eﬃciency for photosynthesis.
Due to the empirical signiﬁcant linear relationship between GPP
3
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resolution; otherwise, it remains limited to the ﬁner resolution.
(2) to calculate the LUE across Australian rainfed croplands based on
Eq. (5), we have utilized the GOME-2 SIF products and the MODIS
EVI products as the main inputs. The analyses were based on 0.5°
spatial resolution at the monthly step. In determining the value of a
in Eq. (5), we have incorporated the OzWALD-GPP datasets to ensure the resolution consistency. As such, the unit of a is calculated
as the ratio of the units in OzWALD-GPP data to GOME-2 SIF data.
(3) based on the derived remote sensing-based LUE, we analyzed the
spatial pattern and the inter-seasonal variation of LUE and its related measurements. The spatial grouping method can be found in
Section 2.3.2.
(4) to identify the optimum LST range for LUE during each month of
the growing season, we analyzed the intra-seasonal dynamics of
LUE based on LST percentage (10%) quantiles. Please refer to
Section 2.3.3 of the experiment design.

and SIF was observed in many large-scale studies, especially in the late
morning when many space-borne observations are made (Lu et al.,
2018; Miao et al., 2018; Smith et al., 2018; Zhang et al., 2016, 2018).
LUEF is approximately proportional to the overall LUEP of photosynthesis.

LUEP = LUEF (λ ) × fesc (λ ) × a

GPP ⎞
⎛a =
SIF ⎠
⎝

(3)

In current reﬂectance-based GPP estimation models, the EVI is an
eﬀective measurement for canopy chlorophyll content. The fPAR within
the photosynthetically-active period is estimated as a linear function of
EVI with a coeﬃcient of 1.0 (Lobell et al., 2002; Xiao et al., 2004, 2005;
Yan et al., 2009; Garbulsky et al., 2008). Thus:

fPAR (EVI ) = EVI

(4)

Because the reﬂectance signature of green leaves shows minimal
absorbance in the near-infrared wavelengths (Gitelson and Merzlyak,
1996), and crops in growing season have a relatively simple plant
structure and high leaf area index (Guan et al., 2016; Guanter et al.,
2014), we assume that fesc (λ ) ≈ 1. Therefore, we may expect the LUEP
to be estimated as:

LUEP =

SIF (λ )PAR
×a
EVI

2.3.5. Statistical methodology
LST is a measurement of the temperature equivalent perceived by
vegetation, and is commonly used in plant physiological studies
(Sandholt et al., 2002). Increases in LST reﬂect the decreased partitioning of radiation to latent heat ﬂux compared to sensible heat ﬂux (Li
et al., 2013; Shen et al., 2018). Thus, LST was used as an integrator of
crop water and heat stress, and as the major limiting factor of cropland
photosynthesis activity in this study.
We ﬁrstly averaged the values of testing pixels in LUE, SIF, EVI, and
LST in each of the spatial-temporal LST groups. Time-series analysis
was then applied to identify the seasonality of the averaged measurements from a ten-year span of monthly mean. Thereafter, we adopted
the one-way analysis of variance (ANOVA) method (Welch, 1951) to
determine whether there were any statistically signiﬁcant diﬀerences
among the means of the values in LUE and its related measurements
with diﬀerent spatial-temporal LST ranges. If the one-way ANOVA test
yielded a signiﬁcant result, Tukey's honestly signiﬁcant diﬀerence
(HSD) post hoc test (Tukey, 1949) was applied to examine all pairwise
comparisons between the means of the measurements across every
spatial-temporal LST level, identifying all diﬀerences between any two
means of the measurements that were larger than the expected standard
error.
In this study, data processing and statistical analysis were performed in the R computation environment (http://cran.r-project.org)
(RCoreTeam, 2013). Partial visualization were generated using the
Microsoft Excel package.

(5)

where SIF (λ )PAR is the ratio of satellite SIF to PAR, while a is the
constant ratio of GPP to SIF.
2.3.2. Spatial grouping based on geographical latitude
Rainfall, air temperature and solar radiation are direct deﬁning and
limiting factors of rainfed crop growth (Yu et al., 2001). LST measures
the crop canopy temperature and represents an integral of crop stress
from these meteorological variables (Shen et al., 2018). To test how
LUE and its related measurements respond to LST change, we must take
into account the spatial and seasonal variations in LST that arise not
only from predictable seasonal changes in sunlight incident angle but
also from variations in water and heat distribution across the land
surface. As a result, we equally divided the range of latitudes encompassing the selected rainfed cropland pixels into ﬁve LST zones for each
of the two major Australian cropland belts (Fig. 1(-right)). The eastern
belt includes croplands in NSW and VIC, while the western belt includes
WA croplands only. The ﬁve LST regions were then designated as follows: (1) Southern, (2) Southern-Middle, (3) Middle, (4) NorthernMiddle, and (5) Northern, corresponding to regions from lower to
higher mean annual temperature.

3. Results and discussion

2.3.3. Intra-seasonal grouping based on LST percentage quantiles
As shown in Fig. 1, there were 111 0.5° × 0.5° pixels across the
Australian rainfed croplands covering a range of LST values in a given
month. At each pixel, ten LST values were recorded in the given month
from 2007 to 2016. Consequently, there were a range of LST levels
during each month (111 × 10), which reﬂect the spatial and intraseasonal variations in water and heat conditions that can aﬀect LUE. To
examine these eﬀect of LST variations on LUE, we divided the 1110
spatial-temporal LSTs in each month into 10 groups by percentage
quantiles for the corresponding month.

3.1. The justiﬁcation of datasets in multiple resolution and the calibration of
the linear relationship of SIF to GPP
The results of the linear regressions between daytime ﬂux towermeasured GPP with MODIS EVI at 0.05°, 0.1° and 0.5° spatial resolutions (Fig. 2a–c respectively) reveal that there were slight diﬀerences
among their regression coeﬃcients. The ﬁner the spatial resolution in
EVI, the smaller the slope coeﬃcient, and the larger the R2 value. When
the EVI resolution was changed from 0.05° to 0.5° (i.e., 100 times
coarser), the R2 dropped from 0.86 to 0.80, and the slope value increased by 4.7%. However, all regressions are statistically signiﬁcant
(p < 0.01). The variances in ﬂux GPP or EVI at 0.5° resolution can
linearly explain 80% of each other. Thus, the direct comparison of ﬂux
GPP with the much coarser resolution of remotely sensed retrievals at
0.5° spatial resolution produced acceptable regressions at the eddy ﬂux
sites. In addition, Australian rainfed croplands are mostly characterized
by broadacre planting (Hochman et al., 2017, 2012). Therefore, we
assumed that the landscape in our study area is generally homogenous
within several square kilometers.
Meanwhile, we compared the ﬁt of linear regressions between

2.3.4. Data incorporation
Data incorporation in this study includes four stages as follows:
(1) to justify the experimental design and the utilization of datasets in
diﬀerent resolution, we aggregated the original MODIS EVI to
0.05°, 0.1° and 0.5° resolutions and related them to EC site observations (GPP). If no great change in the regression determination
coeﬃcient (R2) was observed, and p-values remain signiﬁcant
(p < 0.01) upon switching the MODIS EVI from a ﬁne to a coarser
resolution, the footprint of a ﬂux tower may reach the coarser
4
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Fig. 2. Flux tower footprint calibrations. Morning Flux_GPP is the monthly GPP averaged from half-hourly GPP data from 9:00 to 11:00 am. Daytime Flux_GPP is
averaged during the daytime. SIFPAR is PAR-normalized SIF.

Fig. 3. The seasonal dynamics (left), and the relationship between monthly remote sensing-based gross primary production (GPP) and solar-induced chlorophyll
ﬂuorescence (SIF) (right), across the Australian rainfed cropland during 2007–2016.

satellite SIFPAR and morning average (09:00–11:00 am) ﬂux GPP and
daytime average ﬂux GPP (Fig. 2d, e respectively). The determination
coeﬃcients, R2, were the same (0.74) and statistically signiﬁcant
(p < 0.01) for both regressions. These results indicate that the GOME2 SIF observations, with an overpass time of around 9:30 am local time,
linearly correlate with cropland GPP.
Admittedly, the existence of a linear relationship between GPP and
SIF is a debatable issue in current research. The APAR can be theoretically divided into three distinct fractions: the energy required to ﬁx
carbon, to generate ﬂuorescence, and to dissipate nonradiative heat
(Verma et al., 2017). These three pathways may compete with each
other (Meroni et al., 2009), especially at the instantaneous scale and
leaf level. However, many recent empirical studies indicate that the
linear relation of SIF to GPP is more robust at coarse spatial and temporal resolutions (such as ecosystem and regional scales) (Smith et al.,
2018; Zhang et al., 2016; Lu et al., 2018; Miao et al., 2018; Zhang et al.,
2018) than is suggested by theory based at leaf-level processes (Verma
et al., 2017). At the same time, SIF captures the dynamics of seasonal
and inter-annual GPP better than other remote sensing observations,
especially for dryland ecosystems (Smith et al., 2018). Whereas, Li et al.

(2018) have revealed a nearly universal GPP-SIF relationship encompassing a variety of biomes globally. In this study, we provided additional empirical evidence in the Australian context (Fig. 2d, e) contributing to the public debate on GPP-SIF relationship. Fig. 3 shows the
calibration of the value of a , the constant ratio of GPP to SIF, by incorporating the remote sensing-based OzWALD-GPP dataset for the 111
Australian rainfed cropland pixels. The independent SIF signal has
shown high consistency with the GPP estimation in terms of seasonal
dynamics during 2007–2016 (Fig. 3-left). Thus, a can be calculated from
the empirical linear model between GPP estimation and SIF as 1.6
(p < 0.01) (Fig. 3-right). Further testing of other SIF and GPP datasets
with ﬁner spatial-temporal resolutions will be expected to improve the
accuracy of this calibration.
3.2. Spatial pattern of LUE and its related measurements based on
geographical latitude range
The seasonality in monthly canopy greenness (EVI) (Fig. 4c, d) indicate that there was one major crop growing season, from June to
November, across both of the Australian rainfed cropland belts. The
5
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Fig. 4. Spatial patterns in ten-year mean seasonality of LST, EVI, SIFPAR and LUE. The two columns of panels are for the western (left) and eastern (right) belts of
Australian rainfed croplands. The rows of panels present LST (a, b), EVI (c, d), SIFPAR (e, f), and LUE (g, h). SIFPAR is PAR-normalized SIF.

These results were typical in the eastern belt, as well as in the middle,
southern-middle, and southern zones in the western belt. This negative
relationship between LST and EVI indicates that the winter crops grow
better and the cropland canopy is greener in the relatively cooler
(southern) regions of Australian croplands. This also indicate that the
growth of Australian winter crops is sensitive to the increase of LST.
In addition, the results show that there was also one major cycle of
increase, peak and decrease in the rates of photosynthesis signal SIF
(Fig. 4e, f). The seasonality of PAR-normalized SIF was constant with
EVI in terms of start and end months; however, the peak month for SIF
was August in the northern and northern-middle zones of the eastern
cropland belt, as well as in all zones of the western belt. Geographically,
the amplitude of the SIF seasonality curve was highest in the cooler

start and end months of each growing season were consistent among the
ﬁve LST zones, which are May and November in the western belt
(Fig. 4c) and June and November in the eastern belt (Fig. 4d). These
ﬁndings suggest that the months of sowing and harvesting winter crops
were consistent from south to north across the Australian broadacre
rainfed cropland. The EVI values peaked in September across all zones
in the eastern belt (NSW and VIC) and the Southern zone in the western
belt (WA). Peaks in EVI were observed in August across all other zones
in the western belt.
As shown in Fig. 4a and b, the LST curves exhibited a spatial gradient across both of the cropland belts (Fig. 4a, b). The average LST
level gradually reduced from north to south. Correspondingly, the
cooler the region, the higher the amplitude of EVI curves (Fig. 4c, d).
6
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winter crop’s life span.

Table 2
Statistical summary of satellite-based LST, EVI, SIF and LUE across all sites
during the growing season.

June
July
Aug
Sep
Oct
Nov

LST (°C)

SIFPAR (mW−2 nm−1 sr−1)

EVI

Mean

SE

Mean

SE

Mean

SE

Mean

SE

14.4
13.5
16.5
21.9
30.5
36.9

0.08
0.08
0.10
0.14
0.15
0.14

0.74
1.11
1.54
1.45
0.92
0.43

0.01
0.02
0.02
0.02
0.02
0.01

0.22
0.29
0.37
0.37
0.28
0.18

0.002
0.002
0.003
0.003
0.003
0.002

5.23
5.95
6.70
6.22
5.04
3.70

0.05
0.05
0.04
0.04
0.04
0.04

3.3. Inter-seasonal dynamics of LUE and its related measurements

LUE (g dry
matter MJ−1)

The cropland vegetation greenness change and the photosynthetic
active seasonality are theoretically determined by the meteorological
cycle. Each of the months throughout the growing season has a certain
level of LST; the EVI, SIF and LUE values are thus expected to be at
corresponding levels. Table 2 and Fig. 5 present the ten-year average
status for each of the satellite-based vegetation measurements from
June to November (the average growing season).
Across all years (2007–2016), the largest EVI value occurred in
September, while SIF and LUE reached their largest values in August.
July was the coldest month across all sites, with the lowest LST; however, this did not coincide with the smallest greenness index (EVI) or
the least photosynthetic activity (SIF and LUE). The smallest EVI, SIF
and LUE occurred in November, the hottest month during the major
growing season across Australian rainfed croplands. This indicates that
Australian rainfed crops tend to exhibit a higher rate of photosynthesis
activity in a lower LST range, especially in the crop reproductive
growth stage (the stage after the peak EVI month during growing
season).
Through pairwise comparisons of each of the mean satellite-based
measurements among the growing season months (Table 3), we observed that average EVIs during August and September were not statistically diﬀerent (p > 0.1) across the areas studied. By contrast, SIF
values varied signiﬁcantly throughout the months of the growing
season (p < 0.05). This implies that the cropland photosynthetic activity is variable despite the vegetation greenness remaining constant.
We also observed that LUE showed a distinct value in August compared
to other months of the growing season (p < 0.01). In this case, LUE
values in June and in October did not diﬀer signiﬁcantly (p > 0.1).
The diﬀerence in mean LUE values between July and September was of
marginal signiﬁcance (0.1 > p > 0.05). Thus, the inter-seasonal dynamics of LUE are non-symmetrical across Australian rainfed croplands.
Fig. 5 also presents the hysteresis nature of the observations in LUE, EVI
and SIF response to LST.

*SE is one standard error.

Fig. 5. Seasonal dynamics of average monthly LST, SIF, EVI, and LUE across
Australian rainfed cropland belts.

southern zone and lowest in the warmer northern zone in both cropland
belts. These results indicate a constant spatial pattern of the satellitebased observations in EVI and SIF.
By contrast, there was more inter-monthly variation in LUE than in
EVI or SIF (Fig. 4). Satellite-based LUE ranged between 3.4 and 7.0 and
2.1–7.8 g dry matter MJ−1 in the eastern and western belts respectively
(Fig. 4g, h). August was generally the peak month for LUE across the
entire study area, with the exception that the cooler southern LST zone
of the eastern belt displayed peaks during September. During the
growing season, average LUE values in the middle LST zone were
greatest in the eastern belt, while largest in the northern-middle LST
zone in the western belt. This indicates a spatial non-linear relationship
between LUE and LST. In terms of seasonality, the rate of decline in LUE
after August was greater than the rate of LUE increases before August,
implying a seasonal asymmetry in LUE in response to surface temperature change across Australian rainfed croplands throughout the

3.4. Intra-seasonal dynamics of LUE based on LST percentage quantiles
Fig. 6a visualizes the LST ranges and means for each spatial-temporal percentage (10%) quantile for LST within each month of the
growing season. The range of LST in each month overlapped with the
ranges in the months before and after. All levels of mean LST within
each month were signiﬁcantly diﬀerent from each other (all pairwise
p < 0.05). The standard deviations (Sd) in the ﬁrst and last 10%
quantiles for LST, were greater than those of other percentage quantiles
in each month from June to November (Fig. 6a). These results indicate
that every month during the growing season featured pixels with

Table 3
Pairwise comparison among the growing season months for LUE and its related measurments.
p value

June

July
Aug
Sep
Oct
Nov

LST (°C)
< 0.01
< 0.01
< 0.01
< 0.01
< 0.01

July
Aug
Sep
Oct
Nov

EVI
< 0.01
< 0.01
< 0.01
< 0.01
< 0.01

July

< 0.01
< 0.01
< 0.01
< 0.01

< 0.01
< 0.01
< 0.01
< 0.01

Aug

< 0.01
< 0.01
< 0.01

1.00
< 0.01
< 0.01

Sep

< 0.01
< 0.01

< 0.01
< 0.01

Oct

Aug

Sep

Oct

< 0.01

SIFPAR (mW
< 0.01
< 0.01
< 0.01
< 0.01
< 0.01

< 0.01
< 0.01
< 0.01
< 0.01

< 0.01
< 0.01
< 0.01

< 0.01
< 0.01

< 0.01

< 0.01

LUE (g dry matter MJ−1)
< 0.01
< 0.01
< 0.01
< 0.01
0.09
0.83
< 0.01
< 0.01
< 0.01

< 0.01
< 0.01
< 0.01

< 0.01
< 0.01

< 0.01

7

June

July
−2

−1

nm

sr

−1

)
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Fig. 6. Re-grouped spatial-temporal LST levels from June to November by one-way ANOVA and post hoc test. (a) Spatial-temporal percentage quantile LST levels for
each month from June to November. (b) One-way ANOVA and post hoc test of the mean LUE for corresponding spatial-temporal percentage quantile LST levels. All
pairwise comparison tests of mean temperature among LST levels in each month have a statistically signiﬁcant p value of < 0.05.

in the reproductive growth stage, the pixels in the uppermost 10%
quantile in LST exhibit extreme higher LST level than the particular
average water and heat pattern. These lead to stresses on photosynthetic eﬃciency throughout all the months in the reproductive
stage.
The non-linear relationship between LUE and LST was also observed
in the re-grouped temporal-spatial LST categories (Fig. 6b). During June
and July (the vegetative growth stage), all 10% quantile of LST were
categorized into one group with the lowest average LST value. By
contrast, there were signiﬁcant LUE decreases in the uppermost 10%
quantile of the LST groups in October, as well as in six of the 10% LST
quantiles in November (late reproductive growth stage) (Fig. 6b). These
observations indicate that LUE increased more slowly (was less sensitive) as LST increased from the minimum to the optimum range
(16.6–17.6 °C during August), then declined more rapidly (was more
sensitive) as LST increased from the optimal to the higher LST ranges,
particularly during October and November. These results imply the
non-symmetrical relationship of LUE response to LST. The suitable LST
ranges for cropland photosynthesis activities vary at diﬀerent crop
growth stages. Thus, assigning a single threshold for LST in the
20–30 °C range, as has been applied in the formulations of some current
remote sensing-based GPP models, could result in bias if inter- and
intra-seasonal variations in optimum LST are not considered.
The optimum LST range occurred in August, which is also one of the
peak EVI month in Australian rainfed cropland (Fig. 5). Whereas, there
were three spatial-temporal LST categories (i.e. normal, optimum, and
slight hot) were identiﬁed in August. We therefore examined the spatial-temporal distributions of pixels in each of the three LST categories.
Pixels in the three LST ranges were distributed in diﬀerent geographical regions across Australian rainfed croplands (Fig. 7). Most of
the pixels in the optimum LST category with the highest LUE level in
August were gathered in the geographical south-middle zones across
both of the eastern and western belts. Pixels in the slightly hot LST
range were distributed in the upper northern part of the eastern belt, as
well as the western belt in some hydrologically dry years (2007, 2009,
2012, 2013 and 2014) (Cleverly et al., 2016; Dijk et al., 2013). Meanwhile, the pixels in the normal LST range were distributed in a scatter
formation from the northern-middle zone to the southern zones across

extremely high values in LST.
By comparing the mean values for LUE across diﬀerent groups of
LST data using one-way ANOVA and post-hoc testing, we then regrouped the spatial-temporal LST into six ranges, as shown in the
horizontal colored bars in Fig. 6a. Thereafter, we attributed each of the
six statistical LST ranges to the following groups based on their LST
means: slight cold, normal, optimum, slight hot, medium hot, and extreme hot (Fig. 6a). Mean LUE signiﬁcantly (p < 0.1) peaked at the
optimum LST range of 16.6–17.6 °C in the seventh 10% quantile of LST
in August (Fig. 6b). An LST value lower or higher than this range in
August resulted in lower LUE values. Admittedly, each of the key
phenological stages of the crops has its optimal LST range for crop
growth. The site-based study of Porter and Gawith (1999) demonstrated
that the optimum air temperatures for winter wheat are 10.6 °C
(terminal spikelet), 21.0 °C (anthesis), and 20.7 °C (grain-ﬁlling).
Wardlaw and Moncur (1995) also concluded that the optimum air
temperature range for wheat during the vegetative stage is 9–16 °C.
These results are constant with our satellite-based ﬁndings. As shown in
Fig. 6a, there was no signiﬁcant LUE increase or decrease in any of the
10% quantiles of LST groups during the vegetative growth stage (primarily in June and July). This suggests that the LST range in
8.4–16.6 °C (the ﬁrst 10% quantile of LST in June–the sixth 10%
quantile of LST in August) is suitable for the vegetative growth of
Australian winter wheat. Moreover, during the reproductive growth
stage (primarily in September to November), the pixels with LST values
that were in the ﬁrst 10% quantile of LST group during October had the
highest LUE values; the LST level was 21.6 °C. Australian winter wheat
growth in October observed from space, was found to roughly correspond to the site-based crop grain-ﬁlling stage. The site-based results
from Wardlaw and Moncur (1995) and Porter and Gawith (1999) have
further supported our ﬁndings. This consistency has revealed the potential to remotely monitor large-scale LUE by introducing the measurements of SIF and EVI.
It is noteworthy that the mean LUE values were signiﬁcantly reduced (p < 0.05) when LST was in the highest 10% quantile during all
months of the reproductive stage (Fig. 6b). Every month has its particular water and heat patterns, corresponding to the particular stages of
crop growth over a speciﬁc crop’s life span. During each of the months
8
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Fig. 7. Spatial-temporal distributions of pixels within the re-grouped LST levels during August across all ten years.

based estimates in this study. The measurements of SIF and EVI provide
direct estimate of vegetation photosynthetic activity and greenness,
respectively. The link between SIF and crop photosynthesis was found
to be instantaneous, but the satellite SIF signal often contains additional
information pertaining to canopy structure and total canopy chlorophyll content (Yang et al., 2017). The advance arised in our methodology is to eﬀectively remove the relative constant greenness level
(EVI as fPAR) so as to estimate the spatial-temporal photosynthetic
activity entirely from remotely sensed variables.
This study further demonstrated the spatial pattern and seasonal
dynamics of LUE and its related measurements both throughout the
cropland growing season and within each month over a range of temporal-spatial LST percentage quantiles. Spatially, the gradients in the
seasonality of EVI and SIF were observed opposite to the LST gradients
from the northern to southern regions of the two cropland belts in
Australia. In contrast, the amplitude of the LUE curves were largest in
the middle zone in the eastern belt and southern-middle zone in the
western belt, instead of in the northern (warmest) or southern (coolest)
zones (Fig. 4). Intra-seasonally, LUE peaked at the seventh 10%

the whole study area. Temporally, the year 2011 showed the most
pixels (19) with the optimum LST range in August, while the years 2008
and 2015 had the smallest number of pixels with the optimal LST range
(6 and 3 pixels respectively). According to the Australian Bureau of
Meteorology (http://www.bom.gov.au/climate/change/), year 2011
was recorded as has the most suﬃcient rainfall (707.7 mm/yr) in
Australia during 2007–2016. While year 2008 and 2015 have the least
amount of annual rainfall (446.3 and 478.7 mm/yr) as recorded. These
indicated that, the amount of annual rainfall is one of the key environmental limiting factors to crop LUE across Australian rainfed
croplands.

4. Conclusions
We examined the spatial pattern and the inter- and intra-seasonal
dynamics of Australian rainfed cropland photosynthesis activity entirely by means of satellite-based measurements. LUE was calculated as
the ratio of SIFPAR to EVI, followed by multiplication by a constant
coeﬃcient. The coeﬃcient was calibrated by a set of remote sensing9
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quantile of LST range of 16.6–17.6 °C in August (Fig. 6). The present
results also reveal the nonsymmetric responses of LUE to surface temperatures spatially, seasonally and during certain months.
Overall, our study approximated LUE entirely through remotely
sensed variables. By using LST, a proxy of the integrated environmental
stress, we related the cropland photosynthesis activity to the spatial and
seasonal variation in optimum LST, the ﬁndings are important for crop
management and crop yield modeling in rainfed cropping systems. As
such, this study has implications for the large-scale detection and
monitoring of cropland water and heat stress under a future warmer
and drier climate.
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