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Global warming has increased the chance of concurrent extreme climate events (weather or climate events that are rare within
their statistical reference distributions in a particular place, such as heat waves, floods, and droughts). Crops grow best within
specific temperature intervals, and excessive heat is detrimental to the physiological processes of crops and eventually affects yield
levels. Analysing historical changes in concurrent extreme high temperatures is critical to preparing for and mitigating the
negative effects of climatic change. )e North China Plain (NCP) is the most important wheat production area in China. In this
study, the spatiotemporal variations in temperature and heat wave trends in the NCP were analysed. Furthermore, we examined
the potential of solar-induced chlorophyll fluorescence (SIF) to capture the influence of heat wave impacts on wheat crops in the
NCP by comparing satellite remote sensing data of SIF and normalized difference vegetation index (NDVI) and validated ground-
based yield data. )e results indicate that temperatures and the number of heat wave days in the study region all show increasing
trends, especially daily minimum temperature, which has increased by 0.38°C per decade for the past 30 years. Spatially, the
southern NCP has suffered greater increasing-temperature trends and more heat wave days than the northern region. Regarding
the response of SIF and NDVI to heat waves, SIF can better capture wheat yield decline due to heat waves compared to NDVI;
thus, the SIF result indicated more sensitivity to heat waves compared to NDVI.

1. Introduction

With global warming of more than ∼1°C, climate change has
increased potential risks in different ecosystems and has a
strong influence on terrestrial ecosystems [1, 2]. Global
warming and the risk of extremely high temperatures have
also substantially increased the chance of concurrent ex-
treme climate events such as droughts and heat waves [3].
Crops grow best within specific temperature intervals;

excessive heat is detrimental to the physiological processes of
crops and eventually affects yield levels [4, 5].

Existing projections reveal that it will require a doubling
of current food production for the future population and
economic growth [6]. Currently, the most important chal-
lenge for agriculture is the need to feed increasing numbers of
people in the coming decades, while variations in climatic
variables such as temperature and precipitation could sig-
nificantly influence agricultural practices and crop yields
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[7, 8]. Analysing historical changes of concurrent extreme
high temperatures is critical to preparing for and mitigating
the negative effects of climatic change [9]. )erefore, the
response of crops to heat stress has receivedmuch attention in
the past 20 years [10–13].

Wheat is one of the most-planted crops worldwide, and
the harvested area of wheat in the North China Plain (NCP)
ranks first among that of all crops [14]. China produced 17%
of the world’s wheat and contained 11% of the world’s wheat
planting area in 2015, and the NCP is the most important
wheat production region in China [15, 16]. In wheat pro-
duction, high temperatures can decrease the rate of grain
filling, reduce the number of grains per ear, or reduce the
subsequent rate of increase in harvest index, resulting in
smaller grain yields [17–19].

Withmerits of long continuous time series and large area
coverage, the satellite-derived Normalized Difference Veg-
etation Index (NDVI) is mostly utilized to reveal vegetation
dynamics and the influence of extreme climatic events on
plants [20–23]. However, previous studies have found that
there are lag responses when the satellite-derived NDVI is
employed to study the relationship between plants growing
status and climatic variables such as temperature and pre-
cipitation [24, 25]. )e reason for the lag responses may be
that the NDVI can only reflect variations in vegetation
“greenness” and not a direct indicator of plant photosyn-
thesis [26]. Recently, the successful retrieval of solar-induced
chlorophyll fluorescence (SIF) from sensors has expanded
vegetation monitoring with a new type of data [27, 28].
When radiation is absorbed by plants, a small fraction of
absorbed radiation is reemitted as SIF at longer wavelengths
[29]. SIF is theoretically related to photosynthetic activity by
way of mechanisms of energy dissipation [30]. Currently,
global SIF products can be retrieved from platforms such as
the Global Ozone Monitoring Experiment-2 (GOME-2)
[28], Greenhouse gases Observing SATellite (GOSAT) [31],
Orbiting CarbonObservatory (OCO2) [32], Chinese Carbon
Dioxide Observation Satellite Mission (TanSat) [33], and
TROPOspheric Monitoring Instrument (TROPOMI) [34],
among which the GOME-2 SIF products enable the longest
time series with global coverage.

Studies on SIF from the leaf to canopy scale indicate that
SIF has a positive relationship with plant photosynthesis
[35, 36]. However, the response of satellite-derived SIF to
heat waves affecting wheat crops on large scales is not yet
well understood. Specifically, it is still unknown whether SIF
can better capture the response of wheat to heat waves. In
this study, the spatiotemporal variations in temperature and
heat waves and their trends in the NCP were analysed. We
further examined the potential of SIF to capture the influ-
ence of heat waves on wheat crops in the North China Plain
by comparing satellite remote sensing data of SIF and NDVI
and validated ground-based yield data.

2. Materials and Methods

2.1. Study Area. )e North China Plain (NCP) mainly in-
cludes Hebei, Shandong, Henan, Shanxi, Jiangsu, and Anhui
Provinces (Figure 1). 75% of the total land area is cropland,

and winter wheat and summer maize crops are planted in
rotation in the study region [37]. )e NCP has a temperate
continental monsoon climate and rich solar-thermal re-
sources. However, the precipitation in the NCP is relatively
low, and only approximately 17–25% of precipitation falls in
the winter wheat growing season [38]. )e lack of rainfall
affects the winter wheat yield, so irrigation is essential [39].

2.2. Climate Data, NDVI, SIF, and Yield Data. )e climate
data in this study include daily maximum air temperature
(Tmax), daily minimum air temperature (Tmin), daily mean
air temperature (Tair), and precipitation (Pre). )ese data,
which had a daily temporal resolution and a spatial reso-
lution of 0.5°, were collected from the Climatic Research
Unit (CRU) from 1982 to 2014. Annual Tair, Tmax, and Tmin
were calculated by averaging daily data over the whole wheat
growing season, and the annual Predata were obtained by
accumulating daily Predata.

)e latest Global Inventory Modelling and Mapping
Studies (GIMMS) NDVI values from the Advanced Very
High Resolution Radiometer (AVHRR) instrument were
employed in this study. To minimize the effects of clouds,
aerosol contamination, and solar zenith angles, the highest
NDVI values were employed to determine the 15-day
NDVIs. To maintain consistency with the temperature and
precipitation data, the spatial resolution of the NDVI data
was resampled from 8 km to 0.5°.

Satellite SIF data with a 0.5° spatial resolution from 2007
to 2014 were applied. )ese data were obtained from the
GOME-2 instrument onboard EUMETSAT’s polar orbiting
Meteorological Operational Satellites (MetOp-A and
MetOp-B). MetOp-A was launched in October 2006, and the
spectral range between 240 and 790 nm is covered by four
detector channels.)e spectral region from 720 to 758 nm of
the fourth channel (590–790 nm with spectral resolution of
0.5 nm and a signal-to-noise ratio up to 2000) onboard
MetOp-A was used to evaluate the SIF at 740 nm [28]. To
exclude the effects of heavy clouds, pixels with cloud cover
greater than 30% were removed from the SIF product, and
then the data was merged to monthly average values.

We downloaded data on ground statistical wheat crop
yield at the province level (including Hebei Province, Henan
Province, Shanxi Province, Shandong Province, Anhui
Province, and Jiangsu Province) from 2007 to 2014 from the
Natural Bureau of Statistics of China (http://data.stats.gov.
cn/).

2.3. Calculation ofWheatGrowing SeasonAverageValues and
Change Percent. To calculate the wheat growing season
average values of the parameters used in this study, the
phenology results of Xiao et al., 2013, [40] were employed
here. Xiao et al. obtained wheat phenological data from 36
agroexperimental stations in the North China Plain.
According to the investigated stations, the date of sowing
was delayed on average by 0.15 days, and the anthesis date
occurred an average of 0.25 days early from 1981 to 2009 in
the NCP. )e average start day of the year (DOY) of the
wheat season was 281, and the end DOY of the wheat season
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was 157 in the following year [40]. In this paper, we used
monthly average temperature, NDVI, and SIF data; thus,
changes in winter wheat phenology of less than 0.3 days had
little influence on the final results with a monthly temporal
resolution. )us, we calculated the average values of tem-
perature, NDVI, and SIF during the wheat growing season,
fromOctober of a given year toMay of the following year. As
shown by previous studies, high temperatures during other
periods, such as the postanthesis period, also have a sig-
nificant negative impact on wheat growth [41, 42]. )us, the
average temperature of the whole growing period was
employed in this study. We calculated the spatial mean of all
variables at the whole study region and the province levels.
)e spatial mean value at the province level was calculated
by using the Chinese vector map to obtain the extent of the
provinces of the NCP. )e anomalies were computed as
departures from the multiyear means from 1983 to 2014 for
all datasets. )e relative changes in NDVI were calculated as
the anomalies divided by their multiyear mean value, and the
equation is shown as follows:

ΔSIF
NDVI(t)

�
SIF/NDVIanomaly(t)

SIF/NDVI
, (1)

where ΔSIF/NDVI(t) denotes the relative change in the SIF
or NDVI compared with the multiyear mean SIF or NDVI
value SIF/NDVI at time t and SIF/NDVIanomaly(t) is the
anomaly of SIF or NDVI at time t.

2.4. Calculation of Heat Wave Index and Wheat Pixel
Extraction. )e standardized heat index (SHI) was pro-
posed by Raei et al. [43], who used the probability density
function (PDF) of long-term daily temperature records to
calculate heat waves. First, a temperature PDF was con-
structed for a window of 15 days centred around the day of
interest, and the empirical probability for each temperature
level was calculated using the Gringorten plotting position
(equation (2)). )en, the SHI was estimated using the
empirical probability of the three-day-averaged mean daily
temperature (equation (3)). Finally, if the value of SHI≥ 1, it
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Figure 1:)e location and land cover of the study area.)e 2014MODIS land cover map with IGBP land cover classification at 0.05-degree
spatial resolution is employed.
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was defined as a heat wave event, which was associated
with three-day-averaged daily temperatures exceeding the
∼84th percentile of the long-term temperature PDF. In this
paper, we employed the SHI to analyse heat wave events in
the NCP, and the input data were the daily mean
temperatures.

p Ti(  �
ri − 0.44
n + 0.12

, (2)

where Ti is the ith observed mean daily temperature in the
constructed PDF and ri is the rank of Ti from the smallest
value. )e SHI for the temperature level was then estimated
as follows:

SHI(T) � Φ− 1
(p(T)), (3)

where Φ is the standard normal distribution.
)e Spatial Production Allocation Model (SPAM) and

the Moderate Resolution Imaging Spectroradiometer
(MODIS) land cover product (MCD12C1) with the Inter-
national Geosphere-Biosphere Programme (IGBP) land
cover classification were used to extract wheat pixels in the
NCP. )e SPAM contains the harvested area and yield
products for 40 crops (including cereal crops, oil crops, and
other crops) globally and has been widely used to study the
spatiotemporal distribution of crops [44]. Using a classic
cross-entropy approach, the SPAM makes plausible allo-
cations of crop production in geopolitical units (country or
state) into individual pixels through judicious interpretation
of all accessible evidence such as production statistics,
farming systems, satellite images, crop biophysical suit-
ability, crop prices, local market access, and prior knowl-
edge. )e 5-by-5-minute resolution maps obtained with the
SPAM for major crops agreed well with validated ground-
based results [44–46]. )e MODIS land cover data includes
17 land cover types: 11 natural vegetation classes, 3 devel-
oped and mosaicked land types, and 3 nonvegetated land
types [47].

2.5.CalculationofLinearTrends. In this paper, the temporal
and spatial variations in temperature, precipitation, and
SHI from 1983 to 2014 were analysed by the nonparametric
)eil-Sen slope estimator. )e )eil-Sen estimator deter-
mines the slope by selecting the median slope of all lines
through pairs of two-dimensional sample points. Unlike
ordinary linear regression, the )eil-Sen approach can
offer analytical estimates of confidence intervals, robust-
ness to outliers, and testable assumptions regarding re-
siduals and requires limited a priori information regarding
measurement errors [48]. To determine the sensitivity of
SIF and NDVI to heat waves, the annual NDVI and SIF
change percentages were averaged by bins of the SHI
anomalies with an interval of 5 days, and then the)eil-Sen
slope was calculated. Due to the different periods of SIF
and other data, the period of SIF was from 2007 to 2014,
and we also calculated the sensitivity and )eil-Sen slopes
between SIF/NDVI and heat wave days using datasets from
2007 to 2014.

3. Results

3.1. Temporal Change Trends of Heat Waves. Figures 2(a),
2(b), and 2(c) show the annual variations in the wheat
growing season average Tair, Tmax, and Tmin from 1983 to
2014. Although there were fluctuations among the annual
temperature values, the overall changes in Tair, Tmax, and
Tmin were positive. Tair and Tmin showed significant in-
creases, with values of 0.28°C/10a and 0.38°C/10a, respec-
tively (10a means per 10 years; R2 � 0.23 and p< 0.01 for Tair;
R2 � 0.35 and p< 0.01 for Tmin). )e temperatures in 2002
and 2007 were the highest of the period from 1983 to 2014.
In 2002 and 2007, the values of Tair were 0.9°C and 1.31°C
higher than the multiyear average temperatures, the values
of Tmax were 0.9°C and 1.4°C higher, and the values of Tmin
were 1°C and 1.5°C higher, respectively.

With the same trends as the temperature values, the
number of heat wave days (SHI) in the study region also
increased significantly from 1983 to 2014 (Figure 2(d)).
During these 32 years, the number of heat wave days in-
creased by 10 days per decade.With themost heat wave days,
26% and 25% of the whole wheat growing season in 2002 and
2007 suffered from heat waves, respectively, which corre-
sponded with the increase in temperatures. However, the
annual precipitation variations in the study region were not
exactly the same as the variations in temperature and
number of heat wave days (Figure S1 in Supplementary
Materials). In 2002 and 2007, during which serious heat
waves occurred, the precipitation was higher than the av-
erage values.

3.2. Spatial Change Trends of HeatWaves. Figure 3 indicates
the spatial distributions of temperature and heat wave days
in the study region. From 1983 to 2014, 95.2% of the Tair
values in the NCP wheat planting areas showed increasing
trends at a rate of 0.32°C/10a, and 77% of the regions were
statistically significant at the level of 0.05 (Figures 3(a) and
3(b)). For Tmax (Figures 3(c) and 3(d)), approximately 81%
of the regions experienced increasing trends, the average
increasing rate was 0.21°C/10a, and the percentage of areas
with statistical significance at the 0.05 level was 54% lower
than that of Tair. Prominent increasing trends were observed
for Tmin, 100% of the total wheat planting areas showed
increasing trends, 84% of the regions had statistical sig-
nificant at the 0.05 level, and the average increasing rate was
the highest among all temperature variables with a rate of
0.41°C/10a (Figures 3(e) and 3(f )). As shown in Figures 3(g)
and 3(h), the study regions suffered an increasing number of
heat wave days per wheat growing season in almost all areas
during 1983–2014, with more than 88.4% of the areas
showing statistical significance at the 0.05 level.

Although average values of temperature and heat wave
days indicated increasing trends throughout the whole
study area, the trends of these variables were spatially
heterogeneous. In the southern study region (mainly in-
cluding Henan, southern Shandong, Anhui, and Jiangsu
Provinces), Tair, Tmax, and Tmin all experienced prominent
increasing trends with rates of 0.38°C/10a, 0.34°C/10a, and
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0.44°C/10a, respectively. )e northern part of the study
region, including Hebei and the northern part of Shan-
dong Province, was observed to have much smaller in-
creasing rates for Tair, Tmax, and Tmin. )e mean values of
the Tair trends, Tmax trends, and Tmin trends in the northern
part of the study region were 0.2°C/10a, −0.001°C/10a, and
0.34°C/10a, respectively. Similar to the distributions of
temperature trends, almost all wheat planting regions
suffered an increasing number of heat wave days during
1983–2014. In the southern part of the study region, the
increasing trend in the number of heat wave days was 10.7
days per decade. However, in the northern part of the
study region, the SHI tended to show a relatively slight
increasing trend at a rate of 7.5 days/10a in wetter regions
(with positive Pre trends, Figure S2 in Supplementary
Materials).

As indicated by the variations in the average values of
temperature and SHI trends over varying latitudes (Fig-
ure 4), the temperature trends show a near-normal distri-
bution along latitude. All the temperature variables and SHI

reached their maximum values at a latitude of 33°N (the
central parts of Jiangsu and Anhui Provinces and the
southern part of Henan Province). )e northern and
southern parts of the study region all showed smaller in-
creasing trends for Tair, Tmax, and Tmin. However, when the
SHI trends reached their maximum values at the latitude of
33°N, the number of heat wave days started to increase after
slightly decreasing. Furthermore, the decreasing rate for the
Pre of the southern part of the study region was −0.15mm/
10a, which was approximately 2 times greater than that of
the whole study region (Figure S2 in Supplementary
Materials).

3.3. Change Trends of SIF and NDVI. Figure 5 shows the
annual variations in the wheat growing season average
NDVI and SIF from 1983 to 2014 (SIF from 2008 to 2014) in
6 provinces. )e overall changes in the NDVI were signif-
icantly positive. In Henan and Anhui Provinces, the NDVI
showed the largest increasing trend, with values of 0.0266/
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10a and 0.0273/10a, respectively (Figures 5(c) and 5(d)).
Wheat coverage in Shanxi Province showed the smallest
increasing trend, and the NDVI increased by 0.00684/10a
from 1983 to 2014 (Figure 5(f)), which was 63% smaller than
the average increasing trend of 6 provinces (0.01874/10a)
and 75% smaller than the trend in Anhui Province.
Meanwhile, the increasing trend in the number of heat wave
days per wheat growing season in Shanxi Province tended to
be as large as that in Anhui Province (Figure 3(g)). During
2008–2014, SIF also showed increasing trends. Wheat
coverage in Henan Province showed the largest increasing
trend (0.26939/10a, Figure 5(c)). In Jiangsu Province, SIF
presented a larger increasing trend than that in Anhui
Province; however, in Anhui Province, the increasing trend
of NDVI was greater than the trend in Jiangsu Province
(Figures 5(d) and 5(e)).

3.4. Different Responses of SIF and NDVI to Heat Waves.
A greater number of heat wave days would significantly
decrease the SIF and NDVI (Figure 6). Although the SIF and
NDVI all decreased with the increase in the number of heat

wave days per wheat growing season, the response amplitude
varied among SIF and NDVI. As indicated by the linear fit
between SIF/NDVI change percent and SHI anomaly, when
the number of heat wave days increased 1 day per wheat
growing season annually, the SIF values of the NCP de-
creased by 4.4% (as indicated by the slope in Figure 6(b)),
which was almost 3 times larger than the decrease in NDVI
(−1.6% for the NDVI, as indicated by the slope in
Figure 6(a)).

To further compare the sensitivity of SIF and NDVI to
heat waves, the threshold values of heat wave days when the
SIF/NDVI changed from positive to negative were calculated
using the linear fit above. )e threshold value calculated for
NDVI was 1.7 days (±1.2 days), meaning that when the
wheat suffered a heat wave for nearly 2 days, the NDVI just
began to show a response to the heat waves.)e value for the
SIF was less than 1 day (0.8± 0.6 days), which indicated a
nearly immediate response when wheat suffered heat waves
(Figure 7).

To determine the reason for the different responses of
SIF/NDVI to heat waves, we compared the wheat growing
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season mean SIF/NDVI over the study area with the wheat
yield at the province scale (Figure 8). )e results revealed
that SIF had a stronger relationship with yield compared to
NDVI, which indicates that SIF can better explain the
variations in yield. )e determination coefficient for the
linear fit between SIF and yield was 0.5 (Figure 8(a)), while
the determination coefficient for NDVI was 0.42
(Figure 8(b)). In 2009, the NCP suffered serious heat waves,
which resulted in a wheat yield decrease of ∼5.7%
(Figure 8(c)). )e SIF in 2009 showed a significant decline
of 15% compared with the multiyear SIF values during
2008–2014, while the NDVI in 2009 showed nearly no
decrease (−0.87%). )us, SIF can better capture wheat yield
decline due to heat waves compared to NDVI and NDVI
overestimates the wheat yield when wheat suffers heat
waves.

Figure 9 indicates the spatial distributions of the 2009
percent change in wheat yield, SIF, and NDVI. In 2009, the
whole NCP region suffered yield decline due to heat waves
(Figure 9(a)). Furthermore, the SIF in 2009 decreased
compared with the values during 2008–2014, which can
better capture the wheat yield decline (Figure 9(b)).
Meanwhile the NDVI indicated no response to the yield
decline due to heat waves in 2009, except in Anhui Province
(Figure 9(c)).

4. Discussion

4.1. Spatiotemporal Variations in Heat Waves. For the past
30 years, the temperature of the whole NCP has increased by
0.28°C per decade, which is 0.12°C higher than the global
average warming trend [49], and the minimum temperature
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Figure 5: Linear trends of annual average NDVI (period: 1983–2014) and SIF (period: 2008–2014) in (a) Hebei, (b) Shandong, (c) Henan,
(d) Anhui, (e) Jiangsu, and (f) Shanxi Provinces (∗∗ indicates P< 0.01; ∗ indicates P< 0.05).
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specifically has increased by 0.38°C per decade. Tmin in the
NCP usually indicates the night-time temperature [50]. )e
increase in temperature may be due to the disappearance of
the 0°C isotherm and the rise in spring temperatures [51].
Many studies have demonstrated that an increase in min-
imum temperature will negatively affect crop growth and
final yield [52, 53]. )us, the increase in daily minimum
temperatures may pose a risk to wheat crop growth and the
final yield in the North China Plain. Furthermore, Nicholls
indicated that high night-time temperatures can further
exacerbate heat wave conditions, which is consistent with
the results in this study [54]. In 2002 and 2007, the NCP

suffered the most serious heat waves, and Tmin of the study
region was also the highest for the past 30 years. With in-
creasing temperature, the number of heat wave days in the
NCP indicates increasing trends.

In this work, the spatial distributions of temperature and
precipitation trends show that spatial heterogeneity is ob-
vious. )ere is an obvious increase in temperature (>0.4°C/
10a for Tair, >0.3°C/10a for Tmax, and >0.5°C/10a for Tmin)
and an obvious decrease in precipitation (<0mm/10a,
Figure S2 in Supplementary Materials) in the southern
North China Plain. However, in the north of the study
region, the temperature increase trends tend to be slight
(<0.3°C/10a for Tair, <0.1°C/10a for Tmax, and <0.4°C/10a for
Tmin), and precipitation shows increasing trends (>0mm/
10a). Due to the spatial heterogeneity of water resources and
the opportunity cost of agricultural labour forces between
the north and south of the North China Plain, there was an
increase in areas planted with winter wheat in the south [55].
As a result, in the south of the study region, there may be a
more serious risk to extreme climate events than in the
north. Previous studies indicated that there was an increase
in extremely hot days and drought events, especially in the
southern North China Plain, which is consistent with the
results in this work [55, 56].

4.2. Advantages of SIF to Reveal the Influence ofHeatWaves in
Wheat. SIF and NDVI show different responses to heat
waves in the NCP. When the heat wave days of the study
region increase by 10 days per decade, the SIF indicates a
larger decrease than that of the NDVI. Heat waves could
significantly decrease the wheat photosynthesis rate and
decrease the final yield [57–59]. Early detection of heat wave
impacts on wheat can help policymakers formulate adap-
tations to buffer the influence of heat waves on wheat yield
[60]. )e sensitivity analysis in this study demonstrates that
SIF can detect heat stress in wheat within 1 day and shows
higher sensitivity to heat waves than NDVI. )e results are
consistent with Song et al.’s study, which demonstrated that
SIF can detect heat stress in wheat crops approximately 16
days earlier than traditional vegetation indices [61].
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Figure 6: )e comparison between (a) NDVI change percent and (b) SIF change percent and the number of heat wave days anomaly per
decade (SHI anomaly) as compared with multiyear values during 2008–2014. )e NDVI and SIF change percentages were calculated by
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Figure 7: )e threshold of the number of days that indicated
NDVI/SIF change percent changed from a positive value to a
negative value, derived from NDVI and SIF during 2008–2014. )e
threshold days were calculated from the linear fit between the
averaged NDVI/SIF change percent and the bins of SHI heat wave
anomalies (as depicted in Figure 6). ∗∗ indicates that P< 0.01 (note
that the unit of the threshold in this figure is days per year, which
differs from the unit in the above figures (days per 10 years)).
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Ground-based experiments using chlorophyll fluores-
cence to study heat stress in crops indicate why SIF can
rapidly reflect the influence of heat stress. When photo-
synthetically active radiation is absorbed by leaves, some is
used to drive photochemical reactions, some other is lost
through nonphotochemical quenching, and another small

part is remitted as fluorescence [62]. )us, SIF not only
includes the signal of “greenness” but also contains infor-
mation about the biochemical, physiological, and metabolic
functions of crops [29]. Traditional vegetation indices such
as NDVI can only reflect the variations in crop “greenness”
[26]. Wang et al. indicated that vegetation indices usually lag
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Figure 8: Comparison of wheat yield and wheat growing season mean (a) SIF and (b) NDVI over the whole study region at the province
scale. (c) Percent of change in yield/SIF/NDVI compared with 2008–2014 multiyear values in the 2009 heat wave year.
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by half a month in response to changes in precipitation and
temperature [63].

Considering the large emissions of carbon dioxide and
the sharply increasing rate of emissions in China, even under
moderate mitigation scenarios, severe heat waves are pro-
jected in the North China Plain [64]. Early detection of heat
stress impacts on winter wheat crops in the NCP could limit
economic losses through timely management decisions
[65, 66].

4.3. Limitations of :is Study. Due to the coarse spatial
resolution of the current GOME-2 SIF product (0.5° × 0.5°),
the GIMMS NDVI product was resampled from its original
resolution (1/12° ×1/12°) to the same resolution as SIF.
However, as compared with the original NDVI product, the
NDVI with coarser spatial resolution shows less information
(Figure S3 in Supplementary Materials). )e annual varia-
tions in the wheat growing season average original NDVI
were similar to the variations in the resampled NDVI (Figure
S4 in Supplementary Materials). )e difference between the
resampled and original annual variations in all 6 provinces
was small (3%), especially in Henan Province, and the an-
nual variations in the original NDVI and resampled NDVI
were exactly the same (Figure S4(c) in Supplementary
Materials).

However, as satellite products with much higher spatial
and temporal resolution (such as the multispectral instru-
ment onboard the Sentinel-2 with a 10 m spatial resolution
and a 5-day temporal resolution from 2015 to the present
day) are accumulating, in the future, these datasets will be
available for long-term periods [67].)is is especially critical
in data-poor, developing countries and can lead to more
accurate field-level yield estimates in smallholder systems
compared to coarser-resolution products [68]. )us, the
availability of long-term satellite products at higher spatial
and temporal resolutions in the future may provide great
potential for studying the effects of global climate change on
cropping practices more accurately.

For the last 20 years, wheat planting areas have signif-
icantly changed. As indicated by Wang et al., the planting
areas of wheat in the NCP increased by 950 km2 from 2001 to
2011 [55]. In this study, the spatial resolution of NDVI and

SIF products was 0.5° × 0.5° (∼3025 km2), which was ap-
proximately 3 times larger than the change in wheat planting
areas. )us, the change in wheat planting areas in the NCP
may have a small influence on the results. Due to the limited
temporal resolution of the SPAM and MODIS land cover
products, the change in wheat planting areas was not
considered. As more land cover products with finer tem-
poral resolutions become available in the future, this issue
could be addressed. In addition to the variations in wheat
planting areas in the NCP, the changes in green-up date may
also have impacts on the study of climate change in winter
wheat.)us, in future studies, the impacts of crop phenology
variability will be included.

5. Conclusions

)e results of this study indicated that temperature and the
number of heat wave days have significantly increased in the
NCP for the past 30 years. Spatially, the southern part of the
study area suffered more heat wave days increasing trends per
wheat growing season than those in the northern part. Along
with higher temperature increasing trends and precipitation
decreasing trends in the south of the NCP, there may be a
serious risk of more extreme climate events, and wheat in the
south of the NCPmay be exposed to more serious heat waves.
)us, the early detection of heat wave impacts on wheat is
essential. SIF shows an earlier and more sensitive response to
heat waves in the NCP compared to NDVI. Furthermore,
compared with NDVI, SIF can better capture the variations in
wheat yield and the decline in yield due to heat waves. Earlier
and more precise detections of the impacts of heat stress on
wheat crops in the NCP could limit economic losses through
timely management decisions.

Data Availability

Climate data were downloaded from https://crudata.uea.ac.
uk/cru/data/hrg/, SIF data were downloaded from https://
gs614-avdc1-pz.gsfc.nasa.gov/pub/data/, NDVI data were
downloaded from https://ecocast.arc.nasa.gov/data/pub/
gimms/, and yield data were downloaded from https://
data.stats.gov.cn/.
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Figure 9: Spatial distributions of the 2009 change percentages (compared with multiyear values) during the time period 2008–2014 of (a)
wheat yield, (b) wheat growing season mean SIF, and (c) wheat growing season mean NDVI. )e location of each province is shown in (a),
and panels (b) and (c) are the same as panel (a).
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