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Abstract: Temperature is one of the most important factors controlling the phenology

of winter wheat. Rapid urbanization in China dramatically modifies the microclimate,
especially temperature, surrounding cities. However, it is unclear whether such urban-

induced changes in microclimate can influence the phenology of winter wheat and
whether the influence is consistent across cities of different sizes. Here, we investigated

the urban induced microclimate effects on winter wheat spring phenology (i.e., the
regreen-up date, RGUD) in three cities spanning a range of sizes in northern China. These
three cities include Shijiazhuang (350.98 km?), Baoding (118.95 km?), and Linqging (55.12
km?), and the key data for this study are Sentinel-2 images. Based on the Sentinel-2
images, we first calculated a vegetation index (normalized difference phenology index,
NDPI), and then extracted winter wheat RGUD. Finally, we analyzed the distribution of
the RGUD along an urban-rural gradient using buffers surrounding the urban areas. Our
study has three main results: (1) The RGUD shows a significant increasing trend along
the urban-rural gradients in both Shijiazhuang and Baoding, suggesting that urban-
induced increases in temperature indeed advance the spring phenology of winter wheat.
(2) The maximum influence size of the urban-induced temperature effects on the RGUD
is positively correlated with city size, i.e., 27 km for Shijiazhuang, 14 km for Baoding and
7 km for Linging. (3) The change rate of the RGUD with distance along the urban-rural
gradient is significantly higher in the large city (Shijiazhuang: 0.26 day/km) than it is in
the middle- and small-scale cities (Baoding: 0.21 day/km and Linging: 0.11 day/km),
which suggests that larger cities spread heat at a faster rate than that of smaller cities.
This study suggests that the planting and management of winter wheat surrounding

cities should consider the influence of city size to optimize yields.

Keywords: winter wheat; spring phenology; urban heat island; Sentinel-2 time series;

NDPI
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1. Introduction

Winter wheat is one of the staple food crops with a large cultivation area on the North
China Plain. To ensure efficient crop management and food security, the winter wheat
phenological features that generally indicate dates of sowing, emergence, onset of
dormancy, regreening (regrowth in spring after dormancy), anthesis, and maturity are
collected and supervised by multiple methods (e.g., wheat models, agro-meteorological
stations, and satellite-based remotely sensed data) (He et al., 2015; Huang and Lu, 2009;
Liu et al., 2018; Xiao et al., 2013). A typical winter wheat growth cycle in northern China
corresponding to the vegetation index profile extracted by satellite images is shown in
Figure 1. Previous studies have shown that winter wheat spring phenology, i.e., regreen-
up date (RGUD), is sensitive to climate and environmental conditions (e.g., temperature,
photoperiod and precipitation) (He et al., 2015; Liu et al., 2018; Xiao et al., 2013), and that
its shifts can have a substantial influence on energy and carbon exchange, ultimately

affecting crop yield and quality (Anwar et al., 2015; Keenan et al., 2014; Tao et al., 2006).
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Figure 1. The typical winter wheat growth cycle in northern China corresponding to the

NDPI profile extracted by satellite images

Compared with the background of the global climate, urban-induced microclimate
changes may be more influential for vegetation growing in urban areas and the
surrounding areas (Meng et al., 2020; Wohlfahrt et al., 2010). The urban warming effect is
one of the most influential indicators, considering that other environmental factors, for
instance, background temperature determined by latitudes, elevations and climate zone,
photoperiod and precipitation are very similar within individual cities (Kalnay and Cai,
2003; Sun et al., 2016; Yang et al., 2017). Urban and suburban areas are prone to have
higher temperatures than rural areas, a phenomenon referred to as the urban heat island
(UHI), mainly induced by the relatively large amount of impervious surfaces as well as
the increase in carbon emission into the atmosphere from human activity (Ren et al,,
2008). This warming effect is evident from the local to global scale, but the dispersion and
gradient of the warming effect can be different across cities with different urban sizes.

Given that vegetation growth is highly dependent on geoclimatic factors, it is reasonable
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to hypothesize that variability in the increase in temperature along an urban-rural
gradient could affect the RGUD of winter wheat and that the strength of this effect may

be correlated with urban size.

Previous studies have demonstrated that cropland phenology has been largely affected
by the rising temperature, highlighted by the earlier spring phenology and longer growth
duration (Cleland et al., 2007; Keenan et al., 2014). The impact of UHIs on the advance of
regreening dates shows a decreasing trend with increasing distance from urban areas
(Jochner et al., 2012). The urban warming effect largely varies with latitudinal and
climatic zone (Lu et al., 2006; Zhou et al., 2016). The species of vegetation is also an
influencing factor affecting the phenological response to climate change (Luo et al., 2007).
A significant difference in phenological shifts has been found between crops and other
natural vegetation, such as grass and mixed forest (Zhang et al., 2004). Additionally, a
recent study has also linked the warming effect with urban size, pointing out that a
tenfold increase in city size leads to an earlier spring phenology (Li et al., 2016). Although
previous studies have investigated the relationship between the urban warming effect
and phenological shift, no agreement has been reached due to the inconsistent results
from different cities (Lu et al., 2006; Zhang et al., 2004; Zhou et al., 2016). The
inconsistency of these results may be attributed to the complex landscape and various
vegetation species surrounding urban areas (Chen et al., 2018; Li et al., 2016; Zhang et al.,
2017). Using coarse and moderate spatial resolution images, in particular, ie., the
moderate resolution imaging spectroradiometer (MODIS) product, it is difficult to
investigate the spatial heterogeneity of winter wheat RGUD along urban-rural gradients.
In addition, to explore urban effects on vegetation phenology, previous studies have
often focused on cities with similar sizes or individual cities (Qiu et al., 2017; Zhou et al.,

2016), so it is not clear whether urban effects on crop phenology differ with urban size.
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This study aims to obtain a better understanding of the effects of urban areas on crop
phenology. Specifically, the objectives are to examine the spatial heterogeneity of winter
wheat RGUD surrounding cities and to investigate whether the spatial pattern is driven
by the heat dispersion from the urban heat island or by the microscale sensible heat flux
of various land surface materials. Winter wheat was selected to control for the influence
of different vegetation species. A dense series of high-resolution satellite images (a total
of 23-27 Sentinel-2 images for each city) was used to extract winter wheat cultivation
areas as well as phenological feature. A new vegetation index, the normalized difference
phenology index (NDPI), which minimizes the effects of snowmelt and soil background,
was employed to reflect the good performance of winter wheat growth (Wang et al.,
2017). Three cities of different sizes located in the same climatic zone were selected to
conduct a comparison of urban effects on winter wheat RGUD while controlling

confounding variables such as photoperiod and precipitation.

2. Materials and Methods

2.1. Study Area

Three cities and their surrounding areas in northern China, namely, Shijiazhuang (38° 02'
34"N, 114° 28' 48"E), Baoding (38° 51' 21"N, 115° 28' 48"E) and Linqging (36° 50' 27"N, 115°
43' 12"E), were selected as study areas, as shown in Figure 2. These cities were selected
because (1) winter wheat is the main grain crop surrounding them; (2) they are isolated,
which reduces interference from other nearby cities; (3) they are on the North China Plain
and have similar background climates and low altitudes (<50 m); and (4) they have
sufficient clear observations from Sentinel-2 images with which a dense time series can
be composed for monitoring the entire growth cycle of winter wheat. Additionally, these

cities have different urban population sizes and scales (Figure 2); that is, Shijiazhuang
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represents a metropolis, with an urban population of over 5 million people; Baoding

represents a medium-sized city (3 million people); and Linging represents a small city,

with a population of less than half a million. Therefore, the comparison among these three

cities enables us to better understand the influence of urban effects on the winter wheat

RGUD across cities with different sizes.
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Figure 2. Locations of the three selected cities in northern China and their urban extents

(red line) extracted from nighttime light data: (a) Shijiazhuang, (b) Baoding and (c)

Linging. Background image is corresponding Sentinel-2 True Color imagery.

2.2. Dataset
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The data used in this study include Sentinel-2 images, National Polar-orbiting
Partnership visible infrared imaging radiometer suite (NPP-VIIRS) nighttime light data,
and MODIS land surface temperature (LST) products.

(1) Sentinel-2 Images

Sentinel-2, an advanced optical satellite system for earth observations, offers free
multispectral images at 10 m, 20 m, and 60 m spatial resolutions with a 5-day repeat cycle
(ESA, 2015). Since Sentinel-2 was launched in 2015, we can collect Sentinel-2 images
covering five complete growth cycles of winter wheat, i.e.,, October 2015 - June 2016,
October 2016 - June 2017, October 2017 - June 2018, October 2018 - June 2019 and October
2019 - June 2020, according to the winter wheat phenology in north China (Lu et al., 2014;

Xiao et al., 2013). We compared the cloud cover ratios and data availability of all Sentinel-

2 L1C images from USGS EarthExplorer (https://earthexplorer.usgs.gov) during the
above-mentioned five winter wheat growing cycles at three study cities (Figure 3). The
winter wheat growth cycle of October 2017 - June 2018 has the largest number of available
Sentinel-2 L1C images (less than 20% cloud cover) and the dates of these images have
relatively even distribution. A large number of available images can ensure the accuracy
and reliability of phenology detection, especially for the second growth stage of winter
wheat growth trajectory applied to define RGUD. Besides, after investigation of the
multi-year air temperature and precipitation records from meteorological stations, as
well as the large-scale vegetation growth status from MODIS images (details are given in
the Supplementary Data), we can confirm that October 2017 - June 2018 is not an
anomalous period. Therefore, we selected Sentinel-2 images from October 2017 - June
2018 for this study. A total of 76 images with less than 20% cloud cover were used to

generate dense seasonal time series from which the winter wheat phenology for the three
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cities was extracted. Each city has 23-27 images, which provides enough clear

observations from the Sentinel-2 images to capture the growth process of winter wheat.
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Figure 3. Cloud cover of Sentinel-2 L1C images during October 2015 to June 2020 for

each city: Shijiazhuang (T50SKH), Baoding (TS0SLH&T50SLJ) and Linging (TS50SLF).

The bars indicate the number of Sentinel-2 L1C available images (less than 20% cloud
cover) in five winter wheat growth cycles at three study cities. The 1st growth stage of
winter wheat means from the seeding to winter dormancy (October to January of the

next year) while the 2nd growth stage is from regreening to maturity (February to June).

(2) NPP-VIIRS Nighttime Light Data

The NPP-VIIRS day/night band (DNB), a panchromatic band, can be used to monitor
earth’s surface nighttime lights because of its ability to sense visible and near-infrared
(NIR) wavelengths (Cao et al., 2017). Compared with other nighttime light imagery, such
as the Defense Meteorological Satellite Program/Operation Line-Scan (DMSP/OLS), NPP-

VIIRS nighttime light images have a higher spatial resolution (750 m) and better
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performance for monitoring urban dynamics (Ou et al., 2015; Shi et al., 2014b). In this
study, to define the urban extent of each city, an annually-averaged nighttime light image
was generated using data from October 2017 to June 2018 for tile 3 (75NO60E) of the NPP-
VIIRS DNB dataset, which was downloaded from

https://ladsweb.modaps.eosdis.nasa.gov/search/.

(3) MODIS Land Surface Temperature Product

The MODIS LST product is able to model UHI intensity, especially for nighttime LST (Lac
et al,, 2013; Li et al., 2018; Qiao et al., 2013), with errors within + 2 K according to ground
validation sites (Wan, 2014). MOD11A1 is a daily MODIS LST product with a spatial
resolution of 1 km from which the contaminated LST pixels have been removed. In this
study, nighttime LST data from MODI11A1 were used to compute the cumulative
temperature of winter wheat cultivation sites pre-RGUD. Two tiles (h26v05 and h27v05)
of MOD11A1 images were downloaded from

https://ladsweb.modaps.eosdis.nasa.gov/search/ to cover the study area.

2.3. Methodology

As illustrated in Figure 4, this study has five major steps: (1) generating smooth NDPI
time series, (2) detecting winter wheat planting areas by a multi-hierarchical classification
method, (3) extracting the winter wheat RGUD, (4) extracting the urban extents and
buffer zones, and (5) analyzing the winter wheat RGUD patterns in the different buffer

zones surrounding the urban areas.
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Figure 4. A flowchart of the steps in this study

2.3.1. Generation of a Smooth NDPI Time Series

In this study, NDP], a three-band vegetation index, was selected to extract winter wheat
spring regreening phenology because it is insensitive to the soil and snow background;
moreover, it has been shown that NDPI has better performance and superiority than
those of other vegetation indexes (e.g., NDVI, EVI and EVI2) for monitoring spring
phenology (Wang et al.,, 2017) and capturing the greenness signal of winter wheat (Dong
et al., 2020). There are five substeps to generate smooth NDPI time series. The 1¢ step is
atmospheric correction. Sentinel-2 L1C multispectral images have been geometrically and
radiometrically corrected but are available for download without atmospheric correction
(ESA, 2015). Therefore, we used the official Sen2cor software to convert Sentinel-2 L1C to
L2A, an orthoimage bottom-of-atmosphere corrected reflectance product (Manual, 2018).

The 2nd step is screening cloudy pixels. Cloudy pixels were flagged by the Sentinel-CLD
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(cloud confidence) band, with values ranging from 0 (clear sky) to 100 (clouds) (Louis,
2017). The Sentinel-CLD band consists of three levels: low (below 35%), medium (35% to
65%) and high (above 65%) cloud probability (Main-Knorn et al., 2015). After visual
inspection of the actual images, we defined the pixels with cloud confidence less than
35% as noncontaminated pixels. The 34 step is to calculate the NDPI time series using the
near-infrared (NIR), red and short wavelength infrared (SWIR) bands of the Sentinel-2

L2A images, which have a spatial resolution of 20 m (Equation (1)).

— (@ X Preqg+ (1—a)X
NDPI=pNIR ( Pred t ( ) X Pswir) (1)

Prnir + (@ X Preg+ (1 — @) X pswir)

where, pyir, Prea and pswir are the surface reflectance at Sentinel-2 band 8 (NIR), band
4 (red) and band 11 (SWIR), respectively, and the weight value (@) was set to 0.78, the
recommended optimal value that has been validated for Sentinel-2 images (Chen et al.,
2019). The 4™ step is to interpolate the original NDPI time series to a new time series with
an interval of 5 days using the spline interpolation method. The 5% step is to smooth the
NDPI time series using the enhanced Savitzky—-Golay (SG) filter algorithm (Chen et al.,
2004). The enhanced SG filter is one of the most common smoothing methods used to
tilter contaminated values (e.g., cloud, cloud shadow and noise) from vegetation index
profiles, and it has been demonstrated that data smoothed by the SG filter have high
similarity with ground observations (Cai et al., 2017; CHU et al., 2016; Han and Xu, 2013).

2.3.2. Hierarchical Classification to Identify Winter Wheat Cultivation Areas

To identify accurate winter wheat cultivation areas, a hierarchical classification method
was proposed and used. It consists of two hierarchies. The 1t hierarchy is used to obtain
an initial cropland map based on a method combining both pixel- and object-oriented
classification results, and the 2" hierarchy uses curve similarity matching to extract pure

winter wheat pixels.
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(1) 1¢t Hierarchy for Detecting All Cropland Types

Traditionally, pixel-oriented and object-oriented methods have been widely used for the
classification of remotely sensed imagery (Yan et al., 2006; Zhou et al., 2016). Pixel-
oriented classification is based on information (both spectral and temporal) in the
individual pixels. For example, the maximum likelihood classification, which assigns
pixels to classes based on their probability of belonging to a particular class, is one of the
most common pixel-oriented classification methods (Sisodia et al., 2014). Object-oriented
classification has the advantage of extracting the attributes of segmented objects and is
focused on the characteristic information of image objects, such as texture and spatial
features (Benz et al., 2004). Because cropland has unique spectral, temporal, and textural
characteristics compared those of other land cover types (e.g., built-up, natural
vegetation, water body and soil), we applied both pixel- and object-oriented approaches
to classify the Sentinel-2 images into broad land cover types and then selected the
intersection of the cropland class in both results as the final cropland map to increase the

reliability of cropland detection.

(2) 2n Hierarchy for Detecting Winter Wheat

The cropland detected by the 1t hierarchical classification should be further refined by
the cross correlogram spectral matching (CCSM) method (Chen et al., 2016; Wang et al.,
2009). First, we manually selected pure winter wheat pixels, referring to high-resolution
images in Google Earth, and calculated the average values of these pixels as reference
winter wheat NDPI profiles. Then, the NDPI profiles of the other cropland pixels were
regarded as the target NDPI profiles to be judged by CCSM similarity, as shown in Figure
5 (a). Then, the similarity between the target NDPI profiles and the reference NDPI profile
was measured by the CCSM method. Specifically, the target NDPI profile moves to
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different positions to find a match (i.e., forward and backward up to 25 days, with 5 days
per step). Then, a correlation coefficient (Rm) was calculated between the reference
winter wheat NDPI profile and each target NDPI profile at different matching positions
(Wang et al., 2009) (Equation (2)):

n Z Arlt - Z Arlt
(22— @32 - 527

R = @)

Here, 4,, and 4; are the reference winter wheat NDPI profile and target NDPI profile,
respectively, and n is the number of overlapping positions. The largest Rm value selected
from all the matching positions, as shown in Figure 5 (b), was used to judge whether the
target pixel was planted as winter wheat. Since winter wheat is the target of our study,
the user’s accuracy of winter wheat mapping is a significant metric for the control of the
errors and uncertainty in the following analysis. As a result, in this study, the upper
threshold of Rm was set to 0.9 to ensure the accuracy of the selected winter wheat pixels.
The upper Rm threshold implies a highly similar temporal pattern between the target
pixels and the reference profile. In other words, the 2 hierarchical refinement can not
only exclude nonwinter-wheat cropland pixels but also remove pixels of mixed crops,
which guarantees the rationality of the following analysis when using this strict

procedure. Figure 6 shows the winter wheat mapping results for the three cities.
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Figure 6. Winter wheat maps and buffer zones of Shijiazhuang, Baoding and Linging

2.3.3. Winter Wheat Spring Regreening Phenology Extraction

The NDPI profile of winter wheat clearly shows two main phases of development during
its life cycle (Figure 7). Numerous studies have focused on the second phase of
development (i.e., a period covering winter wheat regreening, heading and harvesting
dates and the development of reproductive organs) owing to its significance (CHU et al.,
2016; Liu et al., 2016; Lu et al., 2014). Specifically, the RGUD begins when winter wheat
is regrowing after being dormant in the winter. It is also a key period for promoting the
growth of late-emerging, weak seedlings, controlling the length of the seedling stage,
regulating the size of the population and determining the rate of ear formation. In the
NDPI profile, the spring RGUD was defined as the date of year (DOY) since January 1,
2018, when the NDPI value reached 20% of the magnitude of the 2nd growth stage (CHU

et al., 2016; Yao et al., 2017), as shown in Figure 7.
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2.3.4. Urban Extent and Buffer Zone Extraction

First, an annual NPP-VIIRS nighttime light image was calculated by averaging the
monthly light images within the winter wheat growth cycle, and then the urbanized area
of the three cities was extracted from the annual nighttime light image based an optimal
threshold: Shijiazhuang & Baoding, NPP-VIIRS DN=10 nanowatts/(cm2-sr); Linqing,
NPP-VIIRS DN=5 nanowatts/(cm2-sr) (Shi et al.,, 2014a). In addition, to capture the
smooth boundaries of the main urban areas, isolated bright areas far from the urban
center are manually excluded and corrected by manual inspection according to the urban
built-up area scope in Google Maps. After defining the urban extent of each city, 35, 25,
and 15 buffer zones with a 1 km interval from the urban boundaries were created for

Shijiazhuang, Baoding, and Linging, respectively, to represent subregions with different
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distances to the urban areas (Figure 6) because areas affected by UHIs increase with urban

size (Imhoff et al., 2010).

2.3.5. Analysis of RGUD Spatial Distribution and Driving Factors

The RGUD was visualized in the buffers of the three cities to show the spatial distribution
patterns. To explore the driving factors of the RGUD spatial distribution, the 1 km MODIS
nighttime LST product was used to calculate the cumulative temperature in the test
period from the average NDPI minimum date to the average winter wheat RGUD. Then,
the winter wheat pixels (20 m) were aggregated into 1 km pixels to match the resolution
of the preregreening cumulative temperature data (1 km). The relationship between the
RGUD and cumulative temperature was quantified by linear regression. Next, the urban
effect on winter wheat RGUD was analyzed at the buffer scale for each city. First, the
mean and standard deviation of the winter wheat RGUD in each 1 km width buffer zone
was calculated. Subsequently, the mean phenological features of the buffers were plotted
against the distance to the urban boundary to visualize the relationship between
phenology and urban areas. Furthermore, a linear regression was conducted to quantify

how urban areas affect winter wheat RGUD at different distances.

3. Results

3.1 Spatial Distribution of Winter Wheat RGUD

Figure 8 shows the spatial distributions and histograms of the frequency of the winter
wheat spring RGUD in the three cities. The outliers that are outside of 3-sigma standard
deviations have been excluded. In general, the winter wheat RGUD in the surroundings
of the urban areas of each city show normal distributions, and the RGUD occurs earlier

close to the urbanized areas of each city. In addition, the average regreening dates are
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76.41 in Linging (36° 50' 27"N), 81.04 in Shijiazhuang (38° 02' 34"N) and 84.16 in Baoding
(38° 51' 21"N), suggesting that re-greening dates of winter wheat in lower latitudinal
regions (i.e., warmer areas) generally occur earlier. This implies that temperature may be
the key driver factor to control winter wheat spring phenology at large scales, which are
consistent with studies on other vegetation (He et al., 2015; Piao et al., 2011). The difference
in average RGUD values of these three cities also suggests that the method and data used by

this study to detect winter wheat RGUD is reasonable and reliable.
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Shijiazhuang Baoding Linging
Figure 8. Spatial distribution of the winter wheat RGUD in the buffer zone of three
cities. The histograms on the upper left of maps show the number of pixels with
different winter wheat RGUD values in each city; the red lines in histograms indicate

the average winter wheat RGUDs in each city.

3.2 Relationship between Winter Wheat RGUD and Nighttime LST

We can see from the histogram distributions of nighttime LST (Figure 9) and statistics of
nighttime LST (Table 1) across the cities that the nighttime LST can be a good metric to
describe urban sizes; the larger the city, the larger the difference in nighttime LST and the
higher the standard derivation. In addition, as shown in Figure 9, the scatter plots present
a negative correlation between winter wheat RGUD and nighttime LST in each city,

which indicates that high nighttime LST might drive earlier winter wheat spring RGUDs.
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Interestingly, large- and middle-scale cites have higher correlation coefficients (r), i.e., -
0.64 in Shijiazhuang (p <0.01) and -0.51 in Baoding (p <0.01), than that in the small city
Linqging (r: -0.08, p <0.01).
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Figure 9. Relationship between the nighttime LST and winter wheat RGUDs. The blue
point presents the RGUD value of one pixel and its corresponding nighttime LST value.

Lower-right figure in each scatter plot is the histogram of the nighttime LST in each city.

Table 1. Statistics of the nighttime LST across the cities; the outliers (based on 3-sigma

standard deviations) have been screened

Study Site Range (k) Nighttime LST Difference = Average STD
Shijiazhuang  273.12 - 277.16 4.04 27491 1.28
Baoding 273.55 - 276.52 2.97 274.89 0.89
Linging 272.90 - 275.27 2.37 274.03 0.74

3.3 Winter Wheat RGUD Change along the Urban-rural Gradient

To summarize both the LST and RGUD in the 1 km buffers, we resampled the MODIS
nighttime LST (1 km) into 20 m pixels using the bilinear method. The orange dots and
lines in Figure 10 show the average nighttime LST in each 1 km buffer zone. Obviously,
the UHI effect decreases from the urban centers to the surrounding areas in all the study

cities. The UHI in the large city, Shijiazhuang, has the most significant warming effect on
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the surrounding area, while the small city, Linqing, experiences the weakest effect. As
expected, in general, all three cities show earlier winter wheat RGUDs when closer to the
urbanized area, but the specific patterns are different among the cities (Figure 10). For the
large city, Shijiazhuang, we found three stages of winter wheat RGUD change with
distance to the urbanized area: (1) The winter wheat RGUDs in the 11 buffer zones closest
to the urbanized area show stable advancement, as shown in Figure 10. The winter wheat
in these areas has similarly early RGUDs (approximately 79 DOY). (2) After the first 11
buffer zones, there is a significant increasing trend in the RGUD (0.26 day/km, as shown
in Table 2), indicating that winter wheat enters spring phenology later when farther from
the urbanized area. This increasing trend stops at 27 km. (3) When farther than 27 km
from the urban areas, the winter wheat RGUD becomes stable again, but with a late date
of approximately 84 DOY. There also exists a stable advancement of the winter wheat
RGUD (approximately 81 DOY) in the middle of Baoding, but with a much shorter range,
i.e., within 3 km of the urbanized areas, as shown in Figure 10. In contrast, the winter
wheat RGUD of the small city, Linqing, does not have a stable advancement stage, such
those in as Shijiazhuang and Baoding, but it shows an increasing trend starting from the
tirst buffer zone, as shown in Figure 10. The change rates of the middle and small cities
are 0.21 day/km and 0.11 day/km (Table 2), respectively, which are smaller than those of
Shijiazhuang, suggesting that the urban warming effect may decline towards the
outskirts more slowly in small cities than it does in large cities. In addition, the increasing
trend of the winter wheat RGUD in Baoding and Linqing stops in the buffer zone (14 km
and 7 km), which is closer to the urban areas than that of Shijiazhuang (27 km), suggesting
that the effect of small cities on winter wheat RGUD has a shorter range than that of large

cities.
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Figure 10. Relationship between the distance to the urbanized area and winter wheat

RGUD in each city; the red lines indicate the fitted lines

Table 2. Summary of the linear regression between the RGUD and distance to the

urbanized area

Study site = Affected range (km) Regression range (km) Slope r  p-value

Shijiazhuang 01-27 11-27 0.26  0.98 <0.01
Baoding 01-14 03-14 021 0.88 <0.01
Linging 01-07 01-07 0.11 0.96 <0.01

4., Discussion

4.1 Impact of Urban Size on Winter Wheat RGUD

There are minimum temperature requirements for vegetation (e.g., root and leaves)
development (Basler et al.,, 2016; Schenker et al.,, 2014). Both satellite-based remote
sensing data and ground observations suggest that vegetation spring phenology occurs
earlier along the urban-rural gradient, and it occurs much earlier when close to the urban
center because of the UHI effect, which causes higher temperatures (Dallimer et al., 2016;
Li et al., 2016; Yao et al., 2017; Zhao et al., 2014). This study not only validated this
phenomenon, but also found that no matter what the size of a city is, i.e., Shijiazhuang,
Baoding or Linging, winter wheat spring RGUD occurs earlier when close to an urban
center. In addition, we provided further insights into how winter wheat RGUD responds
to the temperature gradient in urban-rural areas among cities of different sizes.
Specifically, in addition to considering the winter wheat phenological differences

between nearby urban areas and outskirts, we hope to recognize the interaction between
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the RGUD and urban areas in each buffer through the design of buffer zones for different-
scale cities (Figure 6). In this regard, we controlled several factors that might affect
vegetation spring phenology, such as external factors (e.g., photoperiod, precipitation
and temperature caused by latitudinal climate zones) and internal factors (e.g., vegetation
species), by selecting a single species (i.e.,, winter wheat) and cities of different sizes
located in the same climate zone. This improvement is based on previous studies in which
uncertainties were included. For example, previous studies have concentrated on major
cities with similar scales to evaluate urban effects on mixed vegetation phenology by
moderate-coarse satellite images (Ren et al., 2018; Zhou et al., 2016). Thus, in this study,
we assumed that differences in the winter wheat RGUD are mainly due to the urban-

induced microclimates of cities with different sizes.

Figure 11 shows the difference in the advancement of the winter wheat RGUDs between
each buffer and the furthest affected buffer zone (i.e., the 27" zone for Shijiazhuang, the
14* for Baoding and the 7* for Linging) in the three cities. This indicates that the urban
effects on the winter wheat RGUD are different for different-scale cities: the larger the
city, the greater the range of the effect, thereby causing a larger advancement of the
winter wheat regreening phenology. This phenomenon could be explained by the Fick’s
tirst law of diffusion that describes relationship between diffusive flux and concentration,
that is, the flux moves from high to low concentration regions, and its magnitude is
proportional to the concentration gradient. Large city has higher urban-rural heat flux
(i.e., nighttime LST) difference than middle- and small-scale cities (Table 2), which causes
greater RGUD advancement in larger city. Moreover, following Fick’s first law of
diffusion, larger cities with higher heat gradients exchange at a faster rate than that of
smaller cities, which causes change rate of the RGUD along the urban-rural gradient is
significantly higher in the large city (Shijiazhuang: 0.26 day/km) than it is in the middle-
and small-scale cities (Baoding: 0.21 day/km and Linqging: 0.11 day/km) (Figure 10 and
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Table 2). Thus, combined with Figure 10 and Figure 11, our results confirm the
abovementioned hypothesis; that is, variability in the increasing temperature along
urban-rural gradients could affect winter wheat spring regreening phenology in the
surrounding urban areas, and the strength of this effect is tightly correlated with urban
sizes. Although higher temperatures generally result in earlier spring phenology,
vegetation spring phenology does not necessarily occur earlier with increasing
temperature because green-up may respond to temperature nonlinearly and be saturated
at high temperature (Caffarra et al., 2011). Here, we found stable advancement stages of
the winter wheat RGUD in larger cities, i.e., Shijiazhuang (1-11 km) and Baoding (1-3 km),
while the small city, Linqing, does not have a stable advancement stage (Figure 11). The
stable advancement stage of winter wheat RGUD indicates that the accumulated
temperature required for winter wheat spring regreening reaches saturated conditions
and a further increase in temperature will not trigger earlier spring regreening phenology
in areas close to large cities. In these areas, other factors may constrain the regreening of
winter wheat, e.g., shorter photoperiods limit leaf development (Chmielewski and Gotz,

2016; Garonna et al., 2018).
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Figure 11. Comparison of the advanced winter wheat RGUD across the cities

4.2 Possible Mechanism of the Urban Effect on the Winter Wheat RGUD

Nighttime LST is a good indicator of UHIs (Lac et al., 2013; Land et al., 2016; Li et al,,
2018), and it can be regarded as one of the key drivers of vegetation spring phenology,
i.e., there is a negative correlation between vegetation spring phenology and nighttime
LST (X. Wang et al., 2017; Zhou et al., 2016). We found that the relationship between
winter wheat spring regreening and nighttime LST, indeed, shows a negative correlation
in each city, but it differs by urban size, i.e., the smaller the city is, the weaker the
correlation is. In general, the UHI effect intensity depends on urban size and building
density, with larger cities having stronger UHI effect intensities. Therefore, due to the
larger UHI effect intensity, Shijiazhuang and Baoding show a higher correlation between
nighttime LST and vegetation spring phenology than that of Linqing. Specifically, the
UHI effect is generally defined as thermal or microclimatic differences between urban
areas and their surrounding rural areas (Brazel, 2006; Parece and Campbell, 2018). These

differences mainly result from the replacement of natural landscapes with impermeable
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500 etal, 2016). More specifically, impervious surfaces increase the local temperature due to
501 the occurrence of less evapotranspiration from a low abundance of vegetation (Jochner
502 and Menzel, 2015). Thus, we extracted the proportions of impervious surfaces in winter
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Figure 12. Impervious surfaces proportions surrounding winter wheat

Table 3. Correlation coefficients between the winter wheat regreening date, nighttime

LST and proportion of impervious surfaces (**p < 0.01)

Study site Correlation coefficient Correlation coefficient between
between nighttime LST and the proportion of impervious
regreening date surfaces and regreening date
Shijiazhuang -0.64** 0.05
Baoding -0.51** -0.84**
Linging -0.08** -0.66**

According to Figure 12, a higher proportion of impervious surfaces surrounding winter
wheat generally make its spring phenology earlier. Additionally, the percentage of
impervious surfaces and nighttime LST are more highly correlated in the middle- and
small-scale cities (Baoding and Linging) than they are in the large city (Shijiazhuang).
This indicates that the local microclimate in the middle- and small-scale cities is mainly

produced by impervious surfaces, which causes the advancement of the winter wheat
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regreening phenology. By comparison, there is a weak relationship between the
proportion of impervious surfaces and winter wheat regreening in Shijiazhuang, yet
there is a strong relationship between the nighttime LST and winter wheat regreening
(Table 3). One possible reason is the unsynchronized relationship that occurs between the
proportion of impervious surfaces and temperature differences (also referred to as UHI
intensity) in some cities, but especially in large cities. This is mainly because satellite-
based remotely sensed images can capture only the proportions of buildings and
construction canopies rather than the actual building heights and density. The
impervious layers extracted by satellite images cannot fully reflect the UHI intensity.
Similarly, a recent study suggested that vegetation phenology is controlled by both local
land cover and micrometeorological conditions and that impervious cover can only
partially explain variability in phenology (Samuel C Zipper and Jason Schatz et al., 2016).
Other possible reasons for the observed relationship are the much stronger heat
convection and flow of higher concentration of pollutants (e.g., CO2) from the urban-rural
areas in large-scale cities. As a recent finding demonstrated, the efficiency of heat
convection to the lower atmosphere from urban and rural areas is also significantly
responsible for the UHI effect (Zhao et al., 2014). The other study suggested the rise of
CO:z concentration, particularly in urban areas, may change sensitivity of vegetation
seasonality resulting in earlier start of season (Wang et al., 2019). Thus, the influential
factors for winter wheat regreening might be different in cities with different sizes, i.e.,
impervious surface cover influences phenology more significantly in middle- and small-
size cities, whereas the influential factors are more complicated and mixed in large cities
where impervious surfaces, UHI heat convection, and concentration of pollutants all

might play important roles.

5. Conclusion
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Accurate monitoring of key phenology characteristics, such as spring regreening
phenology, is critical for yield forecasts and crop management (He et al., 2015; Liu et al.,
2018). As previously documented, 40% ~ 60% of irrigated agriculture and rainfed
croplands are planted within 20 km of urban areas, so the urban effects on changes in
crop phenology could result in a significant influence on food security (Samuel C Zipper
and Jason Schatz et al., 2016; Thebo et al., 2014). Based on this, we hypothesized that
urban-induced microclimate variability can affect the winter wheat spring phenology
and that this effect might vary with urban size. We developed a novel methodology to
test this hypothesis. The proposed methodology includes (1) a hierarchical classification
method to identify winter wheat cultivation areas, which could exclude misclassification
and refine winter wheat planting areas; (2) a workflow to process high-resolution
Sentinel-2 time series (20 m), which can reduce scaling and mixed-pixel effects; and (3) a
novel 3-band vegetation index (NDPI), which is insensitive to background land cover
types and was employed to reflect the annual winter wheat growth trajectory. The
abovementioned methodology can accurately classify winter wheat pixels, detect winter

wheat RGUDs and reduce uncertainty.

Based on this newly developed methodology, our results showed that the spatial patterns
of the winter wheat RGUDs are similar in each city, i.e., there is an earlier winter wheat
spring regreening close to the urbanized areas. However, the affected ranges, stable
advancement stages and slopes of the winter wheat spring regreening phenology in
response to distance from urban areas are different for the cities of different sizes. These
differences are probably due to the UHI intensity of the different cities. Larger cities have
a larger UHI effect intensity, causing much stronger impacts on winter wheat regreening
phenology. Additionally, the urban-induced microclimatic effects on the winter wheat
spring regreening phenology depend on urban size, and the response of winter wheat

regreening to nighttime LST is more significant in the large city (Shijiazhuang), while the
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proportion of impervious surfaces contributes more the in middle- and small-scale cities

(Baoding and Lining, respectively).

These results, together with previous agronomy studies highlighting the importance of
spring regreening phenology in determining winter wheat growth, suggest that the UHI
effect should be considered in studies on phenology monitoring, yield forecasting, and
intelligent agricultural management of urban vegetation. Findings from this study can
help improve winter wheat yield predictions as well as winter wheat farming practices
locally. Moreover, rapid urbanization (the long-term process of transforming a small city
into a large city) is occurring globally. In this regard, we selected three cities of differing
sizes that are located in the same climate zone to investigate the urban-induced
microclimate effects on winter wheat spring regreening phenology. Due to the limited
number of cloud-free satellite images, this study only investigated one growing season
of winter wheat in three representative cities. The methodology developed by this study
can be adopted by future studies to investigate more seasons and cities to test the findings

of this study.
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