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• Red edge-based vegetation indiceswere
used to distinguish stressed and un-
stressed rice crops.

• Rice crops under heavy metal stress
remained stable with lower CSTV
values.

• Rice crops under stress caused by pests
and diseases showed abrupt changes
with higher CSTV values.

• Multi-temporal Sentinel-2 images can
be used to detect heavy metal-induced
stress in rice crops.
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Regional-level information on heavy metal pollution in agro-ecosystems is essential for food security be-
cause excessive levels of heavy metals in crops may pose risks to humans. However, collecting this informa-
tion over large areas is inherently costly. This paper investigates the possibility of applying multi-temporal
Sentinel-2 satellite images to detect heavy metal-induced stress (i.e., Cd stress) in rice crops in four study
areas in Zhuzhou City, Hunan Province, China. For this purpose, we compared seven Sentinel-2 images ac-
quired in 2016 and 2017 with in situ measured hyper-spectral data, chlorophyll content, rice leaf area
index, and heavy metal concentrations in soil collected from 2014 to 2017. Vegetation indices (VIs) related
to red edge bands were referred to as the sensitive indicators for screening stressed rice from unstressed
rice. The coefficients of spatio-temporal variation (CSTV) derived from the VIs allowed us to discriminate
crops exposed to pollution from heavy metals as well as environmental stressors. The results indicate
that (i) the red edge chlorophyll index, the red edge position index, and the normalized difference red
edge 2 index derived from multi-temporal Sentinel-2 images were good indicators for screening stressed
rice from unstressed rice; (ii) Rice under Cd stress remained stable with lower CSTV values of VIs overall
growth stages in the experimental region, whereas rice under other stressors (i.e., pests and disease)
showed abrupt changes at some growth stages and presented “hot spots” with greater CSTV values; and
(iii) the proposed spatio-temporal anomaly detection method was successful at detecting rice under Cd
stress; and CSTVs of rice VIs stabilized regardless of whether they were applied to consecutive growth
stages or to two different crop years. This study suggests that regional heavy metal stress may be accurately
detected using multi-temporal Sentinel-2 images, using VIs sensitive to the spatio-temporal characteristics
of crops.

© 2018 Elsevier B.V. All rights reserved.
Keywords:
Heavy metal pollution
Sentinel-2 images
Spatio-temporal anomaly detection
Stable stress
Abrupt stress

http://crossmark.crossref.org/dialog/?doi=10.1016/j.scitotenv.2018.04.415&domain=pdf
https://doi.org/10.1016/j.scitotenv.2018.04.415
liuml@cugb.edu.cn
Journal logo
https://doi.org/10.1016/j.scitotenv.2018.04.415
http://www.sciencedirect.com/science/journal/
www.elsevier.com/locate/scitotenv


19M. Liu et al. / Science of the Total Environment 637–638 (2018) 18–29
1. Introduction
The sources of heavy metals in environment are geogenic and an-
thropogenic. Like other metals and metalloids, heavy metals are ex-
tracted and concentrated from their ores during mineral processing
(Nagajyoti et al., 2010). During this process, some parts are left in the
open and transported by wind and water. Surrounding agricultural
soils may become contaminated with heavy metals from the mining
but also from various anthropogenic activities including industrial and
agricultural activities (Srivastava et al., 2017). For example, irrigation
withwastewater is amajor source of heavymetals into agricultural sys-
tems. Formost heavymetals, crop concentration is positively correlated
to the soil concentrations (Zhao et al., 2012;McBride, 2002). High levels
of heavy metal concentrations may negatively influence plant growth,
and if these heavy metals pass into agricultural crops, they threaten an-
imal, human, and environmental health (Srivastava et al., 2017). There-
fore, carefulmonitoring of heavymetal stress in crops plays a key role in
understanding soil contamination, water contamination, crop quality,
human health and degradation of ecosystem and environment.

Heavymetal contamination inmodern day agriculture has become a
serious concern in many developing and under-developed countries
(Liu et al., 2013). Traditionally, the assessment of heavy metal contam-
ination in soils has been carried out through soil testing and long-term
field trials in sequential steps with increasing complexity and cost
(Hang et al., 2009). Compared to the traditional destructive sampling
methods, remote sensing offers a potentially efficient and cost-
effective solution to estimate heavy metal contamination in crops.
Many studies have shown that remote sensing techniques can be used
to detect heavy metal concentrations in crops under controlled labora-
tory conditions and in field-scale trials (Kemper and Sommer, 2002;
Font et al., 2004; Rosso et al., 2005; Zengin and Munzuroglu, 2005; Chi
et al., 2009; Slonecker et al., 2009; Liu et al., 2010, 2011, 2011). However,
these studies are often laborious and limited to the field scale, and
mainly relied on Analytical Spectral Device (ASD) data. To monitor
macro-level heavy metal pollution in agro-ecosystems, accurate and
large-scale information is needed, such as could be therefore provided
by satellite images. Satellite data provides temporally and spatially con-
tinuous synoptic observations of agro-ecosystem processes, and these
observations may enable monitoring of spatio-temporal biophysical
and biochemical variability for large areas in a repeatable and cost-
effective manner.

Recent advances in technology have produced innovative remote
sensing sensors, creating new opportunities for environmental moni-
toring. The Sentinel-2mission has been improving existing Earth obser-
vation capabilities with sensors that have several advantageous
spectral, spatial, and temporal characteristics, compared to current sat-
ellite systems. Sentinel-2 is designed to provide images that can be used
to distinguish different crop types, monitor plant growth, and retrieve
biophysical parameters, such as data on numerous plant indices, such
as the leaf area index, leaf chlorophyll content, and leaf water content
(Clevers and Gitelson, 2013; Schlemmer et al., 2013; Hill, 2013;
Frampton et al., 2013; Verrelst et al., 2015; Korhonen et al., 2017;
Shoko andMutanga, 2017). In addition, it is the first optical Earth obser-
vationmissionof its kind to include three bands in the “red edge,”which
provide key information on vegetation state. Sentinel-2 data has been
used to investigate forest fires and crop classifications (Fernández-
Manso et al., 2016; Belgiu and Csillik, 2018). Nonetheless, to our knowl-
edge, Sentinel-2 data has not been used to study crops under heavy
metal stress. Some studies have shown that variation in the red edge pa-
rameters of a plant spectrum occurswhen the plant is exposed to heavy
metal stress (Collins et al., 1983; Clevers et al., 2004; Kooistra et al.,
2004; Chi et al., 2006). Therefore, Sentinel-2's red edge capability en-
ables the capture of significantly more information regarding changes
in plant stress than the previous SPOT and Landsat images.

Accurate detection of stress types in farmlands at a regional scale is
quite challenging, primarily because crops growing in real ecosystems
may be associated with various stressors, including heavy metals, dis-
eases, insects, and drought. A number of studies have demonstrated
that the effect of heavy metal stress on crop is characterized by photo-
synthetic apparatus damage, inhibition of stomatal opening, membrane
disruption (Barcelo and Poschenrieder, 1990; Siedlecka and Baszynski,
1993; Horvath et al., 1995), a reduction in pigment concentration, re-
stricted cellular structure and growth, and yield loss (Larsson et al.,
1998; Chen andKao, 1995). Briefly, heavymetal contamination destroys
cellular structure and decreases the chlorophyll content in crop plants.
Similarly, when crop are infected by disease or insects, the color and
morphology of the canopy due to internal damage in chlorophyll pig-
ments and tissue structure for photosynthesis and metabolism
(Sankaran et al., 2010; Qin et al., 2003; Phadikar et al., 2012; Yuan
et al., 2017). As a result, the reflectance spectra of crops under heavy
metal stress or pest and diseasemay exhibit similar variation in the vis-
ible light and near-infrared bands (Yang et al., 2007; Liu et al., 2010).
Therefore, the source of the stress is difficult to detect from leaf reflec-
tance spectra at a particular growth stage (De Jong et al., 2012; Liu
et al., 2012).

However, differences exist in the spatio-temporal characteristics of
different stressors. Heavy metal pollution in soils is relatively persistent
and stable in space over time scales within a decade because metals in
soil do not easily migrate, resist degradation, and cannot be removed
without considerable effort (Srivastava et al., 2017). In addition, heavy
metals in farmlands are spatially widespread because of industrial
wastewater discharges (Lei et al., 2015; Chen et al., 2016). Thus, heavy
metal-induced stress in rice crops can be characterized by spatio-
temporal continuity and stability, as is the salty soil condition
(Scudiero et al., 2015). Other stressors (e.g., drought, pests, diseases,
and mismanagement) are typically more spatially and temporally tran-
sient (Liu et al., 2012; Scudiero et al., 2014). In general, these two types
of agricultural stressors are called stable stress and abrupt stress, re-
spectively (Liu et al., 2016; Tian et al., 2017). Crops endure stable stress
throughout their entire growth cycle, and these stressors have a consis-
tent long-term influence on crop growth. In addition, this type has a
similar effect on crop growth in different years. In contrast, crops
under abrupt stressors are typically experience more transient impacts
that vary in different growth stages and different years (West et al.,
2003; Zhang et al., 2012). Thesemay occur only in oneor several growth
cycles or in one year (Tian et al., 2017).

Based on the above analysis, crop spectra exhibit similar variability
from different crop stressors, the temporal-spatial characteristics of dif-
ferent stressors are relatively different. Therefore, temporal-spatial
characteristics can be used to establish a set of guidelines for classifying
crop stressors in multiple growth stages or multiple years, which is a
valuable feature not possessed by traditional crop stressor classification
systems. Therefore, the aim of this study is to investigate the possibility
of applying multi-temporal Sentinel-2 images to detect rice under
heavy metal stress based on spectral information and spatio-temporal
characteristics.

2. Study area and data

2.1. Study areas

The experimental areas are located in the city of Zhuzhou, Hunan
province, China (Fig. 1). The study area has a subtropical monsoon cli-
mate with sufficient sunlight for growing rice and a mean annual tem-
perature of approximately 16 to 18 °C. The predominant soil type is
red soil with sufficient organic matter (2–3%). Hunan Province, China,
is rich inmineral deposits and is known as “the birthplace of nonferrous
metals”. More than 80 types ofmineral deposits have been detected and
a significant overlap has been reported between regions producing non-
ferrous metals and those producing grain in Zhuzhou, Hunan province
(Wan et al., 2017). Previous studies have shown that Cd is the predom-
inant pollutant in paddy soils that are watered from the Xiang Jiang



Fig. 1. Location of the four experimental areas in Hunan Province, China: (a) China map; (b) the location of study areas; (c) Sentinel-2 images of four experimental areas, notes, Red: B4
band, Green: B6 band, Blue: B5 band. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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River, which contains industrial wastewater discharges (Lei et al., 2015;
Chen et al., 2016). Terrestrial-borne Cd is among the metallic pollutants
most hazardous to human health (Das et al., 1997) because of its ready
transfer through the food chain and long biological half-life.

To study the spatio-temporal characteristics of rice under different
stressors, we divided the experimental area into four regions (labeled
Site A, Site B, Site C, and Site D), which are or are not affected by Cd
stress and/or abrupt stress. Reference rectangles covering 32 × 42
Sentinel-2 pixels (537,600 m2) were delineated to create a rice paddy
mask; thus, the smallest rice paddymeasured 224,800 m2 and the larg-
est rice paddy was 498,400m2, as detailed in Table 1. The experimental
areas were selected on the basis of field investigations, meteorological
data, pests and disease data, and Cd concentration in the soil. The spatial
distribution of Cd concentrations in Fig. 2 was estimated using ordinary
kriging on the basis of the point heavymetal concentration downloaded
from the Environmental Monitoring Center of China (EMCC) which
were collected between 2005 and 2013, and the soil samples (i.e., Cd
concentration) we have collected in the fields between 2014 and
2016. According to the Environmental Monitoring Center of China's
Level III soil quality standard, the threshold value of soil Cd concentra-
tion is 1 mg·kg−1. From Fig. 2(a), Site A and Site B are unstressed by
Cd, whereas Site C and Site D are stressed by Cd. All experimental
Table 1
The description of four experimental areas in the study area.

Experiment
area

Central geographical
location

Rice pixel
count

Area (m2)

Site A 27°40′3″N,113°10′3″E 1246 498,400
Site B 27°37′16″N,113°14′49″E 931 372,400

Site C 27°57′56″N,113°2′12″E 562 224,800
Site D 27°58′53″,113°6′12″ 666 266,400
areas are unstressed by water stress because Hunan Province has
rich water resources, and the areas are also unaffected by heat stress
based on meteorological data from 2017 (Table 2). Field investiga-
tions acquired pest and disease information (Table 3) which details
the color and morphology changes in rice that occur because of
pest and disease infestation (Fig. 2(c)). Rice in Site B was found to
be severely affected by pest or disease, rice in Site D was slightly af-
fected in the late growth stage. And Site A and Site C were not af-
fected by pests or disease. Thus, heavy metals, pests, and disease
were the dominant stressors interfering with the growth of rice in
these areas; these regions do not suffer from nutrient stress (further
detailed in Section 4.3.2) or other abrupt stressors (such as those of
heat stress and drought).

The same rice type (Boyou 9083) is under regularmanagement in all
experimental areas. Pixels corresponding entirely to rice paddies were
selected as the experimental areas. For the single-rice cropping region
in Hunan Province, the rice is often transplanted in early June and har-
vested in late September. All study areas had similar transplantation
dates because they experienced the same meteorological conditions,
and all experimental areas were covered entirely by rice from June
through September. Thus, the spectrum reflectance changes do not rep-
resent land use changes.
Stress types Description

Unstressed Rice without any stress over all the growth stages
Abrupt stress Rice with pests and disease stress on the local area

over some growth stage(s)
Heavy metal stress Rice with only Cd stress over all the growth stages
Double-stress Rice with not only Cd stress over the growth stages,

but also stressed by pests and disease on the local
area over some growth stage(s)



Fig. 2. The basic stress information of four experimental areas and field investigation: (a) Cd concentration in soil in the study area, notes: Cd b 1 (mg kg−1) for level III soil quality standard
based on the Environment Monitoring Centre of China; (b) ASD data measured in filed; (c) Pests and disease of rice in field investigation.
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2.2. Ground measurements

The experiments were conducted during typical rice growth stages
from 2014 to 2017 (Table 4). During 2014, 2015, and 2016, in situmea-
sured data were mainly acquired at the field-scale from the different
field sampling areas shown in Fig. 1. Samples were taken from two or
three fields in each study region, which occupied approximately two
pixels of the corresponding Sentinel-2 image (20 m × 20 m). The sam-
pling points were made at 8–10 sites across each field. The average
value of the all points are represented the each field. In situ measured
data included ASD data, chlorophyll content of the rice, and heavy
metal concentration in rice and soil. All spectral measurements were
taken under cloudless or near cloudless conditions between 10:00 and
14:00, using anASD FieldSpec Pro spectrometer (Analytical Spectral De-
vices, Boulder, CO, USA). The spectrometer was fitted with 10° field of
view fiber optics, operated in the 350–2500 nm spectral region with
sampling intervals of 2 nm. A BaSO4 calibration panel was used to deter-
mine the baseline reflectance. A panel radiancemeasurementwas taken
before and after rice measurement using two scans. The measurements
were carried out from a height of 1 m above the rice canopy. Rice radi-
ance measurements were scanned 10 times at each point. These mea-
surements were then averaged for the particular plot. The leaf area
index (LAI) of rice was measured at each plot at every sample time
using a botanical canopy analyzer (AccuPAR LP-80, METER Group, Inc.,
Pullman, WA, USA), and the chlorophyll content was measured by a
SPAD-502 portable chlorophyll meter (Minolta Corp., NJ, USA). The
spectral measurements were correlated with measurements of LAI
Table 2
Statistics of meteorological parameters in growth stages of rice in 2017 for the study area.

Month Tmax (deg.) Tmin (deg.) Rainy (day)

Mean Max Mean Min

June 28 33 22 18 23
July 35 39 27 20 9
August 34 38 26 23 10
September 30 36 23 20 7

Note: values for Tmax and Tmin are the highest and lowest temperature on the day,Mean,
Max andMin for the average,maximumvalue,minimumvalue for respective temperature
in one month, and Rainy (total day for one month).
and the chlorophyll content of the rice. The metal content in the soil
was analyzed by the Chinese Academy of Agricultural Sciences, Beijing,
China. Soil samples were first digested by reverse aqua-regia (HNO3:
HCl = 3:1), then treated with Cd using a graphite furnace atomic ab-
sorption spectrometer (AAS). Soil samples were also analyzed for
diethylene-triamine-penta-acetic acid-extractable heavy metals using
the method of Lindsay and Norvell (1978) and the AAS to determine
metal concentrations.

In 2017, we conducted field investigations to determine drought,
pests, disease, and other relevant conditions. When rice is stressed by
the disease and pest, the most common in color and morphology of
rice includes yellow stem borer, rice leaf folder, rice bug, leaf blast,
brown spot and the variation of ‘vertical spread’ and ‘horizontal spread’.
The visual symptoms of the damages caused by the pests vary with the
severity of the diseases. However, compared with rice disease and pest,
rice with heavy metal stress, there is less apparent visible symptoms
existing in the color and morphology of rice leaves, since the pollution
level in the real world ecosystems is relatively low. And we collected
statistical data, such asmeteorological data and pests and disease infor-
mation. Meteorological data from the large-scale region was
downloaded from the China Meteorological Administration (http://
www.cma.gov.cn/). Pests and disease reports were downloaded from
the database provided by the Plant Protection and Inspection Service,
Hunan Province, China (http://www.hnagri.gov.cn).

2.3. Sentinel-2 satellite imagery

Sentinel-2 images provide a versatile set of 13 spectral bands span-
ning from the visible and near infrared to the shortwave infrared.
Seven cloud-free Sentinel-2 images (processing level 1C) acquired dur-
ing the rice season in 2016 and 2017 were downloaded from the
European Space Agency (ESA) Sentinels Scientific Data Hub (https://
scihub.copernicus.eu). The processing level 1C includes radiometric
and geometric corrections with sub-pixel accuracy (ESA, 2015). We ap-
plied atmospheric correction to the Sentinel-2 images using Sen2cor
version 2.2.1within the Sentinel-2 Toolbox (S2TBX), on the Sentinel Ap-
plication Platform (SNAP) version 4.0.2. Band 1 (coastal aerosol)was re-
moved in the correction. Band 08 was omitted (Korhonen et al., 2017).
Its spatial resolution was homogenized to 20 m using nearest neighbor
resampling from Band 02 to Band 8A. In addition, all the images used

http://www.cma.gov.cn
http://www.cma.gov.cn
http://www.hnagri.gov.cn
https://scihub.copernicus.eu
https://scihub.copernicus.eu


Table 3
Pests and disease information over the growth stages of rice in 2017 for the study area.

Type Worms (number/m2) Disease ratio per plant rice Start date (day/month) DOY (the day of year)

Brown planthopper 7.25 – 03/08 215
Glume blight disease – 36.2% 03/08 215
Brown planthopper 0.65 – 16/08 228
Leaffolder 0.68 – 16/08 228
Glume blight disease – 16.5% 16/08 228
Chilo suppressalis 3.90 – 25/08 237
Glume blight disease – 31.4% 25/08 237
Chilo suppressalis 0.43 – 12/09 255

Table 5
Data collection and the overviewof characteristics for Sentinel-2 images used in this study.
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were acquired during the rice growing season tominimize phenological
differences, andwere almost cloud-free to enablemulti-temporal image
detection. An overview of the Sentinel-2 images is presented in Table 5.

3. Methods

To monitor rice under different stressors accurately at the region
scale, the following method was implemented (see Fig. 3). (i) Ground
measurement datawere used to derive the vegetation indices (VIs) sen-
sitive to rice biophysical parameters (i.e., chlorophyll and LAI). (ii) Sen-
sitive VIs were applied to screen the unstressed rice and stressed rice.
(iii) Spatio-temporal analyses were performed to detect rice under sta-
ble stress and abrupt stress. (iv) The spatial distribution of rice under
different stressors was mapped based on the GIS analysis method.

3.1. Selection of sensitive indices to stress

Based on the previous results, the primary effect of Cd -induced
stress on rice relates to changes in color and morphology and a corre-
sponding reduction in chlorophyll and LAI (Barcelo and Poschenrieder,
1990; Larsson et al., 1998). The change of these symptoms in plants
can be detected by remote sensing directly (Rumpf et al., 2010). Thus,
the shifts in the vegetation spectra of plants under Cd stress occur in
the near-infrared part of the spectrum (Kooistra et al., 2004). Therefore,
five VIs based on the red edge wavelength were selected for this study:
the red-edge chlorophyll index (CIRE), the red edge position (REP), the
MERIS terrestrial chlorophyll index (MTCI), and two normalized red
edge differences (NDRE1, NDRE2). These indices have been proven to
be sensitive to chlorophyll content and LAI in previous studies, serving
as a proxy for crop stress detection (Clevers and Gitelson, 2013; Liang
et al., 2015; Schlemmer et al., 2013; Hill, 2013; Korhonen et al., 2017).
The formula for ASD hyper-spectral data and the Sentinel-2 data are de-
tailed in Table 6.

3.2. Sensitivity analysis of vegetation indices

Our goal was to select VIs sensitive to leaf chlorophyll concentration
and LAI in rice under environmental stressors. At the field-scale, we
identified whether there were strong relationships between VIs
(Table 5) and these two biophysical parameters based on in situ mea-
sured data. The root mean square error (RMSE) and correlation coeffi-
cient (R2) were used to measure a statistical model's performance at
Table 4
The specific day of field measured data for the study area.

Acquisition date

Day/month/year 03/07/2014 29/07/2014 28/08/2014 16/09/2014
DOY 184 210 240 259
Day/month/year 17/07/2015 05/08/2015 25/08/2015
DOY 198 217 237
Day/month/year 26/07/2016 18/08/2016 05/09/2016
DOY 208 231 249
Day/month/year 23/07/2017 08/08/2017 25/08/2017
DOY 204 220 237
determining the possible correlation between biophysical parameters
and VIs. Here, when the VIs examined were simultaneously sensitive
to LAI and chlorophyll with R2 N0.5, they could be considered to be ap-
propriate VIs for identifying stress levels.

In order to further investigate whether the VIswere sensitive to bio-
physical parameters at a regional scale, the relationship between ASD
indices and Sentinel-2 indices were established. The VIs selected were
calculated using the standard analysis of variance (ANOVA), which is a
collection of statistical models used to analyze the differences among
groupmeans and their associated variation among and between groups.
In the ANOVA setting, the observed variance in a particular variable is
partitioned into components attributable to different sources of varia-
tion. This study implemented one-way ANOVA following the procedure
stipulated in Statistical Product and Service Solutions (SPSS 20.0, IBM
Corp., Armonk, NY, USA). Dunnett's T3 test was applied to determine
significant differences between unstressed and stressed rice at P b

0.05 (Calderón et al., 2013).

3.3. Analysis of spatio-temporal characteristics

Recently, spatio-temporal anomaly detection has been proposed to
monitor invasive exotic plant species, crops soil diseases, forest fires,
and environmental pollution (Olsen et al., 2015; Anderson et al., 2016;
Verbesselt et al., 2012; Mahlein et al., 2013; De Castro et al., 2015;
Devries et al., 2015; Olsson et al., 2016). The most well-known and
widely used spatio-temporal anomaly detectionmethods are outlier de-
tection distribution-based, depth-based, distance-based, and
clustering-based (Shekhar et al., 2003; Cheng and Li, 2006). The
spatio-temporal anomaly is referred to as a spatial-temporal object
with thematic attribute values that are significantly different from
those of other spatially and temporally referenced objects in its spatial
or/and temporal neighborhoods (Barnett and Lewis, 1994; Cheng and
Li, 2006). Therefore, spatio-temporal anomaly detection methods may
be feasible for distinguishing between the rice under abrupt stress ver-
sus that under stable stress.

Changes in crops VIs were confirmed to be affected by the intrinsic
crops growth trend and stable and abrupt stressors (Tian et al., 2017).
In general, the intrinsic crops growth trend and variation induced by
stable stressors have dominant impacts on spatio-temporal shifts of
Data acquisition Sentinel-2

Day/month/year DOY Band Name Wavelength
range (nm)

Resolution
(m)

28/08/2016 241 02 Blue (B) 458–523 10
12/07/2017 193 03 Green (G) 543–578 10
17/07/2017 198 04 Red (R) 650–680 10
24/07/2017 205 05 Red edge1 (RE1) 698–713 20
06/08/2017 218 06 Red edge2 (RE2) 733–748 20
21/08/2017 233 07 Red edge3 (RE3) 773–793 20
15/09/2017 258 08 Near infrared (NIR) 785–900 10

08A Near infrared narrow
(NIRn)

855–875 20



Fig. 3. Flow chart of distinguishing heavy metal stress from different stressors.
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crops spectra within the growing season; abrupt stressors are not con-
stant in space and time, and affect only local or short-term spatio-
temporal shifts of crops spectra. In order to quantify the period-to-
period variability of a given index time series (Qi), Qi for each two pe-
riods is formulated simply as:

Qi ¼ Vmþ1;i−Vm;i or Vmþ1;i=Vm;i; ð1Þ

whereQi, Vm+1, i, and Vm, i are the VIs variation, and the values of the i-th
pixel VIs for periodm andm+1, respectively.We delineate Vm, i , Vm+1, i

− Vm, i of two different periods, in order to facilitate our interpretation
and discussion, with subscripts indicating the range of the DOY used,
such as DOY (the time is expressed as the day of the year, DOY; 12/
07/2017 is thus called DOY193), DOY 198–193 (m time is DOY193, m + 1
time is DOY198). In this study, the intra-annual variabilities and inter-
annual variability were defined as the difference between two consecu-
tive growth stages for a spectrum index (i.e., Vm+1, i − Vm, i in Eq. (1))
and the ratios of the same growth period for different years (i.e., Vm+1,

i/Vm, i in Eq. (1)), respectively. The computed VIs in each time series
were assumed to change not because of land use changes, but because
of rice growth, and therefore, we generate Qi by linking Vm+1, i and Vm,

i. The total Qi is the sum of the accumulated intrinsic crops growth
trend, the accumulated stable changes, and the accumulated abrupt
changes.

In this study, the coefficient of spatio-temporal variation (CSTV) is
computed. The CSTV is expressed as follows:

CSTV ¼ Qi−Q
�� ��

δ
; ð2Þ
Table 6
Selection of five VIs related to red edge bands in this study.

Index Formula for ASD data Formula for Sentin

CIRE ðR783
R705

Þ−1 ðB07B05Þ−1

REP 705 þ 35 ðR665þR783 Þ=2−R705
R740−R705

705þ 35 ðB04þB07Þ=
B06−B0

MTCI R740−R705
R705−R665

B06−B05
B05−B04

NDRE1 R740−R705
R740þR705

B06−B05
B06þB05

NDRE2 R783−R705
R783þR705

B07−B05
B07þB05
where Qi, Q , and δ are the i-th pixel value, area-averaged mean value,
and standard deviation of Q along a given index, respectively. Thus,
CSTV is a useful descriptive parameter for capturing the spatio-
temporal variation of VIs. Q and δ are computed as follows:

Q ¼
Xj

i

Q i= j; ð3Þ

δ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xj

i

Q i−Qi

� �2
= j

vuut ; ð4Þ

where j is the total pixel number of Q.
The CSTV is actually normalized by amean and a standard deviation

of one (δ) to facilitate the identification of areas where VIs are higher or
lower than normal for a given time interval within the growing season.
When crops are stressed by stable stressors or are not stressed, the CSTV
has a lower value because the VIs change uniformly in this area (Liu
et al., 2016). However, a higher CSTV indicates that crops are stressed
by an abrupt factor during some growth stage(s) (Phadikar et al.,
2012). In this study, previous reports on the criteria for spatio-
temporal anomalies (Shekhar et al., 2003; Cheng and Li, 2006), the
CSTV calculation was used with a 95% confidence level defining “stable
stress”. In addition, at this stage of the study, pests/disease (i.e., abrupt
stress) that have a size less than the minimum mapping unit were re-
moved. Theminimummapping unit size, which is two pixels of the cor-
responding Sentinel-2 image (20 m × 20 m), was determined to
support the average area of each paddy in Southern China.
el-2 data Reference

(Gitelson et al., 2003, 2006)
2−B05
5

(Guyot and Baret, 1988)

(Dash and Curran, 2004)

(Gitelson and Merzlyak, 1994; Sims and Gamon, 2002)

(Barnes et al., 2000)



Fig. 4. Characteristic of unstressed and stressed rice from ASD data and Sentinel 2 image.
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4. Results

4.1. Determination of optimal Sentinel-2 spectral bands for unstressed and
stressed rice

The average reflectance curves between the unstressed and stressed
rice are shown in Fig. 4. For ASD reflectance spectra, a large difference in
the original spectral reflectancewas observed in the visible and near in-
frared region; namely, the reflectance of unstressed rice was higher
than that of stressed rice. For Sentinel-2 reflectance spectra, regardless
of whether B02, B03, or B04 was the focus, no clear difference was ob-
served in the mean values of unstressed and stressed rice, indicating
that there were no visible symptoms of crops stress in the original re-
flectance spectra from B02 to B04. From B06, B07, and B8A, the notable
common feature was that the spectral curve of unstressed rice was
slightly higher than that of stressed rice.
4.2. Verification of sensitive Sentinel-2 indices for unstressed and stressed
rice

4.2.1. Multi-year ASD indices for unstressed and stressed rice
To identify appropriate VIs associated with stress levels in our field

experiments, R2 valueswere calculated between the biophysical param-
eters and the five VIs. Each VI was set as the independent variable (x),
respectively; rice LAI or chlorophyll was set as the dependent variable
(y); and for each calculation, we used the linear regression, exponential
regression, logarithmic regression, and quadratic regression to establish
between the biophysical parameters and the five VIs. The result demon-
strated that a quadratic regressionmodel exhibited the better fitting for
all five VIs, as shown in Table 7. The VIs CIRE, REP, MTCI, NDRE1, and
NDRE2 had a better relationship with chlorophyll concentration, with
R2 values ranging from0.81 to 0.83. Comparedwith chlorophyll concen-
tration in rice, LAI was less sensitive to stress levels, with relatively
lower R2 values from 0.61 to 0.63. When the VIs examined were simul-
taneously sensitive to LAI and chlorophyll, they could be considered to
be appropriate VIs for identifying stress levels. Therefore, in this study,
Table 7
The fitting relationship between VIs and Chl-a and LAI in experimental areas (sample number

Index Equation Chl-a

R2 RMS

CIRE y = − 5.3009x2 + 28.864x − 2.3308 0.823 3.28
REP y = − 0.0078x2 + 12.777x − 5098.9 0.821 3.68
MTCI y = − 5.655x2 + 32.047x − 8.2273 0.829 3.22
NDRE1 y = − 149.74x2 + 189.51x − 20.228 0.819 3.32
NDRE2 y = − 134.36x2 + 186.28x − 25.558 0.820 3.30
CIRE, REP, MTCI, NDRE1, and NDRE2 were all effective indicators of rice
stress as identified in our field experiments.

4.2.2. Relationship between ASD indices and Sentinel-2 indices
To scale the field plot-level canopy biophysical modeling up to the

satellite data, a near-simultaneous Sentinel-2 image on 28 August
2016 and ASD field measurement acquired on 5 September 2016 were
compared. The relationships of CIRE, REP, MTCI, NDRE1, and NDRE2
from the Sentinel-2 image and ASD data are shown in Fig. 5. From
Fig. 5, it indicates some difference between VIs from the Sentinel-2
image and from the ASD data; these differences are attributed to spec-
tral resolution and spectral noise, such as background and atmospheric
effects. R2 between VIs from the Sentinel-2 image and VIs from the ASD
data were N0.60 for CIRE, REP, and NDRE2. Thus, although CIRE, REP,
MTCI, NDRE1, and NDRE2 were appropriate indicators to detect stress
levels at the field scale, CIRE, REP, and NDRE2 proved to be effective in-
dicators of stress level at both the field scale and the region scale. This
result implies that CIRE, REP, and NDRE2 calculations from the
Sentinel-2 images were the best indicators to detect regional stress
levels in crops.

4.2.3. Sensitivity analysis of VIs for unstressed and stressed rice
Based on the previous result, the strongest relationship (R2 N 0.6)

existed in CIRE, REP and NDRE from the ASD data as well as those from
the Sentinel-2 image, so CIRE, REP and NDRE could be considered to be
appropriate VIs for identifying stress levels. The mean and standard de-
viation of CIRE, REP, and NDRE2 between unstressed and stressed rice
from different growth stages in 2014, 2015, and 2016 are shown in
Fig. 6. VIs of unstressed rice were measured from the Site A and Site B,
whereas VIs of stressed rice were measured from the Site C and Site D.
The figure shows that the CIRE, REP, andNDRE2 in stressed ricewere rel-
atively lower than those in unstressed rice for most rice growth stages.
The opposite trend was limited to the early growth stage, such as DOY
184 in 2014. The relatively lower standard deviations observed for
most of the rice growth stages were due to homogeneity in the VIs at
each field scale. To test if there were significant VI differences between
unstressed and stressed rice from the different growth stages, we used
ANOVA and performed this test at a significance level of 0.05. The VI
sensitivity of rice among growth stages is also shown in Fig. 6.

CIRE, REP, and NDRE2 could be used to discriminate stressed and un-
stressed rice, reaching significantly lower values (P b 0.001) for most
rice growth stages. Only CIred-edge in DOY 237, 2015, was not statisti-
cally significant and had a high P value, N0.05. Based on Fig. 6, CIRE,
REP, and NDRE2 can be used as effective VIs for distinguishing between
unstressed and stressed rice.

4.3. Spatio-temporal characteristics of sensitive VIs for rice under stress

4.3.1. Intra-variation of spatio-temporal characteristics
Based on Eq. 2, the CSTV of different VIs in two consecutive growth

stages were calculated as shown in Fig. 7. Regardless of the experimen-
tal area, the CSTV exhibited similar spatial distributions in CIRE and
NDRE2, owing to use of the same spectral bands in these cases. In addi-
tion, compared to REP, CIRE and NDRE2 exhibited more obvious spatial
variation over time. That is to say, CIRE and NDRE2 were more sensitive
n = 320).

Equation LAI

E R2 RMSE

2 y = − 0.5503x2 + 2.6105x + 1.8946 0.630 0.364
0 y = − 0.0019x2 + 2.8009x − 1034.8 0.612 7.928
6 y = − 0.5242x2 + 2.6724x + 1.5651 0.632 0.363
7 y = − 20.265x2 + 20.362x − 0.1564 0.613 0.372
9 y = − 17.273x2 + 19.656x − 0.6352 0.615 0.371



Fig. 5. Relationship between VIs from the Sentinel-2 image and from the ASD data.
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to different stressors than REP, which agrees well with the previous re-
sults shown in Fig. 5. Fig. 7a clearly shows that the variability of CSTV
in Site A was spatially small, with a CSTV of b2. In addition, in most re-
gions, the CSTV was concentrated between 0 and 1. Fig. 7b shows
large amplitudes of the CSTV in Site B, ranging from 0 to 2 from DOY
Fig. 6. Comparison of VIs between unstressed and stressed rice in differe
198–193 and DOY 205–198. From DOY 218–205, DOY 233–218, and DOY
258–233, the CSTV valuesmostly remained b2; however, relatively higher
CSTV values N2 were exhibited in local areas. As shown in Fig. 7c, the
CSTV variability in Site C presented similar tendencies as that in Site
A: they were both stable in time and space, with CSTV values b2.
nt growth stages from three consecutive years of field experiments.



Fig. 8. CSTV of VIs in inter-variation from 2016 and 2017 in different experimental areas:
(a) Site A; (b) Site B; (c) Site C; (d) Site D.

Fig. 7.CSTV of VIs in intra-variation from2017 in different experimental areas: (a) Site A; (b) Site B; (c) Site C; (d) Site D.①,②,③,④, and⑤ represent CSTVs inDOY 198-193, DOY 205-198,
DOY 218-205, DOY 233-218, and DOY 258-233.
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Fig. 7d clearly shows that the variability of CSTV in Site D was spatially
small from DOY 198–193 to DOY 233–218; however, CSTV values in local
areas of DOY 258–233 were N2.

4.3.2. Inter-variation of spatio-temporal characteristics
According to the above analysis, the CSTV of VI ratios for the same

growth stage in different years was regarded as the indicator for an
inter-annual anomaly. Referring to the spatio-temporal anomaly level,
the distribution of abnormal VIs over the same period was local in
space. CSTVs induced by agricultural management (such as soil nutri-
tion) can vary spatially and from year-to-year. In this study, near-
growth stages in the Sentinel-2 images from 28 August 2016 and 21Au-
gust 2017 were compared. The temporal-spatial CSTV distribution is
displayed in Fig. 8, where it is evident that the CSTV showed little
inter-annual variability, and the CSTV mainly ranged from 0 to 1 and
remained stable in all areas. This CSTV stability is largely due to similar
soil nutrition, and it can concluded that there was no serious nutrient
stress on the rice crops.

4.4. Discrimination of rice under heavy metal stress and abrupt stress

In our study, the CSTV at a 95% confidence level was used to classify
distinguish different stressors. That is to say, a CSTV of 2was considered
as the threshold value to assess stable and abrupt stress. And two times
the standard deviation was considered to indicate abnormal VIs in
spatial-temporal variation. REP, CIRE, and NDRE2 all mapped the distri-
bution of rice with and without stress. The strongest relationship was



Fig. 9. Distribution of Cd stress and abrupt stress in different experimental areas: (a) Site A; (b) Site B; (c) Site C; (d) Site D.
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found between NDRE2 from the ASD data aswell as from the Sentinel-2
imagewith a R2 of 0.824 and RMSE of 0.016 (Fig. 5). So, NDRE2was used
to map the unstressed rice and rice under different stressors. As previ-
ously noted, less than the minimum mapping unit were removed.
Fig. 9 shows the CSTVs of unstressed rice and rice under different
stressors in combination with the heavy metal concentration in soil
(Fig. 2). The CSTVs indicate not only where rice is under abrupt stress
but also when. Site A is unstressed by any environmental factors, and
Site B is stressed by pests and diseases from the start of DOY 218–205. Pri-
ority should be given to the onset of pests and disease outbreaks when
mapping the occurrence of abrupt stress. Site C is stressed only by Cd in
the soil, and themajority of Site D is affected by Cd stress, with local re-
gions of Site D influenced by Cd stress as well as pests and disease dur-
ing the late growth stage.

These statistics are detailed in Table 8. Approximately one-third
of the rice (28.4% of the total area) in Site B was subjected to pests
and diseases. In addition, rice subjected to pests and disease oc-
curred at several growth stages. The percentage area of rice sub-
jected to pests and disease in Site D was only 6.75%. In both Site B
and Site D, the rice subjected to pests and disease presented as “hot
spots.” Therefore, the CSTV has demonstrated the capability of cap-
turing spatio-temporal characteristics of rice under different
stressors: the Cd-contaminated soil is characterized by spatio-
temporal stability, whereas abrupt stress (e.g., drought stress,
pests/diseases, and mismanagement) is spatio-temporally transient.
This finding implies that multi-temporal remote sensing data can be
used to detect heavy metal stress levels in crops.
Table 8
Percentage area of rice under different stresses in each experimental area.

Experimental
area

Unstressed Abrupt stress Cd
stress

Double-stress

Site A 100% 0 0 0
Site Ba 71.64% (82.82%,

96.35%, 92.43%)
28.4 (17.18%,
3.65%, 7.57%)

0 0

Site C 0 0 100% 0
Site D 0 0 93.25% 6.75%

a Note: regarding the calculation of the percentage of Site B area percentage subjected
to pests and disease, the value in the outside bracket represents the total area percentage,
and the value in the inside bracket represents the respective percent area subjected to
pests and disease for DOY218-205, DOY233-218, and DOY258-233.
5. Discussion

Our study demonstrated that heavy metal pollution in crops results
in persistent and stable characteristics in space and time. A satisfactory
performance was obtained, which can be attributed to two factors. On
the one hand, CIRE, REP, and NDRE2 were sensitive to crops under
stressors, and these results also proved that the Sentinel-2 images are
an effective remote data source for detecting plant stress (Fernández-
Manso et al., 2016). On the other hand, CSTVs of multi-temporal
Sentinel-2 VIs can capture the spectral difference between Cd stress
and other stressors in space and time. The CSTV developed in this
study can be considered a spatio-temporal detection strategy in the
manner of previous distribution-based approaches (i.e., the mean and
standard deviation) (Shekhar et al., 2003; Hede et al., 2015; Anderson
et al., 2016; Boutin et al., 2016). The threshold of 95% confidence level
is generally used to identify an abnormality and normality (Shekhar
et al., 2003). It is noted that changing this threshold of CTSV can affect
the distribution of crops under abrupt stress. For example, the higher
confidence level makes the greater threshold of CSTV, which reduced
the spatial distribution of crops under abrupt stress. In this study,
lower CSTV values corresponded well with rice under Cd stress. This
study focused on investigating whether the proposed spatio-temporal
detection method can accurately detect crops under Cd stress from
other stressors. Other spatio-temporal detection algorithms
(i.e., outlier depth-based, distance-based, and clustering-based) may
also effectively detect crops under stable stress and abrupt stress
(Kulldorff et al., 2005; Tango and Takahashi, 2005; Hede et al., 2015;
Anderson et al., 2016).

Further work will be required to apply satellite images to detect
heavy metal stress in crops at a large scale. First, misjudgments arising
from abrupt changes due to land cover changes are a salient barrier to
applying satellite images to stress level monitoring on a large scale be-
cause agricultural land cover is characterized by fast changeswithin rel-
atively short time intervals (such as different crops types and different
plant management strategies). Therefore, this study was based on
data for the same or similar crops (such as first- and second-season
rice crop) in similar growth stages, and images of pure paddy fields
were also selected to limit variability. Second, the CSTVs of VIs can
vary significantly because of differences sowing date, cultivars of rice,
climatic condition, and fertilization strategies, it remains a challenge to
discriminate all these factors that potentially influencing crop growth
at a large scale. Third, high-resolution spatio-temporal images are re-
quired to map crops regions and obtain accurate times and locations
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of crops under different stressors, especially for abruptly stressed crops.
At the same time, using multi- and hyper-spectral sensors in conjunc-
tionwith SAR data canmore effectively monitor crops stressors. Ideally,
if clouds and cloud shadows are adequately screened,multi-sensors can
exclude large rates of false detection of abrupt stressors because most
surface reflectance change is caused by clouds, which have different
spectral effects compared to those caused by abrupt stress.

An attempt has beenmade to detect Cd stress in rice using Sentinel-
2 image from the consecutive growth stage of rice in 2017. Some re-
searchers found that the linear, plateau and Langmuir sorption models
within the soil–plant system were used to describe the availability of
heavy metals contaminated paddy soils (McBride, 2002; Zhao et al.,
2012). Currently, five VIs formulated with the red edge wavelength
were selected to investigate the possibility of applying multi-temporal
Sentinel-2 images to accurate detection rice under Cd stress. In the fu-
ture,more VIs based on the red edgewill be developed in order to detect
Cd stress, in addition, the Cd stress level will be accurately detected. In
addition, it will be necessary to use long time series from Sentinel-1
and Sentinel-2 images to discriminate Cd-induced crops stress from
other stressors based on spatio-temporal characteristics (such as stable
or transient, small-scale or large-scale). Sentinel-2 images may also be
used in conjunction with Sentinel-1 images and Landsat 8 images to
provide meaningful and effective crops stress monitoring.

6. Conclusion

This study applied multi-temporal Sentinel-2 images to detect Cd
stress on rice growing in a natural agriculture ecosystem on the regional
scale. First, REP, CIRE, and NDRE2were selected as effective indicators to
screen stressed rice from unstressed rice based on three consecutive
years of data measured in the field and comparisons between ASD VIs
and Sentinel-2 VIs. Second, the CSTVs of these three VIs were calculated
and their threshold values were verified to differentiate rice under Cd
stress and other abrupt stressors. The analysis showed that large CSTV
values are associatedwith abrupt stress, and small values are associated
with stable stress and healthy rice. Furthermore, the CSTVs of VIs for rice
subjected to Cd stress were close to one, regardless of whether or not
the CSTV was applied over the whole growth stage of rice in one year
or to the same growth stage in two different years. These results confirm
that Cd stress in crops is characterized by stability in space and time.

Thus, Sentinel-2 offers significant promise for the accurate detection
of rice under Cd stress. Sentinel-2 image with abundant red edge infor-
mation is very promising in manage our environment, understand and
tackle the vegetation status response to environmental stress and
even climate change.
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