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Abstract: Vegetation indices (VIs) from satellite remote sensing have been extensively applied to analyze the trends of vegetation 

phenology. In this paper, the NDVI (normalized difference vegetation index) and SR (simple ration), which are calculated from the same 

spectral bands of MODIS data with different mathematical expressions, were used to extract the start date (SOS) and end date (EOS) of 

the growing season in northern China and Mongolia from 2000 to 2015. The results show that different vegetation indices would lead to 

differences in vegetation phenology especially in their trends. The mean SOS from NDVI is 15.5 d earlier than that from SR, and the 

mean EOS from NDVI is 13.4 d later than that from SR. It should be noted that 16.3% of SOS and 17.2% of EOS derived from NDVI 

and SR exhibit opposite trends. The phenology dates and trends from NDVI are also inconsistent with those of SR among various vege-

tation types. These differences based on different mathematical expressions in NDVI and SR result from different resistances to noise 

and sensitivities to spectral signal at different stage of growing season. NDVI is prone to be effected more by low noise and is less sensi-

tive to dense vegetation. While SR is affected more by high noise and is less sensitive to sparse vegetation. Therefore, vegetation indices 

are one of the uncertainty sources of remote sensing-based phenology, and appropriate indices should be used to detect vegetation 

phenology for different growth stages and estimate phenology trends. 
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1  Introduction 

Vegetation phenology describes the timing of plant 
life-cycles events connected to climate (Menzel et al., 
2006; Schwartz et al., 2006) including recurring transi-
tions of vegetation growth and senescence processes 
(Delpierre et al., 2009; Chuine et al., 2010). Climate 
change strongly affects terrestrial plant life cycles 
(Steltzer and Post, 2009) by altering the onset and dura-

tion of vegetation phenological events. In return, 
changes in vegetation phenology can regulate climate by 
altering the energy, water, and carbon exchanges be-
tween land surfaces and the atmosphere (Zhang et al., 
2006; Richardson et al., 2010). Vegetation phenology is 
perceived as a highly sensitive indicator of climate 
change impacts and feedbacks (Peñuelas and Filella, 
2001; Jeong et al., 2011), and has become one of the hot 
topics of discussion for global climate and environment 



 ZUO Lu et al. Effect of Mathematical Expression of Vegetation Indices on the Estimation of Phenology Trends from… 757 

change (Menzel et al., 2006; Schwartz et al., 2006; 
Zhang et al., 2013). 

Remote sensing-based vegetation phenology uses a 
time series spectral vegetation indices from satellite data 
to simulate vegetation growth dynamics from regional 
to global scales, which is often called land surface 
phenology (LSP) (de Beurs and Henebry, 2005; Zhang 
et al., 2006). LSP is also linked with climate in studying 
the environmental drivers of vegetation phenology. 
Monitoring vegetation phenology change is critical to 
quantify how ecosystems function in response to 
changes in climatic divers (Wu et al., 2016). Many 
studies on land surface phenology have found a wide-
spread trend indicating an earlier arrival of the spring 
green-up and delayed autumn senescence dates (Piao et 
al., 2006; Jeganathan et al., 2014; Buitenwerf et al., 
2015). Such trends of advancement or delay are not al-
ways in agreement with the magnitudes and trend direc-
tions of the same region and vegetation types (Cong et al., 
2013; Yang et al., 2015). For example, Zhang et al. (2013) 
found that the start date of the growing season (SOS) in 
the Tibetan Plateau experienced an advancing trend at a 
rate of 1.04 d/yr from 1982 to 2011. Conversely, Ding et 
al. (2015) found that there was no continuously advanc-
ing trend for SOS in the Tibetan Plateau. Although dif-
ferent processing technologies (Hird and McDermid, 
2009; Liu et al., 2017), retrieval methods (White et al., 
2009, 2014) and data sources (Garrity et al., 2011; Atz-
berger et al., 2014) may account for the phenology dif-
ference, the effects of vegetation indices should not be 
ignored (Wu et al., 2014; Karkauskaite et al., 2017). 

Currently, various vegetation indices from satellite 
remote sensing have been widely used to estimate 
phenology dates, such as the normalized difference 
vegetation index (NDVI) (Beck et al., 2006; Bradley et 
al., 2007; Garonna et al., 2016) and the enhanced vege-
tation index (EVI) (Zhang et al., 2006). However, there 
are significant discrepancies in phenology observed by 
different vegetation indices (Karkauskaite et al., 2017). 
Balzarolo et al. (2016) used six VIs from MODIS to 
extract the start date (SOS) of the growing season and 
found that the NDVI SOS showed the highest correla-
tion with in situ observations. Vegetation indices are the 
mathematical combination of reflectance bands, which 
are based on the reflectance features of plants that 
mainly exploit the absorption of red light by chlorophyll 
and the high scattering of near infrared (NIR) by leaf 

and canopy structures (D’Odorico et al., 2015). They are 
related with green biomass and canopy structure and 
have been recognized to be a good proxy of vegetation 
activity and greenness (Peng et al., 2013; Piao et al., 
2015). However, different vegetation indices vary in 
their shortage and strength to monitor vegetation 
phenology (Wu et al., 2014). NDVI is insensitive to 
small changes in dense forest canopies and is sensitive 
to snow (Huete et al., 2002). Conversely, SR (simple 
ration) had been shown to have a more linear relation-
ship with the leaf area index (LAI) (Chen et al., 2002) 
and was more sensitive at dense vegetation (Viña et al., 
2011). NDVI and SR are both dependent on the red and 
near infrared (NIR) parts of spectral reflectance data to 
capture canopy greenness and are only different in 
mathematical expression. NDVI can be converted to SR 
by the formula NDVI = (SR – 1) / (SR + 1). Compared 
to NDVI, SR is rarely used to monitor vegetation 
phenology. Both metrics have sufficient stability to 
permit meaningful comparisons of seasonal and inter-
annual changes in vegetation growth and activity.  

In this study, NDVI and SR are applied to extract 
SOS and the end date (EOS) of the growing season to 
investigate the effects of mathematical expressions of 
vegetation indices on the estimation of vegetation 
phenology and their trends. MODIS land surface reflec-
tance products from 2000 to 2015 were used to calculate 
NDVI and SR time series in northern China and Mon-

golia. The objectives of this paper are to: 1) determine 

if NDVI and SR provide comparability estimates of 
SOS and EOS; 2) evaluate consistency and discrepancy 
in trends of SOS and EOS as detected by NDVI and SR; 
3) characterize the phenology difference of NDVI and 
SR for different vegetation types.  

2  Data and Methods 

2.1  Study area  
This paper focuses on northern China and Mongolia 
(70°E–140°E and 30°N–55°N) where numerous major 
vegetation types are included and vegetation greenness 
shows evident seasonality, and the satellite data are less 
impacted by soar zenith angle effects at mid- to high lati-
tudes (Slayback et al., 2003; Cong et al., 2013). Vegeta-
tion type data were obtained from the MODIS Land 
Cover Type product MCD12Q1 by the International 
Geosphere Biosphere Programmer (IGBP). Eight main 
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vegetation types were identified including evergreen for-
est (evergreen needleleaf forest and broadleaf forest), 
deciduous forest (deciduous needleleaf forest and broad-
leaf forest), evergreen and deciduous mixed forests, 
grassland, shrublands, savannas, cropland, cropland and 
natural vegetation mosaic (Fig. 1). For cropland, we only 
analyzed single growing season crops with obvious sea-
sonality and are less impacted by human activities.  

2.2  Data 
2.2.1  NDVI and SR time series from MODIS 
In this study, the MODIS land reflectance product 
MOD09A1 is used to calculate vegetation indices and 
obtained from https://ladsweb.modaps.eosdis.nasa. gov. 
The MOD09A1 has a temporal resolution of 8-days and 
a spatial resolution of 500 meters and covers the period 
from 2000 to 2015 in the study area. The reflectance of 
MOD09A1 is based on ‘maximum-quality’ composites, 
that choose observations with minimal cloud cover and 
near-nadir views (Vermote and Kotchenova, 2008). The 
NDVI and SR series are both calculated using the red 
(R: 520–670 nm) and near-infrared (NIR: 841–875 nm) 
surface reflectance as noted in equations (1) and (2): 

NIR R

NIR R

NDVI
 
 





 (1) 

NIR

R

SR



  (2) 

where NIR and R are reflectances of the near-infrared 

and red regions of the electromagnetic spectrum, respec-
tively. The cloud and snow effects in time series data are 
removed by a refined cloud mask method, which has 
been proven to separate cloudy observations from 
clear-sky observations (Liu and Liu, 2013). Each year 
had a total of 46 composites. Some gaps caused by clouds 
were filled by linear interpolation.   
2.2.2  Ground observed phenology data 
SOS and EOS observed from 7 ground sites (Table 1, 73 
site-years in total) in the study area are used to compare 
with SOS and EOS detected by NDVI and SR. They are 
acquired from the National Research Network of China 
(CERN) (http://cerndis1.cern.ac.cn/index.htm). These 
observations record multiple phenological phases includ-
ing leaf unfolding, flowering, seeding, seed dispersal and 
leaf coloring of various species at a ground site (Ge et al., 
2015). We calculated the mean dates of leaf unfolding 
and coloring for all recorded species, and considered 
them as the SOS and EOS, respectively. 

2.3  Method 
2.3.1  Extraction of SOS and EOS from NDVI and 
SR 
NDVI and SR time series are fitted by the piecewise 
logistic method. The piecewise logistic method uses 
pairs of sigmoidal functions to fit the temporal trajectory 
of NDVI and SR to represent growth cycles for vegeta-
tion growth and senescence (Zhang et al., 2003; Zhang 
et al., 2006). The logistic functions can be expressed 
using the following equation: 

 

Fig. 1  The location and vegetation types of study area 
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Table 1  Description of seven ground sites for observation of the start date (SOS) and end date (EOS) of the growing season in north-
ern China 

Site ID Site name Lat/Lon (°) Plant functional type Measurement years 

BJ Beijing 39.9667/115.4333 DBF 2003–2015 

CB Changbaishan, Jilin 42.4000/128.4667 MF 2003–2015 

ES Ordos, Inner Mongolia 30.5000/110.1833 DGR 2005–2015 

FK Fukang, Xinjiang 44.0833/87.9500 DGR 2006–2007, 2009–2011 

HB Haibei, Qinghai 37.6167/101.2833 AGR 2006–2015 

MX Maoxian, Sichuan 31.6853/103.8994 MF 2005–2015 

NM Naiman, Inner Mongolia 42.9167/120.7000 DGR 2003–2015 

Notes: DBF- Deciduous broadleaf forest; MF-Mixed Forest; DGR-Desert Grassland; AGR-Alpine and sub-alpine plain grassland 

 

( )
1 ea bt

c
y t d 


 (3) 

where t is day of year, y(t) is the vegetation index (VI) 
value at time t, a and b are fitted parameters, c + d is the 
maximum VI value of y, and d is the initial background 
VI value.  

The phenological transition dates are identified based 
on the rate of change in curvature (RCC) of the fitted 
logistic models at each pixel. A vegetation growth cycle 
can be characterized by four transition dates: 1) green up: 
the date of onset of VI increase; 2) maturity: the date of 
onset of VI maximum; 3) senescence: the date of onset of 
VI decrease; and 4) dormancy: the date of onset of VI 
minimum. Transition dates correspond to the time at which 
the rate of change in curvature in the VI data exhibits local 
minima and maximums. Green up and maturity are corre-
sponding to the local maximums of the ascending region, 
and senescence and dormancy are corresponding to the 
local minimum of the descending region in the VI growth 
curve. For this study, we use the green up date as SOS and 
the dormancy date as EOS. SOS and EOS were estimated 
using NDVI and SR for each year during 2000–2015 at 
each pixel in the study area.   
2.3.2  Statistical analyses  
To compare the difference of NDVI and SR in extract-
ing vegetation phenology, the mean differences between 
SOSNDVI and SOSSR and between EOSNDVI and EOSSR 
were calculated. Meanwhile, simple linear regressions 
of SOS (SOSNDVI and SOSSR), and EOS (EOSNDVI and 
EOSSR) from 2000 to 2015 were used to determine 
phenology trend and its significance level (P < 0.05). 
Slope of linear regression represents the rate of trend. 
The positive values represent delay, and the negative 
values represent the advance of SOS and EOS (Cong et 
al., 2013). The trend consistency between SOSNDVI and 

SOSSR, and EOSNDVI and EOSSR were compared.  
Previous studies have demonstrated that vegetation 

phenology is associated with the type of land cover 
(Zhang et al., 2004; Jeganathan et al., 2014). To explore 
the variances between SOSNDVI and SOSSR, and EOSNDVI 

and EOSSR among different vegetation types, we acquired 
the average SOS and EOS values of the eight main vege-
tation types extracted by NDVI and SR in the study area, 
and the phenology differences of NDVI and SR for dif-
ferent vegetation types also have been assessed. 

Additionally, to evaluate the fitting performance of 
NDVI’s and SR’s different sensitivities to noise, we 
converted the SR fitting series to NDVI by the formula 
NDVI = (SR – 1) / (SR + 1), then use the same RCC 
method to obtain the corresponding phenological met-
rics (SOSSR2NDVI, EOSSR2NDVI) and compared them with 
SOSNDVI and EOSNDVI. The root mean square error 
(RMSE) was calculated by Equation (4) to measure the 
difference between the NDVI fitting series (NDVIFit) 
and the NDVI time series (NDVISR2NDVI) changed by 
SR fitting series.  

 2
fit SR2NDVI

1

n

i

NDVI NDVI

RMSE
n


 -

 (4) 

If NDVI and SR had the same fitting performance, 
the RMSE was almost equal to zero. The SOSSR2NDVI 
and SOSNDVI, EOSSR2NDVI and EOSNDVI of study area in 
2008 were chosen and their differences and the corre-
sponding fitting series RMSE were analyzed. 

3  Results 

3.1  Spatial patterns of SOS and EOS detected by 
NDVI and SR 
As shown in Fig. 2, the SOS and EOS detected by 
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NDVI are different from those detected by SR, the 
SOSNDVI was earlier than SOSSR, and the EOSNDVI was 
later than EOSSR. The phenology of barren and 
multi-cropping cropland is not discussed here due to the 
great uncertainty. The NDVI had a longer growing sea-
son length. In general, the spatial distributions of 
SOSNDVI and SOSSR and EOSNDVI and EOSSR are in 
agreement and are dependent on latitude (Fig. 2). 
SOSNDVI and SOSSR are the earliest in the central east 
China, and the latest in the Northeast China; EOSNDVI 

and EOSSR are the earliest in the Balkhash Lake area 
and the latest in the central east China.  

In the study area, the SOS detected by NDVI is be-
tween early February and early June, which are days of 
year (DOY) 40–160 (Fig. 2 a). There are 75.5% of 
SOSNDVI ranging from DOY 90 to 140, and the mean 
SOSNDVI is 110.7±2.8 ; SOS detected by SR is between 
the end of February and late June, which are days of 
year (DOY) 60–180 (Fig. 2 b). There are 76.9% of 
SOSSR ranging from DOY 100 to 150 , and the mean 
SOSSR is 126.2±2.7 d. SOSNDVI is 15.5 d earlier than 
SOSSR, and 9.42% of SOSNDVI and SOSSR have differ-
ence values of more than 30 d.  

EOS detected by NDVI is between early September 
and middle December, which is DOY 250–350 (Fig. 2c). 
There are 78.4% of EOSNDVI ranging from DOY 280 to 

330, and the mean EOSNDVI is 296.4±1.8 d; EOS de-
tected by SR is between middle August and late No-
vember, which is DOY 230–330 (Fig. 2d). There are 
77.2% of EOSSR ranging from DOY 260 to 310, and the 
mean EOSSR is 283.0±1.8 d. EOSNDVI is later 13.4 d 
than EOSSR, and 14.72% of EOSNDVI and EOSSR have 
difference values of more than 25 d. 

3.2  Temporal trends of SOS and EOS estimated 
by NDVI and SR 
Fig. 3 describes the spatial distribution of trends for 
SOS and EOS from NDVI and SR. For statistically sig-
nificant pixels (P < 0.05), we found that 80.6% of 
SOSNDVI and 81.2% of SOSSR displayed an advance-
ment, while 81.4% of EOSNDVI and 68.1% of EOSSR 
displayed a delayed trend. The proportion difference 
does not seem obvious. However, for the whole study 
area there was a noticeable spatial inconsistency in SOS 
and EOS trends of NDVI and SR, especially for EOS 
trends. The results showed that 16.3% of SOS and 
17.2% of EOS detected by NDVI and SR exhibited op-
posite trends (e.g., SOSNDVI in advance and SOSSR de-
lay; EOSNDVI in advance and EOSSR delay). These 
trends inconsistency of SOSNDVI and SOSSR, EOSNDVI 
and EOSSR are particularly distinct in central and 
Northeast China, where there are dense vegetation with  

  

Fig. 2  Spatial pattern of the averaged start date (SOS) and end date (EOS) of the growing season detected by NDVI and SR from 2000 
to 2015 in northern China and Mongolia. (a) SOSNDVI. (b) SOSSR. (c) EOSNDVI. (d) EOSSR. 
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Fig. 3  Linear trends of the start date (SOS) and end date (EOS) of the growing season extracted by NDVI and SR from 2000 to 2015 
at the study area. (a) SOSNDVI, (b) SOSSR, (c) SOSNDVI trend contrary to SOSSR trend; (d) EOSNDVI, (e) EOSSR, (f) EOSNDVI trend con-
trary to EOSSR trend  
 

a mosaic of some natural vegetation and agricultural 
fields (Figs. 3c, 3f). For example, Northeast China has 
24.6% of SOSNDVI and SOSSR, and 34.8% of EOSNDVI 
and EOSSR showing inconsistency in the direction of 
trends.  

There are also some variances in the magnitudes and 
significance levels between SOSNDVI and SOSSR and 
EOSNDVI and EOSSR trends. From 2000 to 2015, the 
mean dates of SOSNDVI and SOSSR in the study area ad-
vanced by 0.58 d/yr (R2 = 0.56, P < 0.01) and 0.50 d/yr 
(R2 = 0.49, P < 0.01), respectively. Meanwhile, the 
mean dates of EOSNDVI and EOSSR are delayed by 0.22 
d/yr (R2 = 0.42, P < 0.01) and 0.15 d/yr (R2 = 0.20, P = 
0.085), respectively. No significant EOS trend was ob-
served by SR. 

3.3  Comparison of SOS and EOS from NDVI and 
SR among different vegetation types 
Fig. 4 describes the average SOS and EOS among dif-
ferent vegetation types estimated by NDVI and SR. For 

SOS, it started earlier detected by NDVI than those from 
SR for all vegetation types. NDVI estimated the earliest 
SOS in mixed forest (DOY 98.3±3.8), and the latest 
SOS in shrublands (115.9±3.5), while SR estimated the 
earliest SOS in mixed forest (121.4±3.5), and the latest 
SOS in cropland (138.2±2.5). SOSNDVI and SOSSR have 
the largest difference value of 23.1 d in deciduous for-
ests and croplands but have a difference of only 10.6 d 
in grasslands.  

For EOS, its values were projected later in NDVI 
than those from SR for all vegetation types. NDVI esti-
mated the earliest EOS in savannas (DOY 289.4±1.9), 
and the latest EOS in shrublands (301.4±2.0), while SR 
estimated the earliest EOS in deciduous forests 
(272.3±1.6), and the latest EOS in shrublands 
(293.3±1.8). EOSNDVI and EOSSR have the largest dif-
ference values of 21.7 d and 20.2 d in deciduous forests 
and croplands, respectively, but only have differences of 
8.1 d in shrublands and 9.8 d in grasslands. The ranks of 
SOSNDVI and SOSSR and EOSNDVI and EOSSR for each  
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Fig. 4  The average start date (SOS) and end date (EOS) of the growing season estimated by NDVI and SR for different vegetation 
types from 2000 to 2015 at the study area. EF represents evergreen forests; DF represent deciduous forests; MF represent mixed forests; 
Cro-Nat represent croplands/natural vegetation mosaic. DOY is day of year. 
 

vegetation type are not completely matched, implying 
that NDVI and SR have different abilities in extracting 
phenology dates for different vegetation types.  

Fig. 5 compares SOS and EOS trends detected by 
NDVI and SR over the period of 2000 to 2015 for eight 
vegetation types. Noticeably, trend directions of 
SOSNDVI and SOSSR and EOSNDVI and EOSSR for all 
vegetation types are not always consistent. For example, 
the EOSNDVI of mixed forests advanced but the EOSSR 
delayed. The SOSNDVI of croplands and natural vegetation 
mosaics is slightly delayed while the SOSSR is advancing. 
In addition, the magnitude and statistical significance 
levels of trends are varied from vegetation types. For 
example, for shrublands, SOSNDVI is advancing by 
0.37±0.17 d/yr (R2 = 0.26, P < 0.05) and SOSSR is ad-
vancing by 0.27±0.17 d/yr (R2 = 0.15, P = 0.145). 

3.4  Differences of NDVI and SR against noise 
Differences in mathematical expressions of NDVI and SR 
lead to their sensitivities differences for noise. Fig. 6 
chooses three typical vegetation type pixels and describes 
the differences of NDVI and SR against noise for SOS 
and EOS estimations. At the early and late stages of 
growing seasons, biomass and leaf area index (LAI) are 
low and the spectral signals of vegetation greenness are 
weak. Noise has more evident influence on NDVI (Studer 
et al., 2007) and thus there are more biases for NDVI fit-
ting. Inversely, at the peak phase of the growing season, 
biomass and leaf area index (LAI) are very high, SR is 
more sensitive and noise has more evident influence on 
SR so that there are more biases for SR fitting (Fig. 6). 
Inherent differences of NDVI and SR against high and 
low noise contribute to the bias of fitting performance, 
thus leading to discrepancies in spring and autumn 

phenology and an inconsistency in SOS/EOS temporal 
trends. In Fig. 6, the difference values of SOS and EOS of 
three typical vegetation pixels extracted by NDVI and SR 
are obvious. If NDVI and SR have the same fitting per-
formance against noise, there are no differences between 
SOS and EOS from NDVI and SR2NDVI. 

Furthermore, we analyzed phenological metrics 
(SOSNDVI, SOSSR2NDVI; EOSNDVI, EOSSR2NDVI) and the 
RMSE of NDVI fitting series (NDVIFit) and NDVI time 
series (SR2NDVI) changed by SR fitting series (Fig. 
7). As shown in Fig. 7a, the 65.2% difference value 
(DV) of SOSNDVI and SOSSR2NDVI is in the range of 
–5–5 d and the average RMSE is 0.0036. However, the 
average RMSE of DVSOS N D V I –SOS S R 2 N D V I

 > 5 and 
DVSOSNDVI–SOSSR2NDVI

 < –5 are raised to 0.0304 and 0.0269, 

respectively. Similarly, the 80.3% DV of EOSNDVI and 
EOSSR2NDVI is in the range of –5–5 d and the average 
R M S E  i s  0 . 0 0 3 6 .  T h e  a v e r a g e  R M S E  o f 
DVEOSNDVI–EOSSR2NDVI

 > 5 and DVEOSNDVI–EOSSR2NDVI
 < –5 are 

raised to 0.0208 and 0.0305, respectively. The  

 

Fig. 5  The start date (SOS) and end date (EOS) of the growing 
season trends for different vegetation types estimated by NDVI 

average RMSE increases and SR from 2000 to 2015 at the 
study area. EF represent evergreen forests; DF represent decidu-
ous forests; MF represent mixed forests; Cro-Nat represent crop-
lands/natural vegetation mosaic. *P < 0.1, **P < 0.05. 
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Fig. 6  Differences of NDVI and SR for the start date (SOS) and 
end date (EOS) of the growing season extraction. (a) Deciduous 
forest pixel (48.531°N, 120.704°E) in 2005; (b) cropland pixel 
(47.981°N, 121.282°E) in 2005; (c) grassland pixel (44.206°N, 
116.819°E) in 2011. SR2NDVI means the NDVI time series con-
verted by SR fitting series. 

 
nearly 10 times when the SOS and EOS DV are more 
than 5 d. The larger the RMSE, the more discrepancies 
between NDVI- and SR-detected vegetation phenology 
are found. 

3.5  Comparison of SOS and EOS detected by 
NDVI and SR with ground observations 
NDVI provided SOS estimates that were significantly (P 

< 0.05) correlated with ground sites SOS observations 
(Fig. 8a), with the higher determined coefficients R2 
(0.56) and lower RMSE (10.8 d) compared to SOS esti-
mated by SR. SR provided the higher bias (12.5 d) 
which was calculated as the mean values of the differ-
ences and the higher dispersion (14.5 d) which was cal-
culated as the standard deviation of the differences. 
Furthermore, the SOSNDVI had a bias of –2.5 d, meaning 
that it was earlier than ground observation SOS. Mean-
while, the SOSSR had a bias of 12.5 d, meaning that it 
was later than ground observation SOS. Overall, the 
SOSNDVI estimates better matched the start dates of 
growing season from ground sites.  

For EOS, the relationship between ground-based and 
remote sensing-based estimates matched less than that of 
SOS. SR provided estimates that were significantly (P < 
0.05) correlated with ground sites’ EOS observations 
(Fig. 8b), with the higher of determined coefficients R2 
(0.70) and lower RMSE (20.5 d) compared to the EOS 
estimated by NDVI. NDVI showed the higher bias (34.8 
d) and the higher dispersion (17.0 d) when compared to 
the EOS estimated by SR. Overall, the EOSSR estimates 
matched more accurately with the end dates of growing 
season from ground sites. 

4  Discussion 

4.1  Discrepancies of NDVI and SR for phenology 
analysis 
Vegetation indices differ in the ability to track vegetation 
growth dynamics in different growth stages. NDVI has 
more ability than SR to track weak spectral signals in the 
early and end of growth season, and tends to saturate at 
dense vegetation (Zhao et al., 2011). For the same site, 
the seasonal trajectory described by NDVI time series is 
wide and flat whereas that of SR is narrow and sharp 
(Fig. 6). Thus, SOSNDVI is usually earlier than SOSSR, 
while EOSNDVI is later than EOSSR in average, which 
have been proved by our study (sections 3.1 and 3.3).  

However, it should be noted that NDVI and SR can 
cause statistically significant discrepancies in trends of 
vegetation phenology. For the whole study area 16.3% 
of SOS and 17.2% of EOS detected by NDVI and SR 
exhibited the opposite trends (section 3.2 and 3.3). This 
can be explained by the sensitivities of NDVI and SR to 
noise at different growth periods (Zhao et al., 2011). As 
a proxy of vegetation greenness, NDVI’s difference ratio 
form is more sensitive and vulnerable to low noise than  
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Fig. 7  Difference values and their percentages between SOSNDVI and SOSSR2NDVI (a), EOSNDVI and EOSSR2NDVI (b), and the corre-
sponding RMSE between NDVI fitting series and NDVI converted by fitting SR 

 

Fig. 8  The start date (SOS) and end date (EOS) of the growing season detected by NDVI and SR with the average observations of all 
measurement years at ground sites. Vertical bars represent site interannual variability as standard deviations. **P < 0.05, *P < 0.1; Bs is 
Bias; Ds is Dispersion; N is sites number. (a) VI-detected SOS with ground-SOS; (b) VI-detected EOS with ground-EOS. VI is vegeta-
tion index. 
 

that of SR at the early and late periods of the growing 
season. With a leaf increase and canopy expansion, SR’s 
direct ratio form makes itself more vulnerable to high 
noise while the NDVI have resistance to high noise 
(Mutanga and Skidmore, 2004). As a result, there is not 
only an absolute value error but also a relative change 
discrepancy between NDVI- and SR-detected phenol-
ogy. Some studies have realized this problem and try to 
propose new indices to improve the estimations of 
phenology (Zhao et al., 2011; Jin and Eklundh, 2014). 

4.2  Difference between land surface phenology 
and ground observations phenology 
Compared with ground observations, the difference be-

tween vegetation indices and a ground sites observa-
tions-based phenology suggests that remote sens-
ing-based vegetation phenology cannot be absolutely 
equal to plant physiology phenology (Liang et al., 2011; 
Guo et al., 2016). Land surface vegetation phenology 
detected by remote sensing uses seasonal curves of 
vegetation indices that are related to plant biological and 
biochemical dynamics to extract key dates of the 
phenological phase. Phenological observations from 
ground sites exploit detailed standards to observe and 
record plant growth dynamics. For example, the onset of 
the first batch of leaves is defined as green-up date (Li-
eth and Radford, 1971; Studer et al., 2007). There is no 
clear correspondence between remote sensing phenol-
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ogy and biological phenology, such as sprouting, and 
leaves unfolding. Remote sensing-based vegetation 
phenology reflects the seasonal changes of canopy spec-
tral, and some signals changes may cause a misinter-
preted phenological change, such as the snowmelt (Na-
gai et al., 2010), and the plant species change within a 
pixel (Fu et al., 2015).  

These errors remind us that the correct methods in de-
termining the ‘real’ phenology change estimated from the 
different vegetation indices should be pay more attention 
(Helman, 2018). NDVI and SR based on the same spec-
tral bands of MODIS that only differ in mathematical 
expressions can result in remarkable discrepancies in 
vegetation phenology as well as show that the character-
istics of vegetation indices have high effects on phenol-
ogy observations and trend estimations. This phenome-
non may be one of the sources of uncertainty of remote 
sensing-based phenology. Hence, remote sensing-based 
phenology should be designed according to the greenness 
proxy and the vegetation system to be monitored. More 
knowledge based on comparative studies of the charac-
teristics of different vegetation indices proxies should be 
considered so that we can select proper greenness indices 
to monitor phenology in specific cases.  

4.3  Limitations 
The overall patterns of SOS and EOS showed a concor-
dance with previous studies while showing fewer areas of 
significant trends in this study (Cong et al., 2013; Yang et 
al., 2015). This is likely due to a short time-period com-
pared to GIMMS-based studies starting in 1982, thus re-
ducing statistical significance for phenology trends. Land 
cover change was not considered and may have some 
potential impacts on SOS and EOS of different vegetation 
types. Overall, this impact is negligible because it does 
not change our conclusion that phenological trends dis-
crepancies between different vegetation types do exit. 
The lower spatial inconsistencies in trends of SOS com-
pared to EOS (Fig. 3) suggest that the SOS of the study 
area has undergone more dramatic changes than the EOS. 
It can be predicted that the phenological trend inconsis-
tency of NDVI and SR is more pronounced in area where 
vegetation phenology changes are not significant.  

5  Conclusions 

In this study, the effects of NDVI and SR, which are two 

spectral mathematical expressions on vegetation 
phenology, were characterized in northern China and 
Mongolia from 2000 to 2015. NDVI estimated the 
growing season length as one month longer, as the av-
erage SOS was 15.5 d earlier and the EOS was 13.4 d 
later than those of SR. The differences of SOS and EOS 
and their trends estimated by NDVI and SR were varied 
among different vegetation types. It should be noted that 
16.3% of SOS and 17.2% of EOS from NDVI and SR 
showed an opposite trend, especially in the northern 
China where dense vegetation is present. The trend be-
tween different vegetation types was not always consis-
tent. NDVI and SR have different sensitivities to noise 
and spectral signals at different growing phases, causing 
these differences in phenological estimations. NDVI is 
more sensitive to low noise and spectral signals at the 
early and late period of the growing season than SR. In 
contrast, NDVI is prone to saturation at the peak period 
of the growing season and SR is more easily affected by 
noise at this time. Our results demonstrate that remote 
sensing-based phenology is highly dependent on the 
characteristics of vegetation indices, and this may be 
one of the uncertainty sources of remote sensing-based 
phenology. Different indices can be collaboratively ap-
plied to improve the estimation of vegetation phenology. 
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