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Abstract: Northeast China is located at high northern latitudes and is a typical region of relatively
high sensitivity to global climate change. Studies of the land surface phenology in Northeast China
and its response to climate change are important for understanding global climate change. In this
study, the land surface phenology parameters were calculated using the third generation dataset
from the Global Inventory Modeling and Mapping Studies (GIMMS 3g) that was collected from 1982
to 2013 were estimated to analyze the variations of the land surface phenology in Northeast China
at different scales and to discuss the internal relationships between phenology and climate change.
We examined the phonological changes of all ecoregions. The average start of the growing season
(SOS) did not exhibit a significant trend throughout the study area; however, the end of the growing
season (EOS) was significantly delayed by 4.1 days or 0.13 days/year (p < 0.05) over the past 32 years.
The SOS for the Hulunbuir Plain, Greater Khingan Mountains and Lesser Khingan Mountains was
earlier, and the SOS for the Sanjing, Songnen and Liaohe Plains was later. In addition, the EOS of the
Greater Khingan Mountains, Lesser Khingan Mountains and Changbai Mountains was later than the
EOS of the Liaohe Plain. The spring temperature had the greatest impact on the SOS. Precipitation
had an insignificant impact on forest SOS and a relatively large impact on grassland SOS. The EOS
was affected by both temperature and precipitation. Furthermore, although temperature had a lag
effect on the EOS, no significant lag effect was observed for the SOS.
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1. Introduction

Land surface phenology (LSP) is an important index of natural environmental factors, including
climate, and can visually indicate natural seasonal changes and show the responses and adaptations of
plants to natural environmental changes. LSP does not describe the physiological cycle for individual
plants but assesses the vegetation activity during the growing season at the ecosystem level [1].
Changes in vegetation, phenophase and growing season have been observed globally, and an increasing
number of scientific studies have shown that climate change has a significant impact on changes in
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land surface phenology [2–6]. Numerous types of vegetation adapt to climate change by changing their
phenological conditions in different seasons. Research on land surface phenology responses to climate
change is becoming a new area of focus in the field of phenology and has drawn international attention.

In 1985, Justice et al. [7] extracted vegetation phenological information from the National Oceanic
and Atmospheric Administration (NOAA) Advanced Very High Resolution Radiometer (AVHRR)
time series to monitor phenological changes in global vegetation. Since then, remote sensing extraction
methods for obtaining phenological information on vegetation have been continuously developed [8–16].
Vegetation phenology has been extensively used to monitor and understand the responses of
vegetation to global changes [16,17]. Different ecological systems, vegetation types and regional LSPs
respond to climate change in varying degrees. Julien et al. studied global land surface phenology
using Global Inventory Modeling and Mapping Studies (GIMMS) data and found that the start of the
growing season (SOS) had advanced (advanced indicates an earlier SOS) by 7.9 days and that the
end of the growing season (EOS) had been delayed by 9.4 days from 1982 to 2003 [18]. Jeong et al.
studied the phenology of the Northern Hemisphere using AVHRR data and found that the SOS had
advanced by 3 days/10 years and that the EOS had been delayed by 3.1 days/10 years from 1982
to 1999 [19]. Zhou et al. studied phenological changes in the Northern Hemisphere from 1981 to
1999 using AVHRR data and found that the SOS in Europe advanced by 18 ˘ 4 days and that the
SOS in North America advanced by 12 ˘ 5 days during this period [12]. Myneni et al. estimated the
vegetation phenology in the region between 45˝N and 47˝N from 1981 to 1991 using AVHRR data
and discovered that the SOS had advanced by 8 days/10 years and that the EOS had been delayed
by 4 days/10 years [8]. Zhao et al. analyzed the spatial and temporal characteristics of vegetation
phenological changes above 40˝N from 1982 to 2013 and found that the advancement and delay of
the SOS and EOS, respectively, over the past three decades were slower than those over the initial
two decades at the hemispheric scale [16]. Parmesan et al. conducted a global study and found that the
SOS had advanced by 2.3 days/10 years. White et al. studied the eastern US and found that the length
of the growing season of broadleaf forests had increased by five days from 1900 to 1987 [20]. Zhang et al.
studied the responses of vegetation phenology to precipitation in Africa [21]. Fitter et al. studied
the relationships between the first flowering and leaf unfolding dates and temperature in central
England and found that an increase of 1 ˝C was sufficient to advance the flowering date by four days [22].
In addition, an increase of 1 ˝C was sufficient to advance the leaf unfolding date in Europe by
3.2–3.6 days [23]. Piao et al. studied the vegetation phenology of the temperate zone of China
and found that the SOS had advanced by 7.9 days/10 year and that the EOS had been delayed by
3.7 days/year. In addition, these authors found that an increase of 1 ˝C in the spring advanced the
SOS by 7.5 days and that an increase of 1 ˝C in the fall delayed the EOS by 3.8 days [24]. The results of
Zhao et al. showed that the SOS was delayed by four days and that the EOS was delayed by 10 days
along the Appalachian trail from 1982 to 2006 [25]. White et al. conducted a study of broadleaf forests
in the eastern US and found that the onset of the growing season in urbanized areas was 5.7 days
earlier than the onset of the growing season in rural areas. These authors also observed that the leaf-fall
date of the broadleaf forests in the urbanized areas was two days later than that in the rural areas [26].
Dash et al. observed that extremely cold weather conditions delayed the SOS in 2003 [27]. Busetto et al.
analyzed the relationships between the phenological cycle of larch and the climate in an alpine
region [28]. Yu et al. studied forest phenology using MODIS EVI data from 2000 to 2009 in Northeast
China and found that both the SOS and EOS were delayed at a rate of <1.5 days/year [29]. Overall,
previous studies have shown advances in the SOS and delays in the EOS before 1999 [8,12,16,19].
However, several studies have shown that the SOS advanced slowly or was delayed after 2000 [16,29].

Northeast China is located at middle latitudes in the Northern Hemisphere and is an area
that exhibits prominent climate changes. Thus, Northeast China provides an exceptional area for
monitoring changes in climate-driven vegetation. Climate change in Northeast China may precede
climate change in low elevation regions; therefore, this region can be used as an early warning for
climate change in regions at low latitudes and low elevations. Although the land surface phenology
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in Northeast China has been studied, most previous studies consider relatively short time scales [29]
and do not thoroughly discuss the effects of climate factors on land surface phenology. Therefore,
it is important to thoroughly analyze land surface phenology relative to climate factors. Under the
background of global climate change, this study investigated the temporal and spatial variations of
land surface phenology at several scales and the relationships between land surface phenology and
climate factors in Northeast China. The objectives of this study were to (1) examine the pixel-scale
temporal and spatial patterns of the land surface phenology over Northeast China; (2) explore the land
surface phenology trends in different ecological areas during the past three decades; (3) reveal how
climate controls the spatial and interannual variations in land surface phenology; and (4) clarify the
lag effects of temperature and precipitation on land surface phenology.

2. Materials and Methods

2.1. Study Area

The Northeast China (NEC) region of interest (ROI) is located from 115˝321 to 135˝091E and from
38˝421 to 53˝351N, covers an area of 1.24 million km2 (Figure 1) and exhibits extensive natural diversity
with respect to climate, vegetation, geology and soil. The topography of the NEC ROI is characterized
by central plains surrounded by mountain ranges. The central plains include the Liao River Plain and
the Songnen Plain in the southern and northern parts of the ROI, respectively. The Greater Khingan
Mountains, the Lesser Khingan Mountains and the Changbai Mountains surround the plains to the
west, northwest and east, respectively. The Sanjiang Plain is located in the northeast corner of the NEC
ROI. The Liao River, Songnen and Sanjiang Plains form the Northeast Plain [30]. The entire study
area includes the following 12 main ecological regions: (a) low-hill larch and broadleaf forest and
artificial vegetation in eastern Liaoning and Shandong (LLS); (b) larch and broadleaf forest areas in the
mountains of North China (LMN); (c) a grassland area in the Xiliaohe Plain (GXP); (d) a grassland area
at the southern end of the Greater Khingan Mountains (GGM); (e) a forest grassland area in the center
of the Songliao Plain (FXP); (f) a plain grassland area in the Hulunbuir plain (PHP); (g) a coniferous and
broadleaf mixed forest area in the eastern piedmont tableland of the Songliao Plain (CSP); (h) wetlands
of the Sanjiang Plain (WSP); (i) a forest grassland area on the western side of the northern segment of
the Greater Khingan Mountains (FGM); (j) a mountain grassland forest area in the middle segment of
the Greater Khingan Mountains (MGM); (k) a coniferous forest area in the Changbai Mountains in the
Lesser Khingan Mountains (CLM); and (l) a larch and coniferous forest area in the northern segment of
the Greater Khingan Mountains (LGM) [31].
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2.2. GIMMS NDVI3g Dataset

This study used the Global Inventory Modeling and Mapping Studies (GIMMS) Normalized
Difference Vegetation Index 3rd generation (NDVI3g) dataset, which is the latest version of the GIMMS
NDVI produced by the NASA Global Inventory Modeling and Mapping Studies group. The dataset
is available from July 1981 to December 2013, with 15-day composite and 8 km spatial resolution
images. This dataset consists of better quality data at high latitudes than earlier versions and has
better calibration capabilities because it uses Sea-Viewing Wide-Field-of-View Sensor (SeaWifs) data
instead of SPOT-VGT data [32,33]. The GIMMS 3g dataset was obtained directly from the NASA Ames
Ecological Forecasting Lab [34].

2.3. Climate Data

The meteorological data presented in this study include daily temperature and precipitation data
from 1982 to 2013 that were acquired from the Chinese Meteorological Science Data Sharing Service
Network [35]. These data were recorded at 99 meteorological and climatological stations distributed
throughout Northeast China. All meteorological data were examined and verified by China’s Meteorological
Information Center. This study calculated the mean temperature and cumulative precipitation every
month, spring (3–5 months), summer (6–8 months) autumn (9–11 months), winter (12–2 (next year) months)
and year in Northeast China for all the sites from 1982 to 2013. To analyze the correlation between the
LSP and climate data, we used the kriging interpolation method to interpolate the temperature and
precipitation data from the stations into 8 km ˆ 8 km grids to match the GIMMS 3g data. The grid
data have the same spatial and temporal resolution and projection system as the GIMMS3g data.

2.4. Phenology Metrics

Products of long-term series datasets, such as the GIMMS 15-day maximum synthesis, MODIS
8-day and 16-day maximum synthesis and SPOT VGT 10-day maximum synthesis, are commonly used
in the maximum synthetic treatment process [36]. However, due to the effects of cloud, atmosphere,
sensor and surface bidirectional reflectance [12,37], the original synthesized NDVI time series will
contain some singular values. Performance limitations are perceptible when these data are used,
especially in a single cell, as the main focus is on dips or needlepoint humps in the NDVI time series.
Singular values will affect the precision of the dataset and require further processing to reduce the
influences of noise and provide more effective time series datasets.

Scholars have proposed several time series reconstruction algorithms, such as the best index
of slope extraction method [38], the average iterative filtering method [39], the Fourier transform
method [40], the Savitzky-Golay filtering method [6,41–43], the asymmetric Gaussian fitting
method [42,44], the wavelet analysis method [45] and linear interpolation within the time window [46].
Accurate remotely sensed time series data require a noise smoothing process to remove leakage points
and vacancy points within the series. The TIMESAT software [44,47] is a widely used program [48–53]
that uses TIMESAT with Savitzky-Golay filtering (S-G), asymmetric Gaussian curves (AG), or double
logistic functions (DL) to fit NDVI data and reduce drop-outs or gaps in data series covering a long
period [47,54,55].

Zhao studied the differences between the asymmetric Gaussian, double logistic, and adaptive
Savitzky-Golay fitting methods and found very small differences in the phenology results obtained
from the three methods (Root Mean Square Errors (RMSE) of 0.0416, 0.0429 and 0.0370 for the AG, DL
and S-G methods, respectively). In addition, this study presents correlation coefficients between the
extracted starting date and the observed starting date from 1999 to 2009 (0.82 (p < 0.01), 0.79 (p < 0.01)
and 0.66 (p < 0.01) for the AG, DL, and S-G fitting methods, respectively) [56]. In this paper, we chose
Savitzky-Golay filtering.

We employed TIMESAT to generate smooth time series NDVI data and adopted an adaptation
strength of 2.0, no spike filtering, a seasonal parameter of 0.5, a Savitzky-Golay window size of 2 and
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an amplitude of 30% at the beginning and end of the season to calculate the phenology parameters.
We calculated the SOS and EOS for each year and obtained the LOS as the difference between the SOS
and EOS at each grid point [16].

3. Results

3.1. The Mean Spatial Distribution of Land Surface Phenology

To analyze the spatial distribution of the land surface phenology in Northeast China, this study
calculated the average values of the SOS and EOS in Northeast China over the past 32 years (1982–2013)
(Figure 2). The SOS values in Northeast China are divided into two groups by the 140th day (mid-May)
(Figure 2a). The SOS values in the plain areas, most of which occurred between the 140th and 155th day,
were significantly later than those of the vegetation in the mountainous areas. In addition, vegetation
with a late SOS was mainly located in the Songnen, Sanjiang and Liaohe Plains, which are the main
grain producing areas in Northeast China and primarily produce maize, soybeans and rice. These crops
are greatly affected by sowing time and have SOS dates that are significantly later than those of other
vegetation types. The vegetation in the Changbai Mountains, Lesser Khingan Mountains and Greater
Khingan Mountains had relatively early SOS dates between the 115th and 140th day. The vegetation
in the southwestern Changbai Mountains near the coast had relatively early SOS dates, whereas the
vegetation in the northernmost Greater Khingan Mountains had relatively late SOS dates.
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in Northeast China between 1982 and 2013.

The spatial distribution of the EOS is different from that of the SOS. The EOS dates of the crops
were not significantly different from those of the other vegetation types, whereas the SOS dates of crops
were significantly affected by human factors (e.g., sowing time). Therefore, the EOS gradually became
later from north to south, and the latest EOS occurred in the Changbai Mountains. The Changbai
Mountains are located at relatively low latitudes, are affected by monsoons, and have more pronounced
hydrothermal conditions than other regions; therefore, the EOS dates in the Changbai Mountains were
later than those in the other areas.

3.2. Spatial Phenology Trends

The linear trends of the SOS and EOS were calculated at the 95% confidence level (Figure 3a,b).
Over the past 32 years, 30% of the pixels in the study area showed significant changes in the SOS
(Figure 3a). The SOS of the mountain vegetation in the northern study area advanced significantly
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(p < 0.05), with 53.34% of the pixels showing significant changes. Most of the vegetation types with
significantly advanced SOS dates grew in the deciduous coniferous forests in the northern segment of
the Greater Khingan Mountains, the forest grassland area on the western side of the northern segment
of the Greater Khingan Mountains, the grassland area in the Hulunbuir Plain, and the grassland and
forest areas in the middle segments of the Greater Khingan Mountains and Lesser Khingan Mountains.
The SOS dates for the vegetation types in the plains in the center of the study area, including the forest
and grassland area in the center of the Songliao Plain and the grassland area south of the Xiliaohe Plain,
were significantly later (p < 0.05). The mean SOS date in the Changbai Mountains was the earliest
(Figure 2), and the variation of the SOS in the Changbai Mountains was insignificant. For the EOS,
39.11% of the pixels exhibited significant delays (p < 0.05), which accounted for 91.86% of the pixels
that exhibited a significant variation.

The EOS exhibited an advancing trend in a small area of the Liaohe Plain and a relatively
significant advancing trend (p < 0.05) in the forest grassland area in the center of the Songliao Plain
and the grassland area of the Xiliaohe Plain. Most of the vegetation types with significantly delayed
EOS dates were located in the deciduous coniferous forests in the northern segment of the Greater
Khingan Mountains and the mountain grassland forest area in the middle segment of the Greater
Khingan Mountains and Lesser Khingan Mountains (Figure 3b). The EOS dates in the southern area of
the Changbai Mountains also exhibited an advancing trend; however, the variations of the EOS in the
northern foothills of the Changbai Mountains were insignificant at the 95% confidence level.

The number of pixels that show advanced SOS dates is equivalent to the number of pixels that
show delayed SOS dates. However, most of the pixels show a significant delay in the EOS. The EOS
dates of the vegetation in the areas where the SOS exhibited an advancing trend were all delayed.
Therefore, the phenology in Northeast China is affected more by the EOS than by the SOS.
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3.3. The Interannual Variability and Trends of LSP Metrics in Different Ecological Areas

This study analyzed the long-term variations of the land surface phenology in 12 ecological
regions in the study area and across the entire study area (Figure 1).

Large differences can be observed in the variations of the SOS and EOS in the different
ecological areas (Figure 4 and Table 1). The SOS of the vegetation advanced significantly in the
larch and coniferous forest area in the northern segment of the Greater Khingan Mountains (Figure 4l;
´0.2 days/year, p < 0.05), the mountain grassland forest area in the middle segment of the Greater
Khingan Mountains (Figure 4j; ´0.22 days/year, p < 0.05), the forest grassland area on the western
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side of the northern segment of the Greater Khingan Mountains (Figure 4i; ´0.31 days/year, p < 0.05)
and the plain grassland area in the Hulunbuir Plain (Figure 4f; ´0.35 days/year, p < 0.05). The SOS in
the plains grassland area of the Xiliaohe Plain (Figure 4c; 0.26 days/year, p < 0.05) and the wetland
area of the Sanjiang Plain (Figure 4h; 0.25 days/year, p < 0.05) exhibited significant delays.
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Figure 4. Interannual variabilities of the SOS and EOS in different ecoregions. (a) is the low-hill larch 
and broadleaf forest and artificial vegetation in eastern Liaoning and Shandong (LLS) ecoregion area; 
(b) is the larch and broadleaf forest areas in the mountains of North China (LMN) ecoregion area; (c) 
is a grassland area in the Xiliaohe Plain (GXP) ecoregion area; (d) is grassland area at the southern 
end of the Greater Khingan Mountains (GGM) ecoregion area; (e) is the forest grassland area in the 
center of the Songliao Plain (FXP) ecoregion area; (f) is the plain grassland area in the Hulunbuir plain 
(PHP) ecoregion area; (g) is the coniferous and broadleaf mixed forest area in the eastern piedmont 
tableland of the Songliao Plain (CSP) ecoregion area; (h) is the wetlands of the Sanjiang Plain (WSP) 
ecoregion area; (i) is the forest grassland area on the western side of the northern segment of the 
Greater Khingan Mountains (FGM); (j) is the mountain grassland forest area in the middle segment 
of the Greater Khingan Mountains (MGM) ecoregion area; (k) is the coniferous forest area in the 
Changbai Mountains in the Lesser Khingan Mountains (CLM) ecoregion area; (l) is the larch and 
coniferous forest area in the northern segment of the Greater Khingan Mountains (LGM) ecoregion 
area; (m) is the entire study area of Northeast China (NEC). 

Table 1. Linear trends of the SOS and EOS in different ecoregions of Northeast China. 

Ecoregions 
Trends (Days/Year)
SOS EOS

low-hill larch and broadleaf forest and artificial vegetation in eastern Liaoning 
and eastern Shandong (LLS) 

−0.01 0.23 ‡ 

larch and broadleaf forest areas in the mountains of North China (LMN) −0.12 0.18 ‡ 
a grassland area in the Xiliaohe Plain (GXP) 0.26 ‡ −0.10 * 
a grassland area at the southern end of the Greater Khingan Mountains (GGM) −0.03 0.06 
a forest grassland area in the center of the Songliao Plain (FXP) 0.13 * 0.02 
a plain grassland area in the Hulunbuir Plain (PHP) −0.35 ‡ 0.14 * 
a coniferous and broadleaf mixed forest area in the eastern piedmont tableland of 
the Songliao Plain (CSP) 

0.13 * 0.09* 

wetlands of the Sanjiang Plain (WSP) 0.25 ‡ 0.08 
a forest grassland area on the western side of the northern segment of the Greater 
Khingan Mountains (FGM) 

−0.31 ‡ 0.16 † 

a mountain grassland forest area in the middle segment of the Greater Khingan 
Mountains (MGM) 

−0.22 ‡ 0.27 ‡ 

a coniferous forest area in the Changbai Mountains in the Lesser Khingan 
Mountains (CLM) 

0.04 0.24 ‡ 

a larch and coniferous forest area in the northern segment of the Greater Khingan 
Mountains (LGM) 

−0.2 † 0.29 ‡ 

entire study area −0.04 0.14 ‡ 
* p < 0.1; † p < 0.05; ‡ p < 0.01. 

Figure 4. Interannual variabilities of the SOS and EOS in different ecoregions. (a) is the low-hill larch
and broadleaf forest and artificial vegetation in eastern Liaoning and Shandong (LLS) ecoregion area;
(b) is the larch and broadleaf forest areas in the mountains of North China (LMN) ecoregion area; (c) is
a grassland area in the Xiliaohe Plain (GXP) ecoregion area; (d) is grassland area at the southern end of
the Greater Khingan Mountains (GGM) ecoregion area; (e) is the forest grassland area in the center of
the Songliao Plain (FXP) ecoregion area; (f) is the plain grassland area in the Hulunbuir plain (PHP)
ecoregion area; (g) is the coniferous and broadleaf mixed forest area in the eastern piedmont tableland
of the Songliao Plain (CSP) ecoregion area; (h) is the wetlands of the Sanjiang Plain (WSP) ecoregion
area; (i) is the forest grassland area on the western side of the northern segment of the Greater Khingan
Mountains (FGM); (j) is the mountain grassland forest area in the middle segment of the Greater
Khingan Mountains (MGM) ecoregion area; (k) is the coniferous forest area in the Changbai Mountains
in the Lesser Khingan Mountains (CLM) ecoregion area; (l) is the larch and coniferous forest area in the
northern segment of the Greater Khingan Mountains (LGM) ecoregion area; (m) is the entire study area
of Northeast China (NEC).

Table 1. Linear trends of the SOS and EOS in different ecoregions of Northeast China.

Ecoregions Trends (Days/Year)

SOS EOS

low-hill larch and broadleaf forest and artificial vegetation in eastern Liaoning and
eastern Shandong (LLS) ´0.01 0.23 ‡

larch and broadleaf forest areas in the mountains of North China (LMN) ´0.12 0.18 ‡

a grassland area in the Xiliaohe Plain (GXP) 0.26 ‡ ´0.10 *

a grassland area at the southern end of the Greater Khingan Mountains (GGM) ´0.03 0.06

a forest grassland area in the center of the Songliao Plain (FXP) 0.13 * 0.02

a plain grassland area in the Hulunbuir Plain (PHP) ´0.35 ‡ 0.14 *

a coniferous and broadleaf mixed forest area in the eastern piedmont tableland of
the Songliao Plain (CSP) 0.13 * 0.09*

wetlands of the Sanjiang Plain (WSP) 0.25 ‡ 0.08

a forest grassland area on the western side of the northern segment of the Greater
Khingan Mountains (FGM) ´0.31 ‡ 0.16 †

a mountain grassland forest area in the middle segment of the Greater Khingan
Mountains (MGM) ´0.22 ‡ 0.27 ‡

a coniferous forest area in the Changbai Mountains in the Lesser Khingan
Mountains (CLM) 0.04 0.24 ‡

a larch and coniferous forest area in the northern segment of the Greater Khingan
Mountains (LGM) ´0.2 † 0.29 ‡

entire study area ´0.04 0.14 ‡

* p < 0.1; † p < 0.05; ‡ p < 0.01.
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The EOS dates of the vegetation in all of the ecological areas, except for the grassland area in the
Xiliaohe Plain, which exhibited an advancing trend of 0.1 days/year (p < 0.1), exhibited significant
delays. Figure 4l shows the delays of the EOS for the larch and coniferous forest area in the northern
segment of the Greater Khingan Mountains (0.29 days/year, p < 0.05), and Figure 4j shows the delays
of the EOS for the grassland forest area in the middle segment of the Greater Khingan Mountains
(0.27 days/year, p < 0.05). Figure 4k shows the delays of the EOS for the coniferous forest area in the
Changbai Mountains in the Lesser Khingan Mountains (0.24 days/year, p < 0.05), and Figure 4a shows
the delays of the EOS for the low-hill larch and broadleaf forest area and the artificial vegetation area
in eastern Liaoning and eastern Shandong (0.23 days/year, p < 0.05). Figure 4b shows the delays of the
EOS for the mountainous larch and broadleaf forest area in northern China (0.18 days/year, p < 0.05),
and Figure 4i shows the delays of the EOS for the forest grassland area on the western side of the
northern segment of the Greater Khingan Mountains (0.16 days/year, p < 0.05).

The SOS in the Hulunbuir Plain exhibited a significant advance of 10.8 days; however, the
EOS was delayed by 4.3 days. The SOS dates for the three ecological areas in the Greater Khingan
Mountains all exhibited relatively significant advances, whereas the EOS dates all exhibited relatively
significant delays.

For the entire study area (Figure 4m), the SOS exhibited a clear advancing trend of 0.02 days/year;
however, the variation of the SOS was insignificant (p = 0.47). The EOS of the vegetation across the
entire study area exhibited a significant delay of 0.128 days/year (p < 0.05). Therefore, the phenological
changes throughout Northeast China were reflected by changes in the EOS, which is consistent with
the pixel-scale spatial distribution of the EOS shown in Figure 3b.

3.4. Direct Effects of Local Climate Factors on LSP

To further analyze the effects of temperature and precipitation on the land surface phenology
changes in Northeast China, this study analyzed the correlations between the SOS and EOS and the
monthly, seasonal and annual total precipitation and mean temperature from 1982 to 2013.

Figure 5a shows that the SOS dates in the Changbai Mountains, Lesser Khingan Mountains
and Greater Khingan Mountains were negatively correlated with temperature. Thus, increasing
temperature promoted the advancement of the SOS, particularly in the forest areas. However, the SOS
dates in the Songnen Plain were insignificantly or negatively correlated with temperature. The analysis
of the correlations between different seasonal and annual mean temperatures and the SOS showed
that the SOS was most significantly correlated with the spring temperature, followed by the summer
temperature and the annual mean temperature. The pixels that were significantly and negatively
correlated with the spring, summer and annual mean temperatures accounted for 35%, 16% and
10% of the total pixels, respectively, indicating that the spring temperature had the largest impact
on the SOS and fall and winter temperatures had relatively small impacts on the SOS. The SOS in
Northeast China ranged from the 115th day (April) to the 155th day (June), and the SOS dates were
relatively significantly and negatively correlated with temperature during the same period (an increase
in temperature resulted in SOS advancement).

The spatial distribution of the correlation coefficients between the SOS and precipitation
(Figure 5b) shows that the SOS in the grassland area in the Hulunbuir Plain was negatively correlated
with precipitation and that the SOS at the northern end of the Greater Khingan Mountains was
positively correlated with precipitation. These results indicate that precipitation can advance or delay
the SOS. The advancement of the SOS by precipitation was prominent in the grassland areas. However,
precipitation was not the dominant factor that determined the SOS of the vegetation in the forests.
The results of the significance test between the SOS and precipitation (Table 2) show that the highest
proportion of pixels that were significantly and positively correlated with precipitation occurred in the
spring (6% of the total pixels). In addition, 4% of the pixels were significantly and negatively correlated
with precipitation. These results indicate that spring precipitation was significantly correlated with
vegetation growth. In addition, the highest proportion of pixels that were significantly and negatively
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correlated with precipitation was 2% during the winter, which indicates that the effect of precipitation
on the SOS was somewhat delayed and that abundant winter precipitation would advance the SOS.
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Table 2. Percentages of the correlation coefficients between the SOS and temperature and precipitation
(Significant Positive Correlation (r > 0, p < 0.05): No Significant Positive Correlation (r > 0, p > 0.05),
No Significant Negative Correlation (r < 0, p > 0.05), Significant Negative Correlation (r < 0, p < 0.05)).
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The spatial distributions of the correlation coefficients (Figure 6) between the EOS and temperature
and between the EOS and precipitation show that the EOS dates in the plain areas were mainly
negatively correlated with the annual mean temperature and that the EOS dates in the other areas were
positively correlated with the annual mean temperature. The results of the significance test (Table 3)
show that the fall temperature had the largest impact on the EOS (16% of the pixels were significantly
and positively correlated with temperature), indicating that an increase in the fall temperature would
delay the EOS. The spatial distribution of the correlation coefficients between the EOS and precipitation
(Figure 6b) shows that the EOS dates in the southwestern Changbai Mountains were positively
correlated with precipitation and that the EOS dates in the Greater Khingan Mountains were negatively
correlated with precipitation. The results of the significance test between the EOS and precipitation
(Table 3) show that spring, fall, winter and annual precipitation all affected the EOS. In addition,
the number of positively correlated pixels was significantly higher than the number of negatively
correlated pixels, and a relatively small number of pixels were significantly and negatively correlated.

Figure 5. Correlation coefficients between the SOS and temperature (a) and between the SOS and
precipitation (b).

Table 2. Percentages of the correlation coefficients between the SOS and temperature and precipitation
(Significant Positive Correlation (r > 0, p < 0.05): No Significant Positive Correlation (r > 0, p > 0.05),
No Significant Negative Correlation (r < 0, p > 0.05), Significant Negative Correlation (r < 0, p < 0.05)).

Correlation Spring Summer Fall Winter Year

Temperature

Significant Positive Correlation 3% 3% 2% 5% 4%
No Significant Positive Correlation 26% 40% 42% 67% 32%

No Significant Negative Correlation 38% 44% 51% 28% 58%
Significant Negative Correlation 33% 13% 5% 0% 6%

Precipitation

Significant Positive Correlation 6% 3% 5% 2% 3%
No Significant Positive Correlation 57% 35% 50% 46% 43%

No Significant Negative Correlation 33% 59% 42% 50% 51%
Significant Negative Correlation 4% 3% 3% 2% 2%

The spatial distributions of the correlation coefficients (Figure 6) between the EOS and temperature
and between the EOS and precipitation show that the EOS dates in the plain areas were mainly
negatively correlated with the annual mean temperature and that the EOS dates in the other areas were
positively correlated with the annual mean temperature. The results of the significance test (Table 3)
show that the fall temperature had the largest impact on the EOS (16% of the pixels were significantly
and positively correlated with temperature), indicating that an increase in the fall temperature would
delay the EOS. The spatial distribution of the correlation coefficients between the EOS and precipitation
(Figure 6b) shows that the EOS dates in the southwestern Changbai Mountains were positively
correlated with precipitation and that the EOS dates in the Greater Khingan Mountains were negatively
correlated with precipitation. The results of the significance test between the EOS and precipitation
(Table 3) show that spring, fall, winter and annual precipitation all affected the EOS. In addition,
the number of positively correlated pixels was significantly higher than the number of negatively
correlated pixels, and a relatively small number of pixels were significantly and negatively correlated.
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3.5. Lag Effect of Climate Change on Land Surface Phenology

To analyze the degree to which the variations in the monthly temperature and precipitation affect
the SOS and EOS, this study analyzed the correlations between the SOS and temperature and between
the SOS and precipitation from July of the previous year to June of the same year and the correlations
between the EOS and temperature and between the EOS and precipitation from January to December
of the same year (Figure 7). The SOS dates were relatively significantly and negatively correlated with
temperature from February to June of the same year, and temperature had a clear advancing effect on
the SOS throughout Northeast China (temperature increases resulted in the advancement of the SOS
and vice versa) (Figure 7a). The temperature during the first few months of the growing season had
an insignificant impact on the SOS. The SOS dates were insignificantly correlated with precipitation
within the same year and significantly correlated with precipitation during the first few months of the
year. The precipitation from September to December of the previous year advanced the SOS of the
next year, and increases in precipitation advanced the SOS.

Figure 6. Correlation coefficients between the EOS and temperature (a) and between the EOS and
precipitation (b).

Table 3. Percentages of the correlation coefficients between the EOS and temperature and between
the EOS and precipitation (Significant Positive Correlation (r > 0, p < 0.05): No Significant Positive
Correlation (r > 0, p > 0.05), No Significant Negative Correlation (r < 0, p > 0.05), Significant Negative
Correlation (r < 0, p < 0.05)).

Correlation Spring Summer Fall Winter Year

Temperature

Significant Positive Correlation 0% 10% 16% 2% 4%
No Significant Positive Correlation 34% 62% 63% 53% 54%

No Significant Negative Correlation 60% 27% 20% 42% 40%
Significant Negative Correlation 6% 1% 1% 3% 2%

Precipitation

Significant Positive Correlation 11% 1% 5% 18% 3%
No Significant Positive Correlation 57% 45% 32% 58% 41%

No Significant Negative Correlation 30% 51% 55% 23% 52%
Significant Negative Correlation 3% 3% 8% 1% 4%

3.5. Lag Effect of Climate Change on Land Surface Phenology

To analyze the degree to which the variations in the monthly temperature and precipitation affect
the SOS and EOS, this study analyzed the correlations between the SOS and temperature and between
the SOS and precipitation from July of the previous year to June of the same year and the correlations
between the EOS and temperature and between the EOS and precipitation from January to December
of the same year (Figure 7). The SOS dates were relatively significantly and negatively correlated with
temperature from February to June of the same year, and temperature had a clear advancing effect on
the SOS throughout Northeast China (temperature increases resulted in the advancement of the SOS
and vice versa) (Figure 7a). The temperature during the first few months of the growing season had
an insignificant impact on the SOS. The SOS dates were insignificantly correlated with precipitation
within the same year and significantly correlated with precipitation during the first few months of the
year. The precipitation from September to December of the previous year advanced the SOS of the
next year, and increases in precipitation advanced the SOS.
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Figure 7. Correlations between the SOS and temperature and between the SOS and precipitation from 
July of the previous year to June of the same year and correlations between the EOS and temperature 
and between the EOS and precipitation from January to December of the same year (a) SOS-
Temperature; (b) SOS-Precipitation; (c) EOS-Temperature; and (d) EOS-Precipitation). 

The proportion of pixels that showed positive correlations between temperature and the EOS 
gradually increased from April to November within the same year, and the proportion of pixels that 
showed a positive correlation between temperature and the EOS from September to November 
within the same year was the most significant. This result indicates that temperature had a clear 
advancing effect on the EOS because increasing temperature caused a delay in the EOS and vice versa 
(Figure 7c). The precipitation from November of the previous year to August of the following year 
had a clear advancing effect on the EOS of the following year, and the precipitation from September 
to October had a clear delaying effect on the EOS of the same year (Figure 7d). Therefore, precipitation 
caused a delay in the EOS. However, the effects of precipitation on the EOS were insignificant; thus, 
precipitation was not the dominant factor responsible for delaying the EOS. 

4. Discussion 

4.1. Variations of Land Surface Phenology 

The LSP results are different because different data sources and different models were used. 
When the same model was used with a different threshold, the results were different, and the 
accuracy of the inversion results can be improved by combining them with ground observation data.  

The results of this study indicate that the average SOS is primarily between Julian days 110 and 
150, which is consistent with previous studies [29,57–59]. Luo et al. showed that the SOS of deciduous 
broadleaf forest regions in northern China is between Julian days 115 and 130 [60]. In addition, this 
study showed that the SOS of deciduous broadleaf forests in northern China mainly occurred 
between Julian days 115 and 140, and the ground observation data showed that the SOS of the 
deciduous broad-leaved forest mainly occurred between Julian days 111 and 140. The SOS observed 
in our study was similar to the SOS observed by Luo et al. in the field. The EOS in this study is 
primarily between Julian days 270 and 320. The study of Liu et al. shows that the mean EOS values 
for the four methods are mainly distributed from 270 to 310 [61]. The results of Yang et al. show that 
vegetation in temperate China becomes dormant in the autumn between Julian days 228 and 359 [62]. 
The EOS in this study is higher than that identified by Liu [61]. In addition, we obtained phenology 
data from 14 field sites with more than 180 species of plants in Northeast China from 1982 to 1988. 
The results demonstrate that these SOS plants mainly grow between 110 and 150 DOY. The EOS was 
mainly between 260 and 320 DOY. These results coincide with the results of this study, which shows 
that the extracted phenology has a certain reference value and reliability.  

Figure 7. Correlations between the SOS and temperature and between the SOS and precipitation from
July of the previous year to June of the same year and correlations between the EOS and temperature and
between the EOS and precipitation from January to December of the same year (a) SOS-Temperature;
(b) SOS-Precipitation; (c) EOS-Temperature; and (d) EOS-Precipitation).

The proportion of pixels that showed positive correlations between temperature and the EOS
gradually increased from April to November within the same year, and the proportion of pixels that
showed a positive correlation between temperature and the EOS from September to November within
the same year was the most significant. This result indicates that temperature had a clear advancing
effect on the EOS because increasing temperature caused a delay in the EOS and vice versa (Figure 7c).
The precipitation from November of the previous year to August of the following year had a clear
advancing effect on the EOS of the following year, and the precipitation from September to October had
a clear delaying effect on the EOS of the same year (Figure 7d). Therefore, precipitation caused a delay
in the EOS. However, the effects of precipitation on the EOS were insignificant; thus, precipitation was
not the dominant factor responsible for delaying the EOS.

4. Discussion

4.1. Variations of Land Surface Phenology

The LSP results are different because different data sources and different models were used.
When the same model was used with a different threshold, the results were different, and the accuracy
of the inversion results can be improved by combining them with ground observation data.

The results of this study indicate that the average SOS is primarily between Julian days 110 and
150, which is consistent with previous studies [29,57–59]. Luo et al. showed that the SOS of deciduous
broadleaf forest regions in northern China is between Julian days 115 and 130 [60]. In addition, this
study showed that the SOS of deciduous broadleaf forests in northern China mainly occurred between
Julian days 115 and 140, and the ground observation data showed that the SOS of the deciduous
broad-leaved forest mainly occurred between Julian days 111 and 140. The SOS observed in our
study was similar to the SOS observed by Luo et al. in the field. The EOS in this study is primarily
between Julian days 270 and 320. The study of Liu et al. shows that the mean EOS values for the four
methods are mainly distributed from 270 to 310 [61]. The results of Yang et al. show that vegetation in
temperate China becomes dormant in the autumn between Julian days 228 and 359 [62]. The EOS in
this study is higher than that identified by Liu [61]. In addition, we obtained phenology data from
14 field sites with more than 180 species of plants in Northeast China from 1982 to 1988. The results
demonstrate that these SOS plants mainly grow between 110 and 150 DOY. The EOS was mainly
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between 260 and 320 DOY. These results coincide with the results of this study, which shows that the
extracted phenology has a certain reference value and reliability.

Liu et al. used four different methods to estimate the EOS and compared their results. Overall, the
results based on the HANTS-Mr, Polyfit-Mr, and piecewise logistic methods showed similar patterns,
and the results based on double logistics indicated much earlier EOS dates [61]. In this paper, it
was estimated that the EOS was delayed by 0.14 days/year. Liu et al. used the mean results from
four methods and showed that the EOS changed by 0.12 ˘ 0.01 days/year for temperate vegetation
in China [61]. The results of Yang et al. reported changes in the EOS, with an average delay of
0.13 days per year over temperate China from 1982 to 2010 [62]. Xia & Yan showed an EOS change
of 0.05 days/year from 1909 to 2012 based on station records [63]. Our estimated EOS values were
0.02, 0.01 and 0.08 days/year greater than those of Liu [61], Yang [62], and Xia & Yan [63], respectively.
Our study area is located at a higher latitude than previous study areas [61–63]. In addition, the
vegetation at high latitudes is more susceptible to climate change [16,64–68], which is supported by
our results. Shrestha et al. studied the climatic and phenological changes for 13 ecoregions of the
Himalayas during 1982 and 2006 [69]. The result show that the average SOS appeared to advance
by 4.7 or 0.19 days/year, but no change in the EOS [69] was observed. However, some differences
between Shrestha’s results and the results of our study were observed for the entire study areas.

Different cover types significantly influence the SOS and EOS trends. The main types of land
cover are grasses in the plain grassland area in the Hulunbuir Plain (PHP), forest in the forest
grassland area on the western side of the northern segment of the Greater Khingan Mountains
(FGM), mountain grassland forest in the middle segment of the Greater Khingan Mountains (MGM)
and larch and coniferous forest in the northern segment of the Greater Khingan Mountains (LGM)
ecoregions. The SOS have significantly advanced by 0.35 days/year (p < 0.01), 0.31 days/year
(p < 0.01), 0.22 days/year (p < 0.01), and 0.2 days/year (p < 0.05) in these ecoregions (PHP, FGM,
MGM and LGM). Simultaneously, the EOS values of the PHP, FGM, MGM and LGM ecoregions were
significantly delayed by 0.14 days/year (p < 0.1), 0.16 days/year (p < 0.05), 0.27 days/year (p < 0.01),
and 0.29 days/year (p < 0.01). Both grasses and forests are natural vegetation, which requires little
management and is less disturbed by humans. These areas reflect the impacts of climate change better
than the other areas. The main land cover types are cultivated land in the grassland area in the Xiliaohe
Plain (GXP), forest grassland in the center of the Songliao Plain (FXP), coniferous and broadleaf mixed
forest in the eastern piedmont tableland of the Songliao Plain (CSP) and wetlands in the Sanjiang Plain
(WSP). The SOS in these ecoregions (GXP, FXP, CSP and WSP) is delayed by 0.26 days/year (p < 0.01),
0.13 days/year (p < 0.1), 0.13 days/year (p < 0.1), and 0.25 days/year (p < 0.01), respectively. The land
cover has changed over the past 32 years in these three ecoregions mainly composed of agriculture.
Shrestha’s results show that the SOS significantly advanced in the forest area at the ecoregion scale,
which is similar to the findings of our study [69]. In addition, another study shows that the area of
farmland steadily increased from the late 1970s to 2000 [70], with the conversion of some natural
vegetation (such as forest and grass) land to cultivated land. The SOS of agricultural land is later
than that of natural vegetation, and the EOS of agriculture is earlier than that of natural vegetation.
Therefore, land cover changes will result in the LSP trends of vegetation. Simultaneously, farmers have
switched to new crop varieties, such as faster-maturing varieties, which may contribute to the early
SOS dates. The types of crops grown changed in the central and western regions of the Songnen Plain
and in part of the Sanjiang Plain [71,72]. For example, the area of rice planting increased, and the area
of spring wheat planting significantly decreased. Simultaneously, the crop breeding and cultivation
mode changed dramatically in Northeast China [73,74]. For example, famers selected maize with
a long growth period, rice with improved yield, and soybean and spring wheat with shorter growth
periods (between sowing and harvesting time) [75].
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4.2. Relationships between LSP Metrics and Climatic Factors

The results of this study show that the spring temperature has the greatest impact on the SOS
because it increases as the SOS advances. This finding agrees with the findings of Yu and Li, who
indicated that the SOS was mainly driven by temperature variations [29,76,77]. Yu et al. extracted
forest phenology parameters using MODIS EVI from 2000 to 2009 [60]. The results of Yu et al. show
that the SOS was mainly affected by temperature in the spring. The EOS of grasslands is affected by
temperature and precipitation in August [29], and the SOS primarily depends on temperature during
the other months [29]. The research results of Li show that the temperature has the biggest influence on
the SOS from February to April [78]. This study shows that precipitation has a lagging effect on the SOS,
the amounts of precipitation in different months affect the EOS, the distributions of different vegetation
types depend on precipitation, and the largest and smallest impacts are observed for grasslands and
forests, respectively. Piao et al. showed that changes in China’s temperate precipitation affect the
vegetation growth period. The degree of influence is different for different types of vegetation [24].
This study shows that the SOS presents an early trend, with 0.15 days per year, and the EOS presents
a delayed trend, with 0.16 days per year, in the study area from 1982 to 2005. Li and other researchers
have shown similar trends [76]. In 2000–2009, Yu et al. showed that both the SOS and EOS showed
delayed trends, whereas in this study, no significant trends for the SOS were observed after 2000, and
the EOS delay slowed down [29].

4.3. Uncertainty

The time period investigated in this study (1982–2013) was relatively long and exhibited changes
in the vegetation types in Northeast China. In the late 1980s, a catastrophic conflagration occurred in
the Greater Khingan Mountains, and the vegetation underwent succession and recovery processes.
The three major plains in Northeast China mainly consist of cultivated land and are significantly
affected by human factors that result in uncertain land surface phenology. However, in certain areas,
such as in the Changbai Mountains, nature reserves and old-growth forests exist that reflect the growth
processes of natural vegetation over the past 32 years. When good natural conditions have been
maintained, the impacts of climate change are better reflected. Pixel scale analyses can be used to avoid
uncertainties that are introduced by regional scale analyses and can reflect the impacts of regional
climate change. Analyzing changes in land surface phenology in different ecological areas can also
reflect the hydrothermal effects in different areas, identify typical areas with increased sensitivity, and
provide a basis for subsequent high-precision, multi-angle analytical studies on the variations and
influencing factors of land surface phenology. Because a certain interval in the time series data exists,
the result was different when we used a different model or the same model at different thresholds
to estimate the phenological parameters. In this study, we investigate the phenological vegetation
variation characteristics over the past three decades based on long time series remote sensing data
with a spatial resolution of 8 km. Some spatial resolution will be lost when using remote sensing data
with a high temporal resolution. Mixed pixels are observed in the data with a spatial resolution of
8 km. Each pixel value is the mean value for all land cover types over an area of 64 square kilometers.
These values result in uncertainty in our estimation results. When using the phenology data from the
field observations of tree species, a certain error occurs when the data are used to verify the results
obtained from remote sensing. In the future, different scales of remote sensing data can be considered
for cross validation and to improve the accuracy of phenological estimations.

5. Conclusions

In this study, the land surface phenology parameters of Northeast China were extracted from
the GIMMS NDVI 3g dataset that was collected from 1982 to 2013 to analyze the characteristics of
land surface phenology changes at several scales and the effects of temperature and precipitation on
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land surface phenology. The results of this study provide a good reference for studying the regional
responses to global climate change.

Spatially, the SOS was gradually delayed and the EOS gradually advanced from south to north in
the study area. The SOS dates in the plain areas were significantly later than those in the mountainous
areas, and a significant difference was observed in the spatial distribution of the phenology between the
forest areas and grassland areas. In most areas, the SOS dates of the mountain vegetation significantly
advanced, and the EOS dates of the mountain vegetation were significantly delayed. Over the past
32 years, the SOS throughout the entire study area exhibited an insignificant advancing trend, and the
EOS exhibited a significant decreasing trend. Different ecological areas exhibited different variations.
The variations of the three ecological areas in the Greater Khingan Mountains were the most prominent.
The SOS dates in the forest grassland area on the western side of the northern segment of the Greater
Khingan Mountains advanced by ´0.31 days/year (p < 0.05), while the SOS in the mountain grassland
forest area in the middle segment of the Greater Khingan Mountains advanced by ´0.22 days/year
(p < 0.05). In addition, the SOS in the larch and coniferous forest area in the northern segment of the
Greater Khingan Mountains advanced by ´0.20 days/year (p < 0.05).

The correlation between the land surface phenology and climate shows that the SOS was
negatively correlated with the spring temperature (an increase in the spring temperature caused
an advancement in the SOS and vice versa). The EOS was positively correlated with temperature
during the summer and fall, with increasing temperatures resulting in a delayed EOS and vice versa.
The phenomenon in which a temperature increase promotes the advancement of the SOS was more
prominent in the forest areas; however, the SOS dates in the grassland areas were not significantly
correlated with temperature. The effects of precipitation on the SOS were somewhat delayed, and the
SOS responded to the temperature of the same period more significantly. The effects of temperature
on the EOS were somewhat delayed, and the temperature from September to November played
an important role in the EOS. Precipitation was not a dominant factor for the delay of the EOS.
The effect of precipitation on the EOS was delayed to a relatively small degree. Land surface phenology
changes responded strongly to years with extreme climate conditions. Advances in the SOS and delays
in the EOS were prominent in the years with relatively high temperatures and abundant precipitation.
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