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A B S T R A C T

During the past decades, overuse of land resources has increasingly contributed to environmental crises in China.
To mitigate wide-spread land degradation, actions have been taken to maintain and restore ecologically valuable
landscapes such as natural forests. However, the effects of the various vegetation protection policies that have
been implemented in China since the late 1990′s still remain largely unknown. In this paper, we therefore focus
on mapping land use and land cover change (LULCC) in Inner Mongolia, one of the key regions targeted by
Chinese ecological restoration programs. We used 250-m MODIS time series and a random forest classification
approach to generate annual probabilities for each land cover class between 2000 and 2014. We then applied a
trajectory-based change detection approach based on a modified version of the Landsat-based detection of trends
in disturbance and recovery (LandTrendr) algorithm to the probability time series and mapped land cover
change trajectories. We found that our trajectory-based approach achieved high accuracies (overall accuracy
0.95 ± 0.02). It provides spatial-temporal land change maps that allow a land-use related interpretation of
change patterns. Our change maps show that i) forest loss decreased rapidly after 2000 (from 15,717 ± 1770 ha
in 2001 to 1313 ± 165 ha in 2014) and forest gain (190,645 ± 28,352 ha during 2001–2014) occurred in the
ecological program zones, leading to a net forest increase in Inner Mongolia, and ii) cropland retirement
(212,979 ± 54,939 ha during 2001–2014) mostly occurred at the early stage of ecological programs and
mainly concentrated in drier environments and steep terrain. Overall, land cover mapping and trajectory-based
land use analyses allowed a consistent characterization of LULCC over large areas, which is crucial for gaining a
better understanding of environmental changes in the light of rapidly changing environmental policies and
governance regimes in China.

1. Introduction

Land use and land cover change (LULCC) is one of the most im-
portant processes related to global change (Foley et al., 2005). Political
decisions or institutional change, however, often cause non-linear
trends in land systems (Lambin and Geist, 2006). Land laws or reg-
ulations largely determine whether or not land is developed or utilized.
Rapid land system changes are often directly related to changing gov-
ernance regimes, e.g. reduced deforestation rates after a logging ban
(Barsimantov and Antezana, 2012; de Blas and Perez, 2008), cropland
expansion on grassland (Miao et al., 2013; Ojima et al., 2004), or land
abandonment in post-communism after the breakdown of the Soviet
Union (Alcántara et al., 2013; Hostert et al., 2011; Kuemmerle et al.,

2006; Renwick et al., 2013).
In the face of the environmental consequences of land over-use,

some developing countries have taken political decisions to preserve
and restore ecosystems (Nesheim et al., 2014). Among them, China has
the largest land restoration initiatives worldwide in terms of spatial
scale, resources invested, and duration (Liu et al., 2008). China suffers
from widespread environmental consequences caused by over-
exploitation of land resources, particularly in ecologically vulnerable
arid and semi-arid regions (Ding, 2003; Wang et al., 2013). Since 2000,
ecological programs have been in place to reduce deforestation, pro-
mote forest gain, and relieve human pressure on land through con-
verting cropland to grassland (Uchida et al., 2005; Wang et al., 2012;
Zhang et al., 2000).
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Inner Mongolia is considered being one of the most severely de-
graded areas in China and consequently almost all of the national land
restoration projects for environmental protection were implemented
there, making it the province with the highest investment in environ-
mental restoration programs in China (SFA, 2015). By adopting the
nation-wide Natural Forest Conservation Program (NFCP) in 2000,
Inner Mongolia intended to maintain natural forests by decreasing de-
forestation and increasing the productivity of forest plantations (Guo
et al., 2013; Li, 2012). Also launched in 2000, the Returning Farmlands
to Forest and Grassland Project (also known as “Grain to Green Pro-
gram”, GGP) is intended to convert farmland on steep slopes or with
low yields as well as grassland into forest (Uchida et al., 2005; Wang
et al., 2007). Starting from 2001, phase I of the Beijing and Tianjin
Sandstorm Source Treatment Project (BTSST) aims at reducing the
sources of sandstorms that affect Beijing and its neighboring Tianjin
Municipality through re-vegetating cropland areas (Li and Zhang,
2004).

Land use patterns changed substantially in Inner Mongolia after the
establishment of the People's Republic of China (PRC) in 1949. Vast
grasslands in the cropping-grazing transitional zones were cultivated
and the area of cropland was doubled by the end of the 20th century
(Lin and Ho, 2003; Sorgog et al., 2013). Forest ecosystems, too,
changed substantially in Inner Mongolia after 1949 (Liu et al., 2008).
Since the goal of PRC's forest management in the early years was to
maximize timber production to support the economy, forest was heavily
harvested and the forested area shrunk significantly (Song et al., 2014;
Zhang and Song, 2006). Apart from human factors, natural dis-
turbances, especially fire, also played an important role in the forest
loss in Inner Mongolia (Tao et al., 2013). With more afforestation and
reforestation efforts in the 2000′s, the forest cover has been reported to
increase in general (IMARBS, 2015).

Despite important ecological and socioeconomic implications of
these developments, spatially and temporally coherent documentation
of land use and land cover change is still missing for Inner Mongolia. A
large number of studies examined the effectiveness of ecological pro-
jects in China based on trend analysis using coarse resolution NDVI time
series (e.g. Tian et al., 2015; Tong et al., 2017; Yin et al., 2012; Zhang
et al., 2012). However, trend analysis based on NDVI cannot provide
detailed change information such as land conversions between different
land cover types. Also, most assessments were limited to local studies
(Du, 2006; Peng, 2010) and do not provide a coherent picture of change
regimes (Cao et al., 2010; Yang et al., 2010). For example, Zhou et al.
(2012) found GGP induced forest increase in the dry Loess Plateau
using multi-temporal Landsat imagery. A field survey conducted by
Song et al., 2014concluded low deforestation risk for forests created by
GGP, although risk varied greatly across sites. However, Cao, 2008 and
Wang et al., 2010 argued that large-scale afforestation failed in arid and
semi-arid China, based on local observations and meta-analyses. Pre-
vious remote sensing based LULCC monitoring in Inner Mongolia,
however, usually took the land cover information observed by two
single-date satellite images to deduce changes (e.g. John et al., 2009).

Remote sensing has a long tradition of mapping land use and land
cover changes across local to global scales (Clark et al., 2012; Lambin
et al., 2003; Loveland and Defries, 2004; Meyer and Turner, 1992).
With the release of more and more advanced sensors as well as the open
access data policy, a boom in land use and land cover change mon-
itoring using multi-temporal satellite imagery has been emerging in the
recent decade (Pouliot et al., 2014; Wulder et al., 2012). Taking ad-
vantage of the dense observation of remote sensing time series, long-
term land use change could be more reliably separated from short-term
changes in highly resilient land system. Several time series algorithms,
such as Landsat-based detection of trends in disturbance and recovery
(LandTrendr, Kennedy et al., 2010), Breaks For Additive Season and
Trend (BFAST, Verbesselt et al., 2010), TimeStats (Udelhoven, 2010),
and Continuous Change Detection and Classification (CCDC, Zhu and
Woodcock, 2014) have been developed and applied to monitor land

surface change from regional to global scales. In the past, trajectory-
based methods have been applied to indices derived from a certain
number of spectral bands, such as Normalized Difference Vegetation
Index (NDVI), Normalized Burn Ratio (NBR) and Tasseled Cap (TC)
components (DeVries et al., 2015; Grogan et al., 2015; Pflugmacher
et al., 2012; Senf et al., 2015). However, using indices from a few
spectral bands for change analysis does not fully exploit all the spectral
information, which is important to detect various types of land changes.
Yin et al. (2014) developed a method that utilizes land cover prob-
abilities derived from a random forest classifier to characterize changes
between multiple land cover classes at annual intervals, such as forest
to grassland or grassland to cropland conversions. Rather than de-
tecting the from-to change from two- or multiple-date land cover maps,
the approach takes advantage of the hyper-temporal resolution of the
MODIS archive and the spectral information to explore detailed
changes using a trajectory-based approach, capturing the rapid and
gradual transformations in the land system.

We here refined and extended this approach to map annual land
cover change for Inner Mongolia to better understand how the land
system is altered against the background of national land restoration
programs. We focused on three specific land cover change processes
that closely correlate with China's ecological programs across the region
(Fig. 1): forest loss, forest gain and cropland retirement. Specifically,
our objectives were to address the following research questions:

1. What were the rates and spatial and temporal patterns of forest
change in Inner Mongolia from 2000 to 2014?

2. What were the rates and spatial and temporal patterns of cropland
retirement in Inner Mongolia from 2000 to 2014?

3. How can land changes in forests and agriculture be interpreted
against the background of Chinese environmental protection po-
licies?

2. Methodology

2.1. Study area

Inner Mongolia is an autonomous region located in Northern China
with twelve prefecture-level divisions, which are subdivided into 102
counties (Fig. 1). It covers an area of about 1.18 million km2 with a
population of 27 million people in 2010 (IMARBS, 2015). Lying in a
climatic transitional zone from sub-humid to dry environments, land
covers in Inner Mongolia follow a distinct gradient. With higher pre-
cipitation, the northeastern part of the region is dominated by mostly
deciduous forests in mountainous areas, while the lowlands are used for
agriculture. Croplands dominate the East, with the share of grasslands
gradually increasing westwards. Between the forested North-East and
the vast desert in the West, land cover is dominated by grassland eco-
systems.

2.2. Image data and reference data generation

We predicted land cover probability for four land cover classes:
cropland, forested land, grassland and others (including waterbody,
build-up land and unused land) between 2000 and 2014 using two
MODIS Collection 5 Vegetation Index (VI) products from Terra
(MOD13Q1) and Aqua (MYD13Q1). The MOD13Q1 and MYD13Q1
comprise the Normalized Difference Vegetation Index (NDVI), the
Enhanced Vegetation Index (EVI), surface reflectance in the blue, red,
near-infrared (NIR), and shortwave-infrared (SWIR) wavelengths, as
well as pixel quality data. Both MODIS products have a nominal spatial
resolution of 250 m and a composite time interval of 16 days. We first
reprojected all the MODIS imagery from its original sinusoidal projec-
tion to Albers using the nearest neighbor resampling approach. To in-
crease the observation density, we combined the indices and spectral
reflectance acquired from Terra and Aqua. For each pixel, the temporal
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profile of each spectral band and vegetation index was reconstructed
based on the actual DOYs used for compositing MOD13Q1/MYD13Q1
16-day composites. We used the Savitzky-Golay filter available in the
TIMESAT software (Jonsson and Eklundh, 2004) to smoothen the time
series of NDVI, EVI and the four reflectance bands. This procedure ef-
fectively reduces the noise caused by atmosphere, off-nadir viewing and
low sun zenith angles (Hird and McDermid, 2009). For each growing
season (March–October), we then computed annual statistics including
the mean, minimum, maximum, range and standard deviation for the
first half (March–June), second half (July–October), as well as the en-
tire growing season. This reduced the number of input variables for the
classifier while keeping phenological information that is needed for
distinguishing different land cover classes (Clark et al., 2012, Clark
et al., 2010; Huttich et al., 2011).

We adopted the land use and land cover legend developed by the
Chinese Academy of Science (CAS) national land cover mapping in-
itiative to adequately account for regional settings (Liu et al., 2005).
The original classes in the CAS land cover dataset were grouped into 4
aggregated classes: cropland, forested land, grassland, and others
(Supplementary material, Table S1).

Reference data for training annual random forest models were
generated following a modified version of the signature generalization
approach in Yin et al. (2014), inspired by Gray and Song (2013). The
approach derives training samples for each year between 2000 and
2014 using the CAS-LUCC dataset from the year 2000. First, we

randomly distributed samples with the center of each sample snapped
to the center of the nearest MODIS pixel. Each sample unit was set to a
square with 1.5 times the side length of a MODIS pixel. Then, we cal-
culated the land cover proportions in each sample using the CAS-LUCC
dataset and labeled each sample according to the dominant land cover
class while retaining only samples with a single dominant class
of> 80%. The resulting sample represented the land cover from the
year 2000. To be able to apply the reference dataset to train models for
the other years, samples for which the land cover had changed over
time were automatically flagged and removed. To identify samples with
changing land cover, we used change vector analysis (CVA) on the red
band and NDVI since red and NDVI are sensitive to land cover change
and similarly affected by atmospheric effects across different land cover
types (Gray and Song, 2013; Ridd and Liu, 1998). We stacked the mean
value of the smoothed red band and NDVI during the growing season
for 2000 and 2014, respectively. A linear regression function was used
for radiometric normalization to reduce the effects of atmospheric dif-
ference or other factors (Hall et al., 1991). The CVA analysis was
hereafter conducted on the red band and NDVI.

Collecting a sufficient number of references for precisely validating
a land cover change map is challenging, because the number of classes
increases substantially compared to a single-date land cover map
(Olofsson et al., 2013; Wickham et al., 2013). We collected 586 Landsat
L1 T images acquired mostly in late spring or early autumn for every
year between 2000 and 2014 as reference data. The spectral and spatial

Fig. 1. Inner Mongolia and ecological programs conducted in each prefecture. GGP refers to Grain to Green Program, NFCP refers to Natural Forest Conservation Program, and BTSST is
Beijing and Tianjin Sandstorm Source Treatment Project (IMARBS, 2015). (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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patterns of the Landsat imagery, as well as the phenological differences
between different land cover types helped to distinguish land cover
classes visually. A size of one MODIS pixel was used as the sampling
unit. We randomly selected 300 pixels for each stable class, 50 pixels for
each change year within each land cover change class, and 300 pixels
for others. Where no Landsat image was available (i.e. because of data
gaps due to ETM SLC-off or cloud cover), or the samples were ambig-
uous during visual interpretation, a temporal profile from the
MOD13Q1/MYD13Q1 NDVI time series was employed as ancillary in-
formation. In all, a number of 3300 reference samples were labeled. The
accuracy was reported in the form of an area-adjusted confusion matrix,
including the omission error, commission error and overall accuracy
(Olofsson et al., 2014, 2013). The overall data processing protocol is
summarized in Fig. 2.

2.3. Land use and land cover change mapping

2.3.1. Land cover probability estimate
Pixel-wise probabilities for cropland, forested land, grassland and

others (including waterbody, build-up land and unused land) were es-
timated using the random forest model for each year from 2000 to
2014. We used the package ‘randomForest’ (Liaw and Wiener, 2002)
implemented in the statistical software CRAN R (R Core Team, 2016) to
conduct the analysis. The number of variables randomly sampled as
candidates at each split was set to the square root of the number of
input variables. The minimum number of terminal nodes was set to 10
and the number of trees to 1000. Per-pixel class probability was esti-
mated based on the percentage of tree votes for a given class. As MODIS
Collection 6 data was released after finalizing the analysis, we tested for
changes in probabilities for Collection 6 vs. Collection 5 data for all
classes in 2014. Class-wise correlations varied between 0.94 and 0.99
and thus justify using Collection 5 data, when land cover conversions
are derived from annual probabilities over time.

2.3.2. Temporal segmentation
We used the temporal segmentation approach MODTrendr (Sulla-

Menashe et al., 2014) to detect and describe changes in each pixel's

class probabilities over time. Adapted from the LandTrendr algorithm
(Kennedy et al., 2010), the directional change of a temporal segment is
interpreted in MODTrendr as a proxy for change on the ground (Sulla-
Menashe et al., 2014). Several metrics were used to describe temporal
segments in each probability stack statistically, including the start and
ending time of segments, segment length (in years) and change mag-
nitude (i.e. the difference between probabilities at the start and end of
each segment). We ran MODTrendr on all land cover probability time
series separately and used similar fitting parameters as in Sulla-
Menashe et al. (2014). We adapted the significance threshold for model
fitting (p-value = 0.05) and the maximum number of trajectory seg-
ments to six to capture all relevant changes in the probability time
series.

2.3.3. Mapping land use and land cover change
For each land cover probability time series, two metrics – the largest

decrease and the largest increase of land cover probabilities – were used
for determining land conversions. To identify the magnitude of land
cover conversions, we performed sensitivity analyses using calibration
samples to find the optimal change magnitude (OCM) for each land
cover conversion type. First, we collected MODIS-size land cover
change samples located in forest loss, forest gain and cropland retire-
ment areas based on visual interpretation of Landsat archive and high
resolution imagery in Google Earth. Second, we generated stable land
cover samples at MODIS pixel-size based on land cover probability time
series from 2000 to 2014. Third, change and no-change samples were
combined serving as model calibration samples. In all, we generated
391 calibration samples with 113 labeled as deforestation to calibrate
MODTrendr for forest loss mapping, 375 calibration samples with 100
labeled as forest regeneration for forest gain detection and 312 cali-
bration samples with 92 labeled as conversion from cropland to
grassland for cropland retirement mapping. Using different thresholds
of change magnitude (Δ Probability), we estimated user's and produ-
cer's accuracies of the three change classes. The optimal change mag-
nitudes were identified by choosing the class-wise maximum F1 score
(F1max), which is the weighted harmonic mean of user's and producer's
accuracy:

Fig. 2. Workflow diagram.
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where UA is the user's accuracy, PA is the producer's accuracy and i is
the change magnitude ranging from 0.1 to 0.9 at intervals of 0.05.

The calibration of the MODTrendr suggested that optimal change
magnitudes for reliable land cover conversion mapping vary among
different land change processes (Supplementary material, Fig. S1).
OCM for cropland retirement was found at a higher Δ Probability of 0.6
while both forest loss and gain were mapped best based on an OCM
value of 0.55. We accordingly used 0.6 and 0.55 as the thresholds for
separating land conversion in croplands and forests, respectively.

The segments were labeled as land cover change when the decrease
in class probability exceeded the OCM. For each pixel we recorded the
converted land cover class and the timing of the conversion based on
the year of the starting and ending points of segments. A pixel was
flagged as showing a land cover conversion when a pronounced land
cover loss in one land cover probability trajectory occurred simulta-
neously with a gain in another land cover probability trajectory.
A ± 2 year difference between the timing of labels from land cover
loss and gain was allowed. Detailed descriptions of the metrics are
provided in Kennedy et al. (2010) and Sulla-Menashe et al. (2014).

A land cover map was created for the year 2000 based on the ma-
jority land cover probability from the fitted probability time series. We
combined the baseline map for 2000 with the land cover change map
into a single map of stable land cover classes and the yearly changes.
We labeled three non-change land classes “permanent cropland”,
“permanent forested land” and “permanent grassland”. Conversions
from forested land to grassland and cropland were integrated as forest
loss to agricultural land, the conversions from grassland and cropland
to forested land were combined as forest gain from agricultural land,
and the conversion from cropland to grassland represents cropland
retirement.

2.4. Spatial and temporal patterns of LULCC

To assess the regional response of land cover changes related to the
respective ecological programs, we estimated the total relative change
(RC) and annual relative change (ACR) of forest loss, forest gain and
cropland retirement. Areas and associated 95% confidence intervals
were estimated by means of error-adjusted stratified estimation as de-
scribed in Olofsson et al. (2014). Because we were interested in the
human caused forest change only and not in forest loss caused by
natural disasters, we separated fire-induced forest loss from the total
forest loss using the Collection 5.1 MODIS Burn Area Product

(MCD45A1: available at ftp://ba1.geog.umd.edu). Further, we esti-
mated the net forest change rate (FCR), i.e. gross forest gain minus
forest loss. RC, ACR and FCR were estimated according to:

∑= ⎧
⎨⎩

⎫
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∗

=

RC AC A100
i

i
2001

2014

2000
(2)

where ACi is the converted area at year i, and A2000 denotes the area of
land cover in 2000. For example, when calculating the relative change
for forest gain on previous agricultural land, A2000 denotes the area of
agricultural land in 2000. In the case of forest loss, A2000 stands for the
area of forested land in 2000.

= ∗
−ACR AC A100 ( )j j j 1 (3)

where ACRj is the relative change rate in year j, ACj denotes the area of
the conversions in year j and Aj-1 equals the area of the land cover class
in year j-1. Overall, the net forest change rate (FCR) was estimated as
follows:

∑= −∗

=

FCR FG FL F(%) 100 ( )
i

i i
2001

2014

2000
(4)

where FGi and FLi stand for the area of forest gain and forest loss in year
i, respectively, and F2000 denotes the forested area in 2000.

To reveal temporal patterns and trends in land cover changes, e.g. to
understand whether forest loss has been increasing or slowing down,
we plotted the annual land cover change areas for the entire Inner
Mongolia. We also wanted to know whether and how these change
trends varied spatially. Thus, we calculated Sen's slope (Sen, 1968) and
ran a Mann-Kendall test (Mann, 1945) on the annual relative change at
the county level.

We investigated how land cover changes varied among different
topographic and climatic conditions, because ecological programs were
set up with reference to the respective environmental settings in dif-
ferent regions. The Shuttle Radar Topography Mission (SRTM) digital
elevation model (DEM) database v4.1 was used to calculate topo-
graphical derivatives. Elevation and slope were derived from the 90-m
SRTM dataset, reprojected to the projection of the CAS-LUCC map using
nearest neighbor resampling. We then upscaled the reprojected eleva-
tion and slope to the MODIS grid resolution by means of simple aver-
aging. The Climate Moisture Index (Im) dataset covering Inner
Mongolia (available at http://www.geodata.cn) was used to assess the
climatic conditions under which land change occurred. The 500-m re-
solution climate moisture index dataset was produced by the Institute of
Agricultural Resources and Regional Planning of the Chinese Academy
of Agricultural Sciences, using long-term ground gauges of precipitation

Table 1
Accuracy assessment showing user's accuracy (UA) and producer's accuracy (PA) for forest loss, forest gain, and cropland retirement and permanent classes: permanent cropland (PC),
permanent forested land (PF), permanent grassland (PG).

Year Forest loss UA Forest loss PA Forest gain UA Forest gain PA Cropland retirement UA Cropland retirement PA

2001 0.88 ± 0.09 0.98 ± 0.01 0.70 ± 0.13 0.96 ± 0.03 0.46 ± 0.14 0.93 ± 0.05
2002 0.96 ± 0.03 0.88 ± 0.07 0.80 ± 0.11 0.86 ± 0.08 0.62 ± 0.14 0.96 ± 0.04
2003 0.96 ± 0.04 0.93 ± 0.06 0.84 ± 0.10 0.88 ± 0.08 0.66 ± 0.13 0.93 ± 0.06
2004 0.88 ± 0.07 0.98 ± 0.01 0.90 ± 0.08 0.94 ± 0.06 0.68 ± 0.13 0.65 ± 0.18
2005 0.96 ± 0.04 0.97 ± 0.01 0.82 ± 0.11 0.83 ± 0.13 0.60 ± 0.14 0.59 ± 0.27
2006 0.90 ± 0.08 0.96 ± 0.04 0.84 ± 0.10 0.98 ± 0.02 0.56 ± 0.14 0.63 ± 0.33
2007 0.94 ± 0.06 0.95 ± 0.05 0.88 ± 0.09 0.75 ± 0.12 0.58 ± 0.14 0.89 ± 0.09
2008 0.94 ± 0.05 0.94 ± 0.06 0.90 ± 0.08 0.87 ± 0.08 0.64 ± 0.13 0.90 ± 0.10
2009 0.90 ± 0.08 0.96 ± 0.04 0.84 ± 0.10 0.91 ± 0.09 0.66 ± 0.13 0.64 ± 0.15
2010 0.88 ± 0.09 0.97 ± 0.02 0.80 ± 0.11 0.92 ± 0.06 0.70 ± 0.13 0.87 ± 0.12
2011 0.98 ± 0.01 0.97 ± 0.03 0.90 ± 0.08 0.98 ± 0.01 0.64 ± 0.13 0.87 ± 0.03
2012 0.94 ± 0.05 0.98 ± 0.02 0.86 ± 0.10 0.97 ± 0.03 0.64 ± 0.13 0.74 ± 0.14
2013 0.94 ± 0.04 0.96 ± 0.04 0.82 ± 0.11 0.99 ± 0.01 0.52 ± 0.14 0.96 ± 0.04
2014 0.88 ± 0.08 0.96 ± 0.03 0.74 ± 0.12 0.91 ± 0.17 0.42 ± 0.14 0.95 ± 0.05

Overall Accuracy = 0.95 ± 0.02.
UA (%) for permanent classes: PC (0.93 ± 0.03), PF (0.96 ± 0.02), PG (0.94 ± 0.03).
PA (%) for permanent classes: PC (0.90 ± 0.05), PF (0.95 ± 0.04), PG (0.96 ± 0.01).
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Fig. 3. Land use and land cover change map of Inner Mongolia (bottom right). Three subsets (top rows) show close-ups of the map at A (forest loss), B (forest gain), and C (cropland
retirement) and two corresponding snapshots before and after change in Landsat imagery (RGB = 453). The trajectories (bottom left) show pixel-wise and fitted land cover probabilities
located in (A), (B) and (C), respectively.
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and temperature based on the method of Thornthwaite and Mather
(1955). We stratified the climate moisture index into 12 strata with
each stratum corresponding to a certain climate type: semi-arid (SA,
Im≤ −35), dry sub-humid (DS, −35 < Im≤ 0) and moist sub-
humid (MS, Im > 0). Each climate type was divided into evenly spaced
sub-classes at an Im value interval of five. We then estimated the total
relative change of each LULCC class within each stratum of the climate
moisture index and for 5-degree slope classes.

3. Results

3.1. Land use and land cover change mapping

The accuracy assessment revealed an overall accuracy of
0.95 ± 0.02, though errors varied among land categories and change
classes (Table 1, Fig. 3). User's accuracies were higher than 90% for
permanent forest, cropland and grassland. The same applied for pro-
ducer's accuracies of permanent classes.

As can be expected, change classes were in general less accurately
mapped and variations of the errors in each class were larger (Table 1).
The user's accuracy of the forest loss class varied little, though, and was
higher than 85% across all the single years of forest loss. Its highest
commission error was found in 2001 due to confusion with forest loss
classes in the following years (Supplementary material, Table S2). The
producer's accuracies also confirmed the good performance of forest
loss mapping with an average omission error of< 15% and a standard
deviation of 0.06. Forest gain from 2001 to 2014 was also well cap-
tured, with an average user's and producer's accuracy of 83.1% and
91.0%, respectively. Forest gain in 2001 was more often confused with
that in other years, though (user's accuracy = 70.0%).

Cropland retirement was detected with an average user's accuracy
of 60.0% and producer's accuracy of 82.9%. Confusions of cropland
retirement mainly occurred with permanent cropland and grassland,
which accounted for 2/3 of the errors.

3.2. Forest loss and gain

The net forested area in Inner Mongolia clearly increased between
2001 and 2014, though changes differed in different periods across the

region (Figs. 4 and 5). Fire-induced forest loss accounted for nearly
73.5% of the entire forest loss, as revealed by the MODIS burnt forest
product (MCD45A1, available at ftp://ba1.geog.umd.edu). The fire-
excluded forest loss was 120,530 ± 11,755 ha or 0.8% of the forested
area in 2000. Forest loss decreased over time when areas affected by
forest fires were excluded (Fig. 4). The annual net forest loss gradually
decreased from 15,717 ± 1770 ha (0.1% of the entire forested land) in
2001 to 1313 ± 165 ha (0.01% of the forest) in 2014.

The forest loss rate and its trend were heterogeneous at county level
(Fig. 5). Counties with higher rates of forest loss were mainly located in
the southern Greater Khingan Range where the NFCP program was not
implemented (Fig. 1, Fig. 5A). Counties enrolled in the NFCP program
showed less forest decline, compared to the non-NFCP counties. All
counties in Inner Mongolia showed slowing down forest losses, while
the magnitude of change varied regionally (Fig. 5B). The NFCP enrolled
counties (e.g. Hulunbuir) showed a statistically significant (Mann-
Kendall test p-value<0.05) trend of slowing down forest loss com-
pared to other counties.

We estimated that forest gain affected an area of
190,645 ± 28,352 ha, accounting for 0.29% of the agricultural land in
Inner Mongolia during our monitoring period (Fig. 4). The most rapid
increase in forest cover occurred between 2001 and 2003. After this
peak, forest cover gains gradually decreased and did not exceed
15,000 ha/year after 2006.

Spatial forest gain patterns also showed great regional hetero-
geneity, with most of the forest gain detected in the regions enrolled for
the NFCP and BTSST programs, such as the Yellow River and the
Greater Khingan Range (Fig. 5C). Southern counties in Chifeng close to
Beijing also showed marked forest cover increase. Overall, forested
areas in Inner Mongolia net increased by 70,115 ± 40,107 ha ex-
cluding forest losses due to fire events. Marginal areas of the northern
and southern-most Greater Khingan Range exhibited net forest cover
loss, while Tongliao, southern Chifeng and the counties close to the
Yellow River such as Baotou showed pronounced net forest gain
(Fig. 5D).

The relative change across mountain slopes and climatic strata
showed a distinguished difference between forest loss and forest gain
(Fig. 6). A greater proportion of forest was converted to agricultural
lands in flat terrain (slope < 5°), where nearly 1.34% of the forest was
lost (Fig. 6A). Forest loss decreased with increasing mountain slopes.

Reforestation mainly occurred on steeper slopes. Only 0.14% of the
agricultural lands in flat terrain were converted to forest, while> 2.8%
of agricultural lands on slopes > 20° were converted to forests. Peak
reforestation occurred on slopes of 15–20°. We also found that climate
played a role for forest change (Fig. 6B), with forest loss being most
prominent in the drier sub-humid areas and decreased towards the
more humid regions. In semi-arid areas, however, little forest was lost.
Conversely, forests mainly gained area under better moisture condi-
tions. Forest gain increased from 0.01% in semi-arid areas to 3.4% in
moist sub-humid regions.

3.3. Cropland retirement

We found considerable temporal and spatial variances in cropland
retirement between 2000 and 2014 in Inner Mongolia (Figs. 7 and 8).
Error-adjusted area estimates exhibit 1.32% of cropland-to-grassland
conversions (212,979 ± 54,939 ha) during our observation period.
Cropland retirement peaked in 2003 (Fig. 7) and then sharply de-
creased in 2004, fluctuating around yearly change rates of 10,000 to
20,000 ha/year until 2011. We found that cropland retirement was
more pronounced in the counties enrolled for the GGP and BTSST
programs where a greater fraction (5%) of cropland was converted to
grassland (Fig. 8A). Cropland retirement rates slowed down in most of
the counties in Inner Mongolia after 2003 (Mann-Kendall test p-
value < 0.05) (Figs. 8 and 9B).

Cropland retirement was also found to be topography and climate

Fig. 4. Fire-excluded forest loss and error-adjusted area estimates of forest gain. The
associated 95% confidence intervals are shown as error bars.
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related (Fig. 9). Cropland in steeper terrain (slope > 10°) had a higher
likelihood to be converted to grassland (Fig. 9A). While 1.5% of the
croplands in flat terrain were retired, in contrast to 5.2% on
10° ≤ slope < 15° and 4.5% on slope ≥ 15°. Cropland retirement
mostly occurred in dry areas (e.g. SA3, DS1) (Fig. 9B). Nearly 1.9% of
the cropland in the sub-humid zone was returned to grassland, while
less cropland was retired in the semi-arid (1.0%) and moist sub-humid
(0.5%) regions.

4. Discussion

Detecting changes between multiple land cover classes and identi-
fying the exact timing of these changes is challenging. Analyzing land
cover probability time series with machine-learning based temporal
segmentation provides an effective means of mapping land cover
changes across broad scales. Our mapping approach takes advantage of

the hyper-temporal resolution of the MODIS archive, and exploits the
different temporal signatures of land use/cover properties to produce
annual LULCC information. Our study consistently maps changes in
forest and agricultural land at annual intervals, thereby highlighting
spatial and temporal variation in land use change in Inner Mongolia.

4.1. Land use and land cover change mapping

The achieved mapping accuracies support the value of using land
cover probabilities and temporal segmentation for detecting land use
and land cover changes at the MODIS scale. First, land cover prob-
abilities provide a continuous measure for each pixel's heterogeneity
and the inherent mixtures of different land cover types. For coarse re-
solution imagery, using land cover probabilities helps mitigate the
mixed-pixel problem of low-resolution imagery compared to a discrete
classification. This is specifically true when analyzing gradual change

Fig. 5. Forest changes at county level between 2000 and 2014. (A) Relative forest loss rate and (B) Sen's slope and Mann-Kendall test of annual relative change rate in forest loss. (C)
Relative forest gain and (D) Percentage of net forest change.
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over time, where “hard” classifications tend to over-simplify the ana-
lysis of process regimes. Using standardized indicators, such as land
cover probabilities, is therefore possible to analyze the transitional
changes between different land cover classes. Land cover probabilities
directly link observed changes in time series to specific land cover and
land use changes, as the probabilities are a synthesized metric derived
from the complete spectral information (as opposed to e.g. NDVI-based
time series). Finally, our temporal segmentation approach avoids
creating mis-classification in single years that regularly occur when
analyzing “noisy” time-series, by tracking inter-annual land cover dy-
namics.

While the results underline the potential of the chosen metho-
dology, the approach also has limitations. First, spectral and phenolo-
gical similarity of cropland and grassland caused higher mapping errors
for these two classes and therefore also concerning cropland retirement

mapping. Second, the complex LULCC processes may not be coherently
reflected, since satellite imagery portrays land cover rather than use
(Loveland and DeFries, 2004). This is also partially reflected in the
mapping accuracies for cropland-grassland conversions. For instance,
cropland retirement was sometimes confused with urban sprawl oc-
curring on croplands surrounding the cities of Inner Mongolia. While
this is principally correct from the land cover perspective - large tracts
of land have been set aside for years with succession leading to grass-
lands until impervious land prevails – the land use perspective is dif-
ferent. Third, fine-scale land change processes will be missed due to the
relatively coarse spatial resolution of MODIS, even considering our
probabilities-based approach accounts for sub-pixel heterogeneity to
the amount possible. Compositing higher resolution archives, such as
from Landsat and novel Sentinel-2 imagery (Drusch et al., 2012) will
improve detecting LULCC at finer scales (Griffiths et al., 2013; Potapov
et al., 2011). However, there will always be trade-offs between using
coarse spatial and high temporal resolution data, such as acquired by
MODIS, compared to fine spatial and moderate temporal resolution
data, such as from Landsat, if we wish to capture rapid changes in a
non-linear land system at landscape scales. Overall, our analysis proves
that changes were mapped with relatively high accuracies at MODIS
scale from the probability trajectories. While forest-related changes are
non-surprisingly better mapped than agricultural retirement, limita-
tions largely relate to class-inherent spectral similarities and the chal-
lenges of inferring land use from land cover, the overall picture of re-
tirement patterns in space and time is persistent and stringent with field
observations and our overall knowledge on process regimes in the re-
gion.

4.2. Forest change in Inner Mongolia

Forest was reported to be shrinking in Inner Mongolia prior to the
end of the 1990s (Zhan et al., 2004; Zhang et al., 2006). In this study,
we also found distinctive spatial and temporal patterns of forest change
after 2000: (1) forest loss is more obvious in marginal areas where
NFCP was not enforced, while forest gain is more prevalent in areas
where the NFCP was implemented, (2) most of the forest losses and
gains occurred in the early years of our analysis and change magnitude
decreased rapidly, and (3) overall, forest increased in Inner Mongolia
especially in counties where GGP and BTSST were implemented.

The overall decreasing forest loss reflected the direct influence of
the NFCP program. Counties affected by the NFCP, such as those

Fig. 6. Ratio of forest loss and forest gain by (A) topographic slope and (B) climatic types. SA1 stands for the strata (Im ≤−45), SA2 for −45 < Im ≤ −40 and SA3 for
−40 < Im ≤−35. DS1 to DS7 correspond to the Im values ranging from −35 to 0 at an interval of 5. MS1 and MS2 are 0 < Im ≤ 5 and Im > 5, respectively.

Fig. 7. Error-adjusted area estimates of cropland retirement. The associated 95% con-
fidence intervals are shown as error bars.
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located in the northern Greater Khingan Range, showed less forest loss
and more forest gain (Fig. 5A, C). A similar trend was found in other
provinces implementing NFCP (Liu et al., 2014; Shi et al., 2011; Van
Den Hoek et al., 2014). One prerequisite ensuring implementation of
China's forestry policy is the state-controlled ownership of the majority
of forested land. Covering the largest forested area of China, the Inner
Mongolia Forest Industry Group (IMFIG) functions both as the en-
terprise and the forestry administrative body (Wang, 2006; Wang and
Shen, 2008).

This study found most counties with forest increase concentrated in
the NFCP and BTSST program zones (Fig. 5C), in accordance with the
forest gain detected in the individual regions of Inner Mongolia (Guo
and Zhang, 2009; Hou et al., 2013; Ouyang et al., 2008; Zhang, 2011).
We also found that forest cover increased more on steeper slopes than in
flatter terrain, reflecting the intention of reducing soil erosion in
mountainous environments (Fig. 6A). This is in line with China's ve-
getation restoration design, which encourages forest regeneration on

steep lands (slope larger than 25 ̐ or 15 ̐ in the ecologically important
areas). Temporally, the remote sensing based detection of forest in-
crease in Inner Mongolia agrees well with the overall trend in the na-
tion-wide census data (Fig. 10). The rapid forest gain before 2004 is in
line with investments at the early stages of the ecological programs (Liu
et al., 2008). However, following diminishing grain production at the
expense of forest expansion, the goal to increase forest cover was re-
duced after 2003 and accordingly led to less gains in forest cover after
2003 (Tao et al., 2004; Xu et al., 2006).

4.3. Cropland change in Inner Mongolia

We found spatial and temporal variations of cropland change in
Inner Mongolia during 2000–2014: (1) croplands within GGP and
BTSST program regions were more likely converted to grasslands and
(2) similar to the early-on decrease in afforestation, we found a drastic
decline in cropland retirement from 2004 onwards. Conversions from

Fig. 8. Summary of the cropland retirement at country-level for Inner Mongolia between 2000 and 2014: (A) Relative change ratio calculated and (B) Sen's slope and Mann-Kendall test of
annual relative change ratio.

Fig. 9. Relation of cropland retirement with (A) slope and (B) climate types.
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cropland to grassland apparently changed drastically around 2004,
implying that the GGP and BTSST projects played an important role in
land use decision making. The rapid decrease in conversions was
probably triggered by the adjustment of China's land use policies. The
GGP program was launched in 2000 in Inner Mongolia and caused a
drastic decrease in sown grain areas (IMARBS, 2015). The rapid
shrinkage of cropland prompted the government to limit cropland re-
tirement programs in 2004 and 2005. This is evidenced by significantly
decreasing cropland retirement rates in the counties enrolled in the
GGP and BTSST programs (Fig. 1, Fig. 8B).

As rainfall is limited and its large inter-annual variability does not
favor cultivation in arid and semi-arid Inner Mongolia (Ellis et al.,
2002), farmers in arid or semi-arid regions apparently shifted from
vulnerable cereal cropping to more resilient grazing regimes. This is
supported by the higher conversion rates in the dry sub-humid areas
where lands were vulnerable to frequent droughts (Fig. 9B). The will-
ingness of farmers to participate in the government's land retirement
plans was also confirmed by numerous household surveys in Inner
Mongolia (Song et al., 2014; Su et al., 2011; Yan and Le, 2010). In the
driest areas (Fig. 9B), however, we found that little land was converted.
This suggests that irrigated and well managed croplands in semi-arid to
arid environments (e.g. Yellow River irrigated lands in south Bayannur,
Fig. 1) still served as a grain producing base. Other factors, such as
urbanization and land degradation, may also stimulate conversion from
cropland to grassland (Kawada et al., 2011; Yan et al., 2012). The
economic boom in Inner Mongolia during the last decade motivated
many farmers to give up on the cultivation of land and instead to mi-
grate to cities (Yang and Min, 2006). It has been estimated that the
proportion of farmers has fallen from 57.8% in 2000 to 42.3% in 2012,
with little change in the overall population in Inner Mongolia (IMARBS,
2015).

We found an overall cropland retirement trend in Inner Mongolia
since 2000, however, some long-term studies suggested these ecological
restoration programs did not completely recover forests and grasslands
(Hill et al., 2014). Moreover, cropland expansion at the expense of
grassland, such as cultivation in Chifeng and Tongliao also exists (Hill
et al., 2014). Though the majority of Inner Mongolia's grasslands were
well preserved since 2000 (Liu et al., 2014), cultivating grassland may
result in negative ecological consequences in the fragile dryland eco-
system and offset the benefits of cropland retirement (Tao et al., 2015).
Further agriculture change monitoring such as using Landsat archive

for mapping is much needed to better understand the long-term agri-
culture dynamics and the synergies between land use change and en-
vironmental effects.

5. Summary and conclusions

To the best of our knowledge, this study is the first to provide a
spatially and temporally detailed analysis of how land use was altered
in Inner Mongolia against the background of China's political programs
to improve the quality of the environment since the late 1990s. Our
findings are based on probability scores from machine learning applied
to long time series of MODIS data. Considering the straight interpret-
ability of the related scores, land cover probabilities hold great poten-
tial for time series analysis in remote sensing. While it was beyond the
scope of this, land cover probabilities might also serve as a useful means
to combine information from different sensors and satellite platforms,
thereby increasing the often critical time series density in land use and
land cover change studies by using multiple sources.

We found that agricultural land use pressure was considerably re-
duced in Inner Mongolia, with land use changes aligning with the im-
plementation of China's ecological programs. We accordingly detected
significant cropland retirement, as well as decreasing forest loss rates
and net forest gain. Generally, China's ecological programs seem to be
more effective in ecological fragile areas such as drier and steeper en-
vironments. Due to a lack of spatially explicit data on Chinese regional
investments in environmental programs, we refrain from inferring
causality. However, our findings shed new light on changes in agri-
cultural land use and deforestation/reforestation trends in Inner
Mongolia since the onset of the largest environmental programs on land
transformation globally. With Inner Mongolia being a prime target of
such policies, this study contributes to the sparse knowledge base on the
impacts of China's large-scale efforts to mitigate land degradation.
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