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Abstract: Detecting forest degradation from satellite observation data is of great significance in
revealing the process of decreasing forest quality and giving a better understanding of regional
or global carbon emissions and their feedbacks with climate changes. In this paper, a quick and
applicable approach was developed for monitoring forest degradation in the Three-North Forest
Shelterbelt in China from multi-scale remote sensing data. Firstly, Normalized Difference Vegetation
Index (NDVI), Enhanced Vegetation Index (EVI), Ratio Vegetation Index (RVI), Leaf Area Index (LAI),
Fraction of Photosynthetically Active Radiation (FPAR) and Net Primary Production (NPP) from
remote sensing data were selected as the indicators to describe forest degradation. Then multi-scale
forest degradation maps were obtained by adopting a new classification method using time series
MODerate Resolution Imaging Spectroradiometer (MODIS) and Landsat Enhanced Thematic Mapper
Plus (ETM+) images, and were validated with ground survey data. At last, the criteria and indicators
for monitoring forest degradation from remote sensing data were discussed, and the uncertainly of
the method was analyzed. Results of this paper indicated that multi-scale remote sensing data have
great potential in detecting regional forest degradation.

Keywords: forest degradation; indicators; MODIS; multi-scale; validation

1. Introduction

Forest degradation could be defined as a loss of carbon stocks from forestland without
land cover change caused by either natural or anthropogenic activities with relating to
climate change [1,2]. Deforestation and forest degradation have become an important
issue concerning climate change, and have been the second leading cause of anthro-
pogenic greenhouse emissions [3,4]. Studies have shown that global estimates of the carbon
emissions from degradation range from 10% to 40% of the total global greenhouse gas
emissions [2,5–7]. The uncertainty is mainly due to the difficulties in monitoring degra-
dation over large areas as the forest kinds, climatic characteristics, forestry planning and
management vary. Therefore, developing efficient methods for forest degradation is of
great significance not only in revealing the process of forest quality deceased, stand struc-
ture destructed and permanent loss of forest but also giving a better understanding of
regional or global carbon emissions and its relationship with climate change.

Recent advances in time series remote sensing data processing suggested that yearly
vegetation indices derived from MODerate Resolution Imaging Spectroradiometer (MODIS)
products could play a significant role in regional forest disturbance and degradation
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assessment [8,9]. Forest harvest, clearing and degradation could be detected using MODIS
multispectral time series data with spatial resolution from 250 m to 500 m [10]. Studies
also shown that the MODIS products were too coarse to detect the subtle changes in the
density or structure of individual tree. To solve the problem, high resolution satellite
data such as Landsat Enhanced Thematic Mapper Plus(ETM+)/ Operational Land Image
(OLI) [2,3,11,12], IKONOS [13,14], Sentinel-2 images [15] which gained the ability to detect
stresses and diseases at a crown level were adopted to classify forest health levels [16]. But
the long revisit cycle and cloud contamination of high resolution satellite data have long
limited their use in studying regional and global forest degradation. In addition, current
studies were either applied on single sensor images or on time series data from multiple
satellite sensors which have similar characteristics, it is still not easy to integrate time series
data from different satellite sensors to apply in a large scale forest degradation detecting [16].
In this condition, advances and new methods are urgent to exploit multi-scale data streams
for combing satellite data in multiple resolution to monitor forest degradation.

Some studies tried to detect forest degradation from the perspective of carbon reduc-
tion and the canopy fraction cover decreasing. Time series of multispectral Vegetation Index
(VI), such as Normalized Difference Vegetation Index (NDVI) [17,18], Enhanced Vegetation
Index (EVI), Normalized Difference Water Index (NDWI) [19], Enhanced Wetness Differ-
ence Index (EWDI) [20], which described the vegetation phenology, have been adopted to
analyze the forest health and forest degradation level. Some other indicators to describe
the forest productivity, such as Gross Primary Production (GPP)/Net Primary Production
(NPP) and Above Ground Biomass (AGB) [12], and indicators to reflect the biodiversity of
the forest, such as Canopy Fraction Cover (CFC) [21], were also used to assess the degra-
dation level in regional areas. But it is noteworthy that accuracy and uncertainly varied
when using different criteria and indicators [1,2,12,13,15], and the influence of multiscale
remote sensing indicators on the effectiveness and sensibility of forest degradation is still
unknown. In this case, studying regional forest degradation from multiple indicators based
on satellite observations data, and analyzing the impact of indicators on the accuracy of
degraded forest detection is of great significance.

As for the method to detect forest degradation, developing a robust approach to
map the forest degraded level from satellite or airborne remote sensing imagery is still
a challenge. Current methods tried to analyze changes in spectral response, spectral
fractions and indices to separate degraded and intact forests from remote sensing [22].
Classification approaches, such as decision tree [19], machine learning (random forest,
support vector machine) [3,23,24] have been developed to map the forest degradation level
in recent years. But the impact of climate to forest degradation was not considered in the
classification approaches in most studies, which was also one of the reasons leading to
forest degradation [15,17]. Therefore, developing an applicable method which takes into
account the influence of climate may increase the precision in forest degradation detecting
from remote sensing.

The aims of this paper are (i) to set up the indicator system to estimate the forest
degradation and to analyze the time series of the indicators from MODIS and Landsat
images, (ii) to develop a method from multiple indicators to detect the forest degradation
in Three-North Forest Shelterbelt in China, (iii) to validate the results by using the field
data and the high-resolution Landsat ETM+ images. This paper would provide a quick
and applicable approach for monitoring regional forest degradation.

2. Materials and Methods
2.1. Study Area

The Three-North Forest Shelterbelt Program initiated in 1978 and scheduled to be
completed in 2050, is the world’s largest afforestation project which coverages about
4.07 × 106 km2 (42.40%) of China [25]. The objective of this project is to control sand
and water erosion, harness soil, improve ecological environments and produce multiple
forest products. This project area mainly locates in the semi-arid and arid lands in the



Remote Sens. 2021, 13, 1131 3 of 16

northeastern, the northern and northwestern of China, where desertification and soil
erosion are still in a serious situation [26], as shown in Figure 1. Since the implementation of
the project, some accomplishments have been made. Specifically, the forest area increased
about 244,690 km2, the forest coverage increased from 5.05% to 10.51%, forest volume
increased from 720 million m3 to 1390 million m3, desert reduced about 10 km2 per year,
and the soil erosion modulus decreased from 8000 t·(ha·year)−1 to 4000 t·(ha·year)−1 from
1978 to 2008 [26]. These ecological benefits are expected to contribute to reduce poverty,
improve livelihood and develop rural economies. This study concentrates on the forest
degeneration in the second stage of the project from 2000 to 2010.

Figure 1. Location of Three-North Forest Shelterbelt Program in China. The program locates in the semi-arid and arid lands
in the northeastern, the northern and northwestern provinces of China.

2.2. Data and Data Processing
2.2.1. Remote Sensing Data

MODIS VI Products: MODIS VI products could provide consistent spatial and tem-
poral comparisons of vegetation chlorophyll and canopy structure [27]. In this paper, the
MODIS VI products (MOD13A1 C06) were generated with 16-day intervals and a spatial
resolution of 500 m [28]. NDVI and EVI derived from atmospherically-corrected reflectance
in the red, near-infrared and blue wavebands were used in this paper to assess the forest
degradation. To minimize the impact of phenology, the mean NDVI and EVI from June to
August from 2000 to 2010 were acquired in this paper. Ratio Vegetation Index (RVI) was
well related to chlorophyll and biomass, which was defined as the ratio of the reflectance
of near-infrared to the reflectance of red, was also obtained from MODIS VI products.

MODIS LAI/FPAR Products: MODIS Leaf Area Index (LAI)/Fraction of Photosyn-
thetically Active Radiation (FPAR) products (MOD15A2H C06) [29] were provided on an
8-day basis with a spatial resolution of 500 m. The LAI/FPAR retrieve algorithm consisted
of a main algorithm that employed a biome-dependent look-up table based on simula-
tions with a stochastic radiative transfer model that considered three-dimensional canopy
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structure [30], and a back-up algorithm based on empirical relationships between NDVI
and canopy LAI/FPAR [30]. Validation methods of the product included comparisons
with in-situ data, comparisons with data from airborne and other space borne sensors, and
analysis of trends [30]. The mean LAI/FPAR from June to August from 2000 to 2010 were
calculated in this paper.

MODIS NPP Products: MODIS GPP/NPP products (MOD17A3 C06) with a spatial
resolution of 500 m and temporal resolution of one year [31] were used to reflect the
vegetation productivity of forest in this paper. NPP products were derived from the
difference of the GPP and the maintenance respiration. The core science of the GPP
algorithm is an application of the light use efficiency concept from MODIS LAI/FPAR
product and NASA GMAO meteorological data [32]. A set of biome-specific radiation use
efficiency parameters are extracted from the Biome Properties Look-Up Table [32]. The
maintenance respiration was determined by the LAI and specific leaf area. NPP from 2000
to 2010 were used in this study to assess the vegetation productivity.

Landsat ETM+ Data: Landsat-7 Enhanced Thematic Mapper Plus (ETM+) images
from June to August from 2000 to 2010 [33] were used to estimate high resolution (30 m)
vegetation index. The data were first destriped, then surface reflectance was first obtained
after radiometric correction and atmospheric correction. Relative radiometric normaliza-
tion of multi-temporal satellite images was also the necessary process in detecting the
forest change.

Climate Classification Map: As forest structure, function and degradation were
closely related to the climate and climate changes, an improved Köppen–Geiger climate
classification map (1980–2016) with the spatial resolution of 0.0083◦ (about 1 km) [34] was
adopted in this paper when analyzing the degradation. The climate classification map was
derived from an ensemble of high-resolution climatic datasets including WorldClim V1
and V2, CHELSA V1.2, and CHPclim V1. Validation with station observations data from
Global Historical Climatology Network-Daily database and the Global Summary of the
Day database demonstrated that the improved Köppen–Geiger climate classification map
exhibited a high classification accuracy (80.0%) [34].

Forest Map: The forest map was obtained from the “Forest-Land one map” database
from the National Forestry and Grassland Admiration of China. This map was built from
the forest resource inventory and forest resource planning and design. The forest map was
first aggregated to the MODIS resolution (500 m) and Landsat resolution (30 m). Then the
forest map was used to extract the forest indicators from MODIS and Landsat datasets.

2.2.2. Field Data

The provincial degradation area and degradation level in the Three-North Forest
Shelterbelt were collected from the Three North Shelterbelt Program Construction Bureau
of National Forestry and Grassland Admiration of China to validate the degradation map.
The ground forest degradation classes were measured according to the patterns of the
shoot blight and dead of the forest, the decrease of the fractional vegetation coverage, and
the loss of the forest function [35].

2.3. Methods
2.3.1. Indicators to Describe Forest Degradation

One of the fundamental principle of the selection of forest degradation indicators is
knowledge of the reduction of biomass and carbon. According to this principle, NPP was
selected as one of the indicators to reflect the potential of carbon storage under natural
conditions, and to describe the forest productivity [36].

Considering that time series multispectral vegetation indices could describe the vege-
tation phenology, and monitor the terrestrial photosynthetic vegetation activity in support
of change detection and biophysical interpretations [27], three vegetation indexes (NDVI,
EVI and RVI) were selected as the indicators to study forest degradation. Specifically, NDVI
has the advantage to minimize the band-correlated noise and the influences caused by
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variations in direct irradiance, clouds, sun and view angles, topography and atmospheric
attenuation. EVI could not only detect the sparse vegetation, but also decouple the noise
from aerosol scattering and soil background by including a blue reflectance and a feedback
term for simultaneous correction. RVI is well related to chlorophyll and biomass, and
is sensitive to the change of vegetation cover fraction. LAI was also taken into account
as it is a key remote sensing based descriptor of vegetation density and represents a key
input to a range of models, including those used for estimating forest carbon storage and
forest biomass.

Moreover, FPAR characterizes the energy absorption ability of vegetation canopy, is
able to present the vitality of the forest. It describes both the vegetation structure and the
related material and the energy change process. Therefore, FPAR was also selected as an
applicable indicator to study the forest degradation in this paper.

2.3.2. Methods to Detect Forest Degradation from Remote Sensing Data

To detect the forest degradation in multiple scales, a method based on MODIS and
Landsat ETM+ data was adopted in this paper, as shown in Figure 2. First, simple linear
regression models were adopted to analyze the trend using time series indicators (NPP,
NDVI, EVI, RVI, LAI, FPAR) from MODIS products from 2000 to 2010. Then a classification
model was established to analyze the degree of degradation based on the trend of indicators.
To minimize the influence of the mixed pixels in a MODIS pixel, the Landsat ETM+
data were used to analyze the situation in the degraded areas from MODIS datasets. By
analyzing the degradation rate from 2000 to 2010, and adopting the same classification
strategy as the degradation from MODIS products, a forest degradation map with a high
resolution of 30 m was obtained. Finally, to assess the performance of the method, the
results were validated with the ground-based survey data, and were compared with the
forest degradation derived from Landsat ETM+ data directly.

Figure 2. Flowchart of detecting forest degradation from MODerate Resolution Imaging Spectrora-
diometer (MODIS) and Landsat Enhanced Thematic Mapper Plus (ETM+) data. Regression models
were adopted to analyze the trend from MODIS Products, then a classification model was estab-
lished to analyze the degradation level, ETM+ data were used to obtain details in the degraded
MODIS pixels.

• Analysis of the Time Series Indicators from MODIS Products

First, the average values of the indictors (NPP, NDVI, EVI, RVI, LAI, FPAR) derived
from MODIS products in the growing season (from June to August) from 2000 to 2010 were
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acquired in this paper. By reviewing the quality flags in the MODIS products, the missing
values and negative values were replaced with corresponding mean values before and
after the specific time. To make the trends of different indicators comparable, the indicators
were normalized. Then some linear regression models were established using the time
series indicators (NDVI, EVI, RVI, LAI, FPAR, NPP) from MODIS data, and the regression
slopes and standard deviations were obtained for each MODIS pixel.

Considering that forest ecosystems were sensitive to climate, its structure, function
and degradation were closely related to the climate and climate changes, a decision tree
classification model was established based on an improved Köppen–Geiger climate classi-
fication map to categorize the pixels into four classes according to the regression slopes:
No degradation, slight degradation, moderate degradation and severe degradation. Not-
ing that each classification model was built on a sliding window (150 km × 150 km). In
the sliding window, MODIS indicators (500 m) were counted according to the Köppen–
Geiger climate classification map (1 km) to generate the histograms of the indicators
(See Figures S1 and S2 in Supplementary Materials). Then the classification strategy was
built according to the histogram of the indicators [19]. Specifically, No degradation: k ≥ 0;
slight degradation: −δ ≤ k < 0; moderate degradation: −2δ ≤ k < −δ; severe degradation:
k < −2δ. k is the regression slope, and δ is the standard deviation in the sliding window.
Once the degradation trend was found in at least one indicator, the pixel was classified
as degradation. And the degradation degree was determined according to the mode of
degradation level from the six kinds of indicators.

• Degradation Rate from Landsat Data

As the influence of heterogeneity of the land surface and mixed pixels in the MODIS
pixels (500 m), the degradation map from MODIS products may have a low accuracy. To
detecting the finer forest degradation in a MODIS pixel, the Landsat ETM+ data were used
to study the degradation areas in the MODIS pixels which was identified as the degraded
areas. Firstly, from the Landsat ETM+ data, the NDVI, EVI, RVI were obtained in the
degradation MODIS pixel. And the indicators were normalized to make the trends of
different indicators comparable. By analyzing the degradation rate, and adopting the same
classification strategy as the degradation from MODIS products, the forest degradation
map with a high resolution (30 m) was obtained. Degradation rate, defined as the area
degraded over a given period of time compared to the initial forest area [37], could be
described as follows:

θ = 1 −
(

1 − I1 − I2

I1

) 1
Y

(1)

where θ is the degradation rate of the indicator, I1 is the indicator at data 1 and I2 is the
indicator at date 2, Y is the weighted average time interval.

• Validation of the Results

To assess the performance of the forest degradation detecting method, ground survey
forest degradation data was collected to validate the results. Specifically, the forest degra-
dation area and degree from satellite observation data were compared with the provincial
ground survey data. Besides, forest degradation map was validated with high resolution
forest degradation map from Landsat ETM+ data pixel by pixel. The Determination Coeffi-
cient (R2) and Root Mean Square Error (RMSE) were used to quantify the accuracy of the
detection method.

3. Results
3.1. Forest Degradation Maps in the Three-North Forest Shelterbelt
3.1.1. Trends of the Indicators from 2000 to 2010

Trends of the indicators from 2000 to 2010 in the Three-North Forest Shelterbelt were
shown in Figure 3. Obviously, NDVI, EVI, RVI, LAI, FPAR and NPP showed an increasing
trend in most areas of the Three-North Forest Shelterbelt, which also demonstrated that
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great achievements have been achieved since the implementation of the program, and the
forests were in good condition in most areas. The decreasing trend mostly occurred in
the middle areas of Inner Mongolia, northwestern areas in Xinjiang, some areas in Gansu,
Ningxia and Shaanxi. It was worth noting that some difference existed among spatial
distribution of the trends of indicators. Specifically, in some western areas in Xinjiang,
NDVI, EVI and RVI showed an increasing trend from 2000 to 2010, while the LAI, FPAR and
NPP showed an increasing trend. The same situation occurred in eastern and southeastern
areas in Liaoning and Jilin, the NDVI, EVI, RVI and LAI were increasing while FPAR and
NPP were decreasing.

Figure 3. Trends of the indicators from 2000 to 2010 in the Three-North Forest Shelterbelt. (a) Normalized Difference
Vegetation Index (NDVI) trend; (b) Enhanced Vegetation Index (EVI) trend; (c) Ratio Vegetation Index (RVI) trend; (d)
Leaf Area Index (LAI) trend; (e) Fraction of Photosynthetically Active Radiation (FPAR) trend; (f) Net Primary Production
(NPP) trend.
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The reasons for the different tends mainly that the sensitive levels of these indicators
to the changes varied. Specifically, NDVI and RVI were chlorophyll sensitive, and were
well related to the vegetation canopy background and fraction of vegetation coverage [38];
EVI was more responsive to canopy structural variations, including canopy type, plant
physiognomy, and canopy architecture in high biomass regions through a de-coupling
of the canopy background signal and a reduction in atmosphere influences [39]; LAI
product was related to NDVI, and could be influenced by the forest types and observation
angle [40]; FPAR was an indicator of both the vegetation structure and the material and
energy change process, was a response to the changes in atmosphere and soil and was well
related to NDVI [41]; The changes in NPP were well related to the changes of temperature
and precipitation, and could reflect the productivity [42]. Besides, the mixed pixels in a
MODIS pixel and the heterogeneity of the land surface could also induce some different
characteristics occurred among the kinds of indicators.

3.1.2. Forest Degradation Maps from MODIS and Landsat ETM+ Data

A forest degradation map with a spatial resolution of 500 m from the trend of time
series MODIS products was obtained (Figure 4a). By using the Landsat ETM+ data to
analyze the situation in the degraded areas from MODIS datasets, the forest degradation
map with a resolution of 30 m was acquired (Figure 4b). Compared to use single time
series data from MODIS, the degradation map from MODIS-Landsat demonstrated finer
scale features with a clear identification by excluding the impact of non-forest in the coarse
MODIS pixels.

In general, most forest in the Three-North Forest Shelterbelt were in good condition
without degradation. The severe forest degradation was mainly located in the middle
areas in Inner Mongolia, the northwestern areas in Xinjiang, the middle areas in Inner
Mongolia, northern areas in Shannxi and Ningxia. In northeastern areas, such as Liaoning,
Jilin and Heilongjiang, slight and moderate degradation also occurred in the forest. In
general, the primary causes for forest degradation were poor quality of forest site, poor
natural condition, over-mature forest, improper selection of the forest species, forest pest
and disease, and the improper management measures.

Forest degradation area from MODIS data, forest degradation area from integrated
MODIS-Landsat data, and the forest degradation area from ground survey in each province
were shown in Figure 5. By excluding the non-degradation areas in a MODIS pixel, forest
degradation areas in each province from integrated MODIS-Landsat data were lower
than these from MODIS data. Due to the poor quality of forest site, drought, sandstorm,
biological hazard, physiological aging of shelterbelt and other natural factors, ecological
situation was grim in Inner Mongolia and Xinjiang (Degradation forest area was more than
80 × 104 hectares from MODIS data, and the severe degradation forest area was about 20
× 104 hectares). In Shaanxi and Gansu, forest degradation areas were more than 40 × 104

hectares. It was found that the forest degradation areas from satellite observations data
were larger than those from ground survey data in most province (Especially in Xinjiang,
where the degradation forest area was more than 80 × 104 hectares from remote sensing
data, and the degradation area was only 13,000 hectares from ground survey data). The
reasons for that were mainly the difference between indictors and standards to demonstrate
the degradation of forest from remote sensing data and ground survey data.
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Figure 4. Forest degradation from MODIS data and MODIS-Landsat data. (a) was obtained from MODIS products (500 m),
then Landsat ETM+ data were used to analyze the details in the degraded MODIS pixels, shown in (b) (30 m).
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Figure 5. Forest degradation area from remote sensing data and ground survey data. Degradation area from ground survey
data is lower than that from remote sensing data in most province.

3.1.3. High Resolution (30 m) Forest Degradation Maps in Typical Areas

We obtained the high resolution (30 m) forest degradation map in four typical areas
(Figure 6), Maowusu, Hulun Buir, Khorchin and Loess Plateau in the Three-North Forest
Shelterbelt, in which forest degradation were in a serious situation. The high resolution
(30 m) forest degradation maps were derived by using the classification strategy demon-
strated in Section 2.3.2 based on the Landsat data from 2000 to 2010. Total forest degradation
area in the four typical areas were about 250 × 104 hectares, occupying 52.87% of the total
forest degradation area in the Three-North Forest Shelterbelt (The forest degradation area
were 93.87 × 104 hectares, 23.43 × 104 hectares, 103.04 × 104 hectares, 33.87 × 104 hectares
in Maowusu, Hulun Buir, Khorchin and Loess Plateau, respectively). We found that the
serve forest degradation mainly distributed in the middle and southern areas of Maowusu
(12.92 × 104 hectares), eastern areas of Hulun Buir (6.66 × 104 hectares) and some areas in
the western Khorchin (4.56 × 104 hectares).

3.2. Validation of the Degradation Areas and Degradation Level
3.2.1. Validation with Ground Survey Data

We compared the forest degradation area from remote sensing data and those from
provincial ground survey data (Figure 7). In general, a good linear relationship exists
between the forest degradation areas from satellite observations data and those from
ground survey data. R2 between degradation area from MODIS data and ground survey
data was 0.48, and RMSE was 7.37 × 104 hectares. A good agreement with ground survey
data demonstrated that the method could be utilized to detect forest degradation for large
forest areas using MODIS time series data. R2 between degradation area from MODIS-
Landsat and ground survey data was as high as 0.62, and RMSE was only 4.73 × 104

hectares. A higher R2 and lower RMSE demonstrated that forest degradation from MODIS-
Landsat data achieved a better precision and indicated the applicability and reliability
of detecting the forest degradation from integrated time series MODIS and Landsat data.
From Figure 7, we could find that scatter plots of degraded forest areas from integrated
MODIS-Landsat images were located closer to the 1:1 line, especially at the slight degraded
forest. Besides, forest degraded area from time series MODIS indictors were obviously
larger than those from integrated MODIS-Landsat time series data. The main reason
may be that single pixel-time series MODIS data did not contain additional and useful
information to differentiate forest degradation [15]. Some non-forest land-cover types
existed in a coarse MODIS pixel (500 m), which lead to the overestimation of degraded
forest areas.
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Figure 6. Forest degradation maps (30 m in typical areas (a) Maowusu; (b) Hulun Buir; (c) Khorchin; (d) Loess Plateau.
These maps were derived from the degradation rate from Landsat data.

Figure 7. Validation of degradation area from remote sensing data against ground survey data. (a) is the validation from
MODIS data, and (b) is the validation from MODIS-Landsat data. Forest degradation from MODIS-Landsat data achieved a
better precision.



Remote Sens. 2021, 13, 1131 12 of 16

3.2.2. Cross Validation with High Resolution Data

We compared the degradation map from MODIS and Landsat product with corre-
sponding high resolution (30 m) degradation map in typical areas in which forest degrada-
tion were in a serious situation, as shown in Tables 1 and 2. Specifically, the high resolution
(30 m) degradation map was derived by using a decision tree model from Landsat data
from 2000 to 2010. In general, high accuracy was achieved of the degradation map from
MODIS-Landsat product. The overall accuracy of the classification of forest degradation
level from MODIS product was as high as 80.40%, and the Kappa Coefficient was 0.79. And
the overall accuracy of the classification of forest degradation level from MODIS-Landsat
product was as high as 84.35%, and the Kappa coefficient was 0.82. The high overall accu-
racy and Kappa coefficient demonstrated that the degradation map from MODIS-Landsat
product obtained high accuracy.

Table 1. Accuracy of forest degradation from MODIS data.

Mean Producer’s
Accuracy(%)

Mean User’s
Accuracy(%)

Overall
Accuracy(%) Kappa Coefficient

Maowusu 80.74 80.13 80.64 0.77
Hulun Buir 84.89 85.45 83.32 0.80
Khorchin 82.55 78.74 80.22 0.81

Loess Plateau 81.54 76.55 77.41 0.76

Average 82.43 80.22 80.40 0.79

Table 2. Accuracy of forest degradation from MODIS-Landsat data.

Mean Producer’s
Accuracy(%)

Mean User’s
Accuracy(%)

Overall
Accuracy(%) Kappa Coefficient

Maowusu 88.54 80.63 84.78 0.81
Hulun Buir 79.37 88.54 86.47 0.83
Khorchin 86.23 83.55 83.50 0.85

Loess Plateau 83.10 79.65 82.65 0.80

Average 84.32 83.09 84.35 0.82

4. Discussion
4.1. Criteria and Indicators for Forest Degradation Detection from Remote Sensing

Selection of the indicators from remote sensing data is one of the key points, which
have great influence on the accuracy of detecting and assessing the forest degradation. The
main principle of selection of the degradation indicators is the reduction of biomass and
carbon, the decreasing of canopy fraction cover and the biodiversity. Satellite observations
data has the potential to be decidedly instrumental in the assessment of forest degradation
at a much lower cost, therefore, becoming an applicable way to detecting forest degradation
at a regional and global scale [43]. In previous study, as shown in Table 3, various kinds of
indicators from the perspective of biodiversity (such as area of specific forest type, area frag-
mented, canopy fraction cover), vitality (such as VI) [2,44], carbon storage and productivity
(such as above ground biomass and NPP) [12] were all selected as the indicators when
detecting the forest degradation, and validated by field data or high resolution satellite
data (user accuracy ranged from 82.00% to 88.00%, and producer accuracy ranged from
56.58% to 68.10%). In this paper, indicators from multi-scale remote sensing data on the
basis of greenness (NDVI, EVI, RVI, LAI), vitality (FPAR) and productivity (NPP) were all
taken into account, therefore, achieving a more persuasive and convincing result (overall
accuracy 80.40% for MODIS data, and overall accuracy 84.35% for Landsat data).
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Table 3. Comparison of the accuracy of forest degradation detection from satellite data.

Criterion Indicators Data Validation Data Accuracy Reference

Carbon storage and
Production NPP, AGB Landsat ETM+

Imagery from Google
Earth, Forest Inventory

Sampling Plots
R2: 0.48~0.90 [12]

Biodiversity CFC
Landsat ETM+ IKONOS R2: 0.80 [13]

MODIS, Landsat TM Field data, MODIS
Evapotranspiration R2: 0.704~0.843 [21]

Vitality

NDVI MODIS, Landsat TM, in-situ
obervations [44]

NDFI

Landsat ETM+/OLI Field data User accuracy: 84.31%,
Producer accuracy: 56.58% [1]

Landsat ETM+/OLI Field data User accuracy: 88.00%,
Producer accuracy: 68.10% [2]

Landsat ETM+ Spot User accuracy: 82.00% [11]

4.2. Influence of Climate Map on Accuracy of Forest Degradation Detection

Forest sructure, function and degradation were sentitive to climate and climate changes [3].
In this study, we developed an appoach based on an improved Köppen–Geiger climate classi-
fication map to detect the degradated forest. To analyze the influence of this climate map on
the accuracy of the results, we also validated the forest degradation area from remote sensing
data using the data from the provincial ground survey when the climate map was not used
in the classification tree model in Section 2.3.2 (R2 = 0.40 and RMSE = 12.65 × 104 hectares
from MODIS data, and R2 = 0.54 and RMSE = 6.58 × 104 hectares from MODIS-Landsat
data). A higher R2 and lower RMSE as shown in Figure 7 (R2 = 0.48 and RMSE = 7.37 × 104

hectares from MODIS data, and R2 = 0.62 and RMSE = 4.73 × 104 hectares from MODIS-
Landsat data) indicated that the climate classification map could increase the accuracy in
forest degradation detecting.

4.3. Uncertainly Analysis

The errors and uncertainly of the input data, and the method based on multi-scale
remote sensing data would have some influence on the accuracy of the result in detecting
forest degradation. Although MODIS VI, MODIS LAI/FPAR and MODIS NPP products
have high accuracy [27,32,45], errors would certainly have some impact on the forest
degradation model. Besides, results of this paper were cross validated by Landsat data.
The scale difference between MODIS images (500 m) and Landsat images (30 m) would
also bring some uncertainly when validating the degradation forest. Moreover, most
MODIS 500 m pixels are mixed pixels, some other land-cover types existed in a mixed
MODIS pixel. Land-cover changes from forest to a high vegetation density types (such
as cropland and grassland), could not be detected using the coarse MODIS products [1].
Therefore, the changes of the land-cover could lead to some uncertainly when using MODIS
products to describe the forest degradation. Finally, MODIS products were used to locate
the forest degradation pixels, then Landsat ETM+ data were used to analyze the details
in the degraded areas from MODIS datasets in this paper, leading to that some degraded
areas outside the MODIS pixel were ignored, which could bring some omission of the
degraded forest.

4.4. Limitations and Future Work

Time series MODIS data have potential to be used for detecting vegetation changes,
hence, is applicable for identifying forest degradation processes in large-scale areas. But the
starting time, ending time and the lasting term of the degradation trend was not expressed
when using the linear regression. In the future, we may concentrate on the disturbances
and breaks of the forest degradation trend by using the breakpoints analysis method, such
as Breaks For Additive Season And Trend (BFAST) [45], and Detecting Breakpoints and
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Estimating Segments in Trend (DEBEST) [46]. Besides, forest degradation was difficult
to detect and characterize using satellite observation images especially when trees were
removed from forest with a high biomass or high vegetation density [1]. Lacking the field
data of forest degradation, results of this paper were only cross validated by Landsat data.
In the future, we may collect some field data to validate the results from remote sensing
images. In addition, forest degradation events usually occur at a fine scale than easily
available remote sensing data [47], but the cost of acquiring high resolution images over
the same area makes routine monitoring problematic as the impact of visiting time and
cloud [22]. Some data fusion methods may be adopted to generate data in both high spatial
and temporal resolution to analyze the forest degradation process in future work.

5. Conclusions

This paper developed a quick and applicable approach for monitoring regional forest
degradation in the Three-North Forest Shelterbelt Program area in China from multi-scale
remote sensing data. Firstly, six indicators (NDVI, EVI, RVI, LAI, FPAR, NPP) from satellite
observation data were selected to describe forest degradation. Then an approach to detect
forest degradation using time series MODIS and Landsat ETM+ images was developed. At
last, the degradation results were validated by ground survey data. Results of this paper
demonstrated that multi-scale remote sensing data have great potential in monitoring
regional forest degradation.

Generally, indicators used in this paper could detect a long term forest degradation
effectively. And accuracy of forest degradation from MODIS-Landsat data was higher than
that from MODIS data. Results of this paper also indicated that great achievements had
been made since the implication of the Three-North Forest Shelterbelt Program in China.
Most forest in the Three-North Forest Shelterbelt area was in good condition. The forest
degradation was mainly located in the middle areas in Inner Mongolia, the northwestern
areas in Xinjiang, the middle areas in Inner Mongolia, northern areas in Shannxi and
Ningxia. In Liaoning, Jilin and Heilongjiang, some slight and moderate degradation also
occurred in the forest.

Supplementary Materials: The following are available online at https://www.mdpi.com/2072-429
2/13/6/1131/s1, Figure S1: Histograms of the indicators in a sliding window in the Köppen-Geiger
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BSk climate class.
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