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Abstract: In this paper, RS, GIS and GPS technologies are used to interpret
the remote sensing images of the north shore of Qinghai Lake from 1987
to 2014 according to the inversion results of vegetation coverage (FVC),
albedo, land surface temperature (LST), soil moisture (WET) and other
major parameters after image preprocessing, such as radiometric correction,
geometric correction and atmospheric correction. On this basis, the decision
tree classification method based on landsat8 remote sensing image is used
to classify the desertification land in this area, and the development and
change of desertification in this period are analyzed. The results show that the
fluctuation of desertification land area in this area increased during the study
period, but from 2003 to 2014, the land area of mild desertification, moderate
desertification and severe desertification land were respectively decreased 0.92,
145.89 and 29.39 km2, while the area of serious desertification land still has
a slow increasing trend. Whether the driving force of desertification change
trend in this area is caused by human factors or global change needs to be
further studied.
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1 Introduction

Desertification is one of the serious ecological, social and economic problems in the arid and
semi-arid areas of the world, which seriously affects and puzzles the survival of all mankind and the
sustainable development of society. Therefore, the research of regional desertification classification,
dynamic monitoring, evolution rules, driving mechanism and so on has also become a hot and key
field of academic research [1–6].

Since 1990s, with the development of “3S” technology, desertification research has been
further developed. Different scholars used the normalized exposure index and multi-temporal
moderate-resolution imaging spectroradiometer (MODIS) remote sensing data to classify and
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dynamically monitor desertification by using the spatiotemporal dynamic indicators of vegetation
coverage [1,2,7–9]. From these studies, for different scales of remote sensing images, the accuracy
of classification results obtained by using thematic index is not very ideal, and there are many
indicators that can reflect desertification. However, in the application of remote sensing monitoring,
it is necessary to select an appropriate index system to extract desertification information according
to the land use characteristics of the study area.

At present, the research on desertification in the north bank of Qinghai Lake area mainly
focuses on two aspects: 1. The spatial distribution pattern of desertification land is analyzed, and
the stability and sensitivity of desertification land are evaluated. It is considered that the instability
of the patch sandy land is higher than that of the continuous sandy land, and the sensitivity of
desertification is mainly moderate and highly sensitive. 2. Monitoring land use, extracting land change
information, analyzing land spatial-temporal change and differentiation pattern, and simply analyzing
and discussing the driving forces of land change [1,4,10,11].

This paper mainly uses different methods and technologies, using high-resolution images, decision
tree classification and other mathematical statistical methods to quantitatively analyze the evolution
mechanism and rule of desertification on the North Bank of Qinghai Lake, so as to provide decision
support for desertification prevention and control in Qinghai Lake area.

2 Data Source and Preprocessing
2.1 Data Sources

In this paper, the time scale is from June to September, 1987 to 2014, the data of Landsat 5 TM
images with the track number of 133/34, Landsat 8 OLI and TIRS images are used. The background
information and specific parameters of remote sensing images are shown in the following Tab. 1.

Table 1: Introduction of remote sensing data used in the research

Serial
number

Data type Imaging
time

Track
number

Band
number

Spatial
resolution (m)

1 Landsat5 TM 1987.08 p133r34 7 30.0
2 Landsat5 TM 1989.08 p133r34 7 30.0
3 Landsat5 TM 1990.06 p133r34 7 30.0
4 Landsat5 TM 1993.08 p133r34 7 28.5
5 Landsat5 TM 1995.08 p133r34 7 30.0
6 Landsat5 TM 1996.06 p133r34 7 28.5
7 Landsat5 TM 1997.08 p133r34 7 28.5
8 Landsat5 TM 1998.07 p133r34 7 28.5
9 Landsat5 TM 1999.07 p133r34 7 28.5
10 Landsat5 TM 2000.08 p133r34 7 30.0
11 Landsat5 TM 2001.07 p133r34 7 30.0
12 Landsat5 TM 2002.07 p133r34 7 30.0
13 Landsat5 TM 2003.09 p133r34 7 30.0
14 Landsat5 TM 2004.09 p133r34 7 30.0
15 Landsat5 TM 2005.09 p133r34 7 30.0

(Continued)
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Table 1: Continued
Serial
number

Data type Imaging
time

Track
number

Band
number

Spatial
resolution (m)

16 Landsat5 TM 2006.08 p133r34 7 30.0
17 Landsat5 TM 2007.08 p133r34 7 30.0
18 Landsat5 TM 2008.07 p133r34 7 28.5
19 Landsat5 TM 2009.08 p133r34 7 30.0
20 Landsat5 TM 2010.07 p133r34 7 30.0
21 Landsat5 TM 2011.06 p133r34 7 30.0
22 Landsat8 OLI 2013.09 p133r34 11 30.0 & 100.0
23 Landsat8 OLI 2014.07 p133r34 11 30.0 & 100.0

2.2 Preprocessing of Remote Sensing Images
2.2.1 Radiometric Correction

In general, the gain and offset parameters given by USGS are used to calculate the radiometric
correction of images. Formula:

Lλ = Gain × DN + Bias (1)

where, DN: pixel brightness value of image, dimensionless, value range 0–255; L: radiance,
W·m2·sr−1·um−1; gain: W·m−2·sr−1·um−1; Bias: W·m−2·sr−1·um−1; There are two sets of parameters
(Tab. 2) for the gain and bias of TM images with different dates, and the differences mainly appear
in the gain. The calibration parameters of landsat8 image are queried in the MTL file attached to the
image [12,13].

Table 2: Gain and offset values

Band 1984.3.1∼2003.5.4 After 2003.5.4

Gain Bias Gain Bias

1 0.6024 −1.52 0.7628 −1.52
2 1.1751 −2.84 1.4425 −2.84
3 0.8058 −1.17 1.0399 −1.17
4 0.8145 −1.51 0.8726 −1.51
5 0.1081 −0.37 0.1199 −0.37
6 0.0551 1.2378 0.0551 1.2378
7 0.0570 −0.15 0.0653 −0.15

2.2.2 Geometric Correction

55 geometric correction points are selected, all points are evenly distributed on the image, and the
error is controlled within one pixel.
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2.2.3 Atmospheric Correction

This paper uses the fast line-of-sight atmospheric analysis of spectral hypercubes module of
environment for visualizing images (ENVI) software for atmospheric correction, and the relevant
parameters can be obtained from the MTL attached to the image File.

2.3 Parameter Inversion
2.3.1 Vegetation Coverage (FVC)

According to the distribution of normalized difference vegetation index (NDVI) values of TM
images in different years in the study area, combined with experts’ opinions, and are assigned values.
The range of is generally between-0.1 and 0.2, and the range of is generally between 0.6 and 0.8, the
inversion results are shown in Fig. 1:

Figure 1: FVC inversion results

The modified soil adjusted vegetation index (MSAVI) was used as the calculation formula:

MSAVI = 2NIR + 1 − 2NIR + 12 − 8NIR − R/2MSAVI

=
(

2NIR + 1 −
√

(2NIR + 1)
2 − 8(NIR − R)/2

) (2)

In the formula, NIR and R are the near infrared band and red band of the image
respectively [9,13]. The inversion results are shown in Fig. 2:
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Figure 2: Inversion results of soil-adjusted vegetation index

2.3.2 Albedo

The direct inversion method is used in this paper. The albedo formula of TM is:

Albedo = 0.356R1 + 0.130R3 + 0.373R4 + 0.085R5 + 0.072R7 − 0.0018 (3)

In the formula, R1, R3, R5, R5 and R7 are bands 1, 3, 4, 5 and 7 of TM image respectively [9,12,14].
The inversion results are shown in Fig. 3.

2.3.3 Land Surface Temperature (LST)

The resolution of Landsat TM5 image used in this paper is 30 m. The study area is dominated by
grassland bare land, but it is difficult to have 100% vegetation coverage or bare soil surface. Due to
different seasons, the growth of vegetation is not the same the method to improve emissivity through
NDVI threshold was proposed [9], [12–14], the formula is:

ε = PvRvεv + 1 − PvRsεs + dεε = PvRvεv + (1 − Pv)Rsεs + dε (4)
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Figure 3: Albedo inversion results

In the formula, Pv is the vegetation coverage, Rv and Rs are the temperature ratio of pure
vegetation and bare soil respectively, εv and εs are the specific emissivity of pure vegetation and bare
soil respectively, and dε is the geometric shape. When the surface is relatively flat, dε can generally be
taken as 0. After the correction of emissivity, the brightness temperature is converted to the surface
temperature, the formula is:

Ts = TB1 + λ × TBρlnε Ts = TB

1 + (λ × TB/ρ)lnε
(5)

ρ = hc/ α (6)

In the formula, λ= 11.5 um; h is Planck constant, taking 6.26·10−34, J·s; c is the speed of light,
2.998·108 m/s; α is Stefan Bolzmann constant, 1.38 10−23 J/K. The inversion results are shown in the
Fig. 4:
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Figure 4: Surface temperature inversion results

2.3.4 Soil Moisture (WET)

According to the characteristic space of TS NDVI, the dry edge equation and wet edge equation
are obtained. a1 and b1 are the coefficients of dry edge equation, a2 and b2 are the coefficients of wet
edge equation. TVDI [9,12,14] is obtained by substituting them into the formula. The results are shown
in Fig. 5.

3 Classification of Desertification
3.1 Analysis of Desertification Classification Methods
3.1.1 Statistical Methods

Maximum likelihood method and minimum distance method are the most commonly used
statistical methods for remote sensing image classification. The maximum likelihood method is a
classification method based on Bayesian criterion, while the minimum distance method is a variety of
classification methods based on various decision distance functions. With the development of remote
sensing technology, the data of remote sensing image is more and more abundant. When facing multi
band image data, the maximum likelihood classification method has some problems, such as large
amount of data, slow operation speed and so on. Because the objects feature in the remote sensing
image are scattered and the gray value range is wide, there are often linear and non-linear classification
problems between targets and between targets and background, which greatly affect the classification
accuracy of the minimum distance method [12,15–18].
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Figure 5: TVDI inversion results

3.1.2 Decision Tree Taxonomy

Decision tree classification algorithm has the characteristics of clear, intuitive, flexible and
high efficiency, which shows great advantages in classification accuracy. At present, the commonly
used desertification classification methods of medium and low-resolution remote sensing images
mainly include supervised classification, unsupervised classification and decision tree classifica-
tion. The object-oriented classification method has better effect on high resolution remote sensing
images [15,19,20]. However, other classification methods, such as neural network classification, fuzzy
classification, support vector machine classification and so on, cannot be popularized and applied
in the field of desertification research because of the complexity of the algorithm or the higher
requirements of Geoscience Knowledge. Huo Aidi, Ma Jingyu et al. adopted three methods of
supervised classification, unsupervised classification and decision tree classification. Based on the
four desertification monitoring indicators retrieved from MODIS data, they classified the Western
Hunshandake desertification area in the autumn equinox of 2000, and compared the classification
accuracy of the three classification methods [9,14, 19–21]. The results are shown in Tab. 3.

Liu Aixia and Shen Wenming used unsupervised classification, maximum likelihood method
and decision tree classification respectively, based on the five desertification monitoring indicators
retrieved from MODIS data, the desertification degree of Horqin Sandy Land in 2001 was classified.
Combined with the desertification monitoring map of Horqin Sandy Land in the late 1990s based on
TM image, the classification results of the three classification methods were evaluated [14,19]. The
results are shown in Tab. 4.
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Table 3: Classification accuracy results

Degree of
desertification

Unsupervised
classification

Supervised
classification

Decision tree
classification

Overall
classification
accuracy

39.58% 78.41% 83.11%

Kappa coefficient 0.2014 0.7141 0.7741
Mild 73.4% 90.07% 83.6%
Moderate 65.18% 58.53% 84.09%
Severe 30.09% 98.8% 83.84%
Very severely 1.32% 67.8% 80.7%

Table 4: Classification accuracy results

Degree of
desertification

Unsupervised
classification

Supervised
classification

Decision tree
classification

Non
Desertification

81.03% 87.64% 96.15%

Mild 80.67% 89.75% 91.47%
Moderate 75.01% 71.63% 89.30%
Severe 69.41% 85.72% 93.69%
Very severely 85.56% 90.63% 98.03%
Overall
Classification
Accuracy

80.88% 88.59% 94.63%

Kappa coefficient 0.735 0.802 0.885

It can be seen from Tabs. 3 and 4 that among the three classification methods, the overall accuracy
and kappa coefficient of decision tree classification method are the highest. Therefore, according to
the current situation of desertification in Qinghai Lake area and the characteristics of TM image, the
decision tree classifier is selected to carry out the classification of desertification in Qinghai Lake area.

3.2 Desertification Classification Based on Landsat8 Images
3.2.1 Data Introduction

Landsat8 carries two main loads: OLI land imager and TIRS thermal infrared sensor. The OLI
land imager consists of 9 bands with a spatial resolution of 30 m, including a 15 m panchromatic band
with an imaging width of 185 × 185 km. OLI includes all bands of TM sensor. In order to avoid the
atmospheric absorption characteristics, OLI readjusts the band. The larger adjustment is OLI band 5
(0.845–0.885 μm), excluding the water vapor absorption characteristics at 0.825 μm; OLI panchromatic
band band8 has a narrow band range, which can better distinguish vegetation and non-vegetation
features in panchromatic images; In addition, there are two new bands: one is the blue band (band 1:
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0.433–0.453 μm), which is mainly used for coastal zone observation, and the other is the short wave
infrared band (band 9: 1.360–1.390 μm), which can detect the strong absorption characteristics of
water vapor for cloud detection. The parameters of the two sensors are shown in Tabs. 5 and 6.

Table 5: Comparison of OLI and TM sensor parameters

OLI sensor TM senior

Band name Wavelength
(μm)

Spatial
resolution (m)

Band name Wavelength Spatial
resolution (m)

B1Coastal 0.433∼0.453 30 B1Blue 0.45∼0.52 30
B2Blue 0.450∼0.515 30 B2Green 0.52∼0.60 30
B3Green 0.525∼0.600 30 B3Red 0.63∼0.69 30
B4Red 0.630∼0.680 30 B4NIR 0.76∼0.90 30
B5NIR 0.845∼0.885 30 B5SWIR1 1.55∼1.75 30
B6SWIR1 1.560∼1.660 30 B6TIRS 10.4∼12.5 120
B7SWIR2 2.100∼2.300 30 B7SWIR2 2.08∼2.35 30
B8Pan 0.500∼0.680 15
B9Cirrus 1.360∼1.390 30

Table 6: TIRS sensor parameters

Band name Wavelength (μm) Spatial resolution (m)

B10 TIRS 1 10.6∼11.2 100
B11 TIRS 2 11.5∼12.5 100

3.2.2 Desertification Decision Tree Classification Based on Landsat8 Images

Landsat8 uses a new OLI land imager and TIRS thermal infrared sensor. It is not clear whether the
retrieval methods of NDVI, vegetation coverage, soil adjusted vegetation index, albedo, land surface
temperature and soil moisture suitable for landsat5 are also suitable for landsat8 images. According
to the existing research results, landsat5 NDVI and vegetation coverage inversion methods are also
suitable for landsat8 images. However, there are still many uncertainties in the two thermal infrared
bands of landsat8. At the same time, NASA does not recommend using split window algorithm to
retrieve land surface temperature. Therefore, this paper attempts to use the single window algorithm
to retrieve the first thermal infrared band of landsat8. The newly added cirrus band in landsat8 can
be used for cloud detection, so NDVI, vegetation coverage, land surface temperature, soil moisture
and cirrus band apparent emissivity are used as landsat8 desertification monitoring system to classify
the desertification in the study area. The parameters of NDVI, vegetation coverage, land surface
temperature and soil moisture based on landsat8 image were obtained by using parameter inversion
method. The apparent emissivity of cirrus cloud band can be retrieved from the formula provided by
NASA [10,14,19], and the formula is as follows:

ρλ′ = MpQcal + Ap (7)
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In the formula, ρ λ′ is the atmospheric top reflectance without sun angle correction; Mp is the
gain parameter; Ap is the offset parameter; Qcal is the pixel brightness value of the image, that is, DN
value. The values of Mp and Ap can be obtained from the MTL file attached to the image.

The formula of the atmospheric top reflectance with solar angle correction is as follows:

ρλ = ρλ′

sin θ
(8)

In the formula, ρλ is the atmospheric top reflectance corrected by the solar angle; θ is the solar
altitude angle, which can be obtained from the MTL file attached to the image [1,10,11,14,15,19,21].

According to the above parameters, NDVI values of severe desertification land, moderate deser-
tification land, mild desertification land and non-desertification land are all greater than 0. The
vegetation coverage of non-desertification land is more than 60%, that of mild desertification land
is between 30% and 60%, that of moderate desertification land is between 10% and 30%, and that of
severe desertification land is less than 10%. The surface features with NDVI value less than 0 include
water body, severely desertified land, cloud, cloud shadow and snow cover. The surface temperature
of the desertified land is between 288–302 k, the surface temperature of the seriously desertified land
is about 300 K, the temperature of the water body is about 285 k, and the surface features below 290
k are clouds, cloud shadows and snow. The soil moisture of seriously desertified land is about 0.5%
larger than that of water body. On the surface reflectance image of cirrus band, the reflectance of cloud
free area is below 0.05, while that of cloud covered area is above 0.1. According to the above features,
the decision tree classification process based on landsat8 is constructed, as shown in Fig. 6.

Figure 6: Classification flow chart of decision tree
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4 Classification Results and Accuracy Evaluation
4.1 Interpretation Results

Based on the existing research results and field investigation, this paper uses the decision tree
classification method to interpret the TM remote sensing images of desertification on the North Bank
of Qinghai Lake area, and the results are shown in Fig. 7.

4.2 Accuracy Evaluation

The accuracy evaluation of this paper is based on the classification results of TM images in
1987, 1995 and 2006 of Hu Mengjun et al. Based on the desert resolution signs established by
earth, the classification results of 1987, 1995, 2006, 2013 and 2014 are compared with the visual
interpretation results. The accuracy evaluation results are shown in Tab. 7. It can be seen from Tab. 7
that the decision tree classification method based on vegetation coverage, adjusted soil vegetation
index, albedo, land surface temperature and soil moisture have high extraction accuracy. The overall
classification accuracy of the three periods is more than 80%, and the kappa coefficient exceeds the
minimum allowable discrimination accuracy of 0.7, which meets the requirements of remote sensing
image classification accuracy.

4.3 Statistical Results of Desertification on the North Bank of Qinghai Lake

According to the results of TM remote sensing interpretation, this paper uses Envi’s classification
statistical tool to make statistics on the land area of different degrees of desertification in Haiyan
Lake Basin in different years. The incomplete data of individual years are supplemented by linear
interpolation method. The results are shown in Tab. 8.

4.4 Analysis on the Evolution Law of Desertification Land in the North Bank of Qinghai Lake

This paper analyzes the evolution law of different types of desertification land in Qinghai Lake
area from 1987 to 2014, and the results are shown in Fig. 8. As shown in Fig. 8, from 1987 to 1996,
the total area of desertified land increased by 175.82 km2, of which the area of mild desertified land
increased by 60.47 km2, the area of moderate desertified land increased by 121.33 km2, the area
of severe desertified land increased by 18.23 km2, the area of severe desertified land decreased by
24.21 km2, and the area of moderate desertified land developed the fastest. This is mainly due to
the rapid growth of population in the area around Qinghai Lake in the 1990s, which leads to the
increasing demand for the development of agriculture and animal husbandry, the excessive reclamation
of grassland and the aggravation of desertification. After 1996, the area of desertified land began
to decline, but after entering the 21st century, the area of desertified land has an increasing trend.
Compared with 1996, the area of desertified land in 2003 decreased by 35.56 km2, the area of mild and
moderate desertified land showed a reverse trend, and the area of severe and very severe desertified
land still showed an increasing trend. This is mainly due to the continuous increase of cultivated land
around Qinghai Lake in the late 1990s. According to the data, the cultivated land around Qinghai
Lake increased by 5299 km2 from 1994 to 1999. The population growth and overgrazing led to the
destruction of grassland and the aggravation of desertification. After 2001, the area of desertified land
began to reverse obviously. The area of desertified land decreased from 1003 km2 in 2003 to 858.72
km2 in 2014, and the area of desertified land decreased by 144.28 km2. The area of mild, moderate and
severe desertified land decreased by 0.92, 145.89 and 29.39 km2 respectively. However, the land area
of serious desertification is still increasing slowly.
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Figure 7: Classification results of desertification on the north bank of Qinghai lake (a) 1987; (b) 1989;
(c) 1990; (d) 1993; (e) 1995; (f) 1996; (g) 1997; (h) 1998; (i) 1999; (j) 2000; (k) 2001; (l) 2002; (m) 2003;
(n) 2004; (o) 2005; (p) 2006; (q) 2007; (r) 2008; (s) 2009; (t) 2010; (u) 2011; (v) 2013; (w) 2014

Table 7: Evaluation table of classification accuracy of decision tree

Image date Overall classification
accuracy (%)

Kappa coefficient

1987.8.15 89.03 0.8716
1995.8.21 88.88 0.8695
2006.8.03 92.41 0.9079
2013.9.23 83.86 0.8037
2014.7.24 86.87 0.8379
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Table 8: Desertification area of Haiyan Lake basin in different years

Particular year Mild
desertification
(km2)

Moderate
desertification
(km2)

Severe
desertification
(km2)

Very severe
desertification
(km2)

Total (km2)

1987 261.21 294.09 94.98 212.45 862.74
1988 308.53 304.06 101.91 141.08 855.58
1989 359.31 126.55 69.19 148.33 703.38
1990 300.72 359.30 76.80 178.54 915.37
1991 297.95 298.52 111.01 161.30 868.78
1992 294.42 296.68 114.04 168.03 873.17
1993 363.09 261.46 102.48 138.77 865.80
1994 287.37 292.98 120.11 181.51 881.97
1995 241.85 353.11 117.11 220.99 933.06
1996 321.68 415.42 113.21 188.24 1038.56
1997 318.05 378.04 62.09 173.01 931.18
1998 266.89 359.63 106.48 169.05 902.06
1999 296.71 281.17 91.90 175.89 845.67
2000 256.95 321.86 96.85 214.36 890.02
2001 141.87 178.67 489.59 179.77 989.89
2002 232.60 325.63 134.92 212.57 905.72
2003 258.21 273.65 250.87 220.27 1003.00
2004 268.33 163.08 166.16 253.62 851.18
2005 266.49 132.90 138.25 277.89 815.52
2006 195.99 323.52 167.21 225.08 911.80
2007 234.41 319.20 150.13 261.37 965.12
2008 193.22 211.16 216.22 364.76 985.35

2009 219.12 301.32 104.31 229.52 854.27
2010 239.51 272.94 93.27 234.46 840.17
2011 177.38 169.21 124.57 476.51 947.67
2012 223.90 259.76 174.70 302.78 961.14
2013 336.48 198.89 357.33 346.08 1238.79
2014 257.29 127.76 221.48 252.19 858.72
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Figure 8: The evolution law of different types of desertification land in qinghai lake area

5 Conclusion and Discussion

In this paper, RS, GIS and GPS technologies are used to interpret the remote sensing images of
Hubei coast of Qinghai Province from 1987 to 2014 based on the retrieval results of main parameters
such as FVC, albedo, LST and WET after image preprocessing such as radiometric correction,
geometric correction and atmospheric correction. On this basis, the decision tree classification method
based on landsat8 remote sensing image was used to classify the desertification land in this area, and
the development and change of desertification in this period were analyzed. The results showed that
the fluctuation of desertification land area in this area increased during the study period, but from
2003 to 2014, the area of mild desertification, moderate desertification and severe desertification land
decreased by 0.92, 145.89 and 29.39 km2 respectively, while the area of serious desertification land still
has a slow increasing trend. Whether the driving force of desertification change trend in this area is
caused by human factors or global change needs to be further studied.
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