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Abstract Land desertification has been a worldwide environmental problem. Desertifi-

cation monitoring and evaluation are very important content in desertification context.

Scientific and accurate evaluation of desertification can provide scientific basis for decision

making in mitigating desertification. Because of the advantage of large amount of infor-

mation, short cycle and broad scope of data, less restrictions on the human and material

resources and so on, remote sensing has become an important technology to monitor land

desertification in the past 30 years. Desertification is the most typical and serious form of

desertification in China, especially in the oasis zone distributed along inland rivers or in the

lower reaches of inland rivers in northwestern China. Quantitative evaluation of the current

desertification remote sensing methods used is mostly obtained through the vegetation

index and vegetation cover, to gain information on the extent of desertification. As the arid

and semiarid sparse vegetation cover, soil and soil moisture on the most common vege-

tation index have a greater effect. First, based on the spectral mixture analysis model, three

kinds of endmember consisting of vegetation, water and bare soil were selected. The image

dimensionality was reduced by the minimum noise fraction (MNF). The pixel purity index

transformation was used to narrow the range of the endmember. On the scatter plot of

MNF, three kinds of endmember were selected, and relative abundance distribution of each

component was obtained by using linear spectral mixture model. Second, a spectral feature

space composed of vegetation component and land surface albedo retrieved from Landsat

TM Imagery was constructed to evaluate desertification present condition and degree

quantificationally. Last, an empirical study was carried out taking the middle reaches of

Heihe River as an example. Results indicated that this method makes full use of multi-

dimensional remote sensing information, reflecting the desertification land cover, water,

thermal environment and its changes, with a clear biophysical significance, and the index is
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simple, easy to obtain, high precision, and is conducive to quantitative analysis, monitoring

and desertification assessment of desertification. It was rather ideal to assess desertification

on the basis of Albedo-Vegetation feature space: correct prediction proportion of testing

samples reached 90.3 %. This method was beneficial to the desertification quantitative

analysis and monitoring with the characteristics of simple index, easy accessibility and

high accuracy.

Keywords Desertification evaluation � Remote sensing � Spectral mixture analysis �
Albedo-Vegetation feature space � Heihe River

1 Introduction

Desertification is a general process of surface environmental degradation under the com-

bined effect of natural and human actions, the essence of which is to weaken or lose the

ability of land to grow green plants (Ibrahim 1978; Hellden 1991). The evaluation research

of desertification is one of the core contents in the desertification research field. In the past

30 years, remote sensing technology with its advantages of widely observational range,

abundant information, quickly updated data and high precision was used widely in the

research of desertification evaluation (Smith et al. 1990; Diouf and Lambin 2001; Yan

et al. 2009; Santini et al. 2010; Xu et al. 2010). At present, most methods used in remote

sensing quantitative evaluation of desertification mainly get information about vegetation

coverage and desertification degree by calculating vegetation index (Malo and Nicholson

1990; Paisley et al. 1991; Chen et al. 1998; Nicholson et al. 1998; Chopping et al. 2008;

Hanafi and Jauffret 2008; Xue et al. 2009).

The arid region is characterized by its scarce precipitation and intensive evaporation

which lead to sparse growth of vegetations and simple structure of plant groups. Given this

situation, the spectral characteristics of vegetation in these regions do not have apparent

absorption valleys and reflection peaks which are not identical with plants in healthy status

and thus makes it a tough task to have spectral analysis of vegetation owing to its feeble

signals in satellite imagery. When the study area being covered by extremely low vege-

tation coverage, the spatial resolution of vegetation in these areas cannot support the

traditional vegetation index (NDVI, LAI, etc.) serving as an effective way for extracting

vegetation information. It is reported that the application of LSMA (linear spectral mixture

analysis) in vegetation coverage research dealing with pixel mixture has a dependable

performance in arid or semiarid area. In addition, due to the sparse vegetation coverage in

arid and semiarid areas, soil and soil humidity will have a greater impact on the normalized

difference vegetation index (NDVI) (Becker and Choudhury 1988; Kremer and Running

1993; Wessels et al. 2004; Huang and Siegert 2006; Hill et al. 2008). Some researchers

adopt the Modified Soil Adjustment Vegetation Index (MSAVI) or the enhanced vegeta-

tion index (EVI) to eliminate the influence of soil (Li and Zhou 2001; Li et al. 2003, 2010;

Wu et al. 2007). However, due to the fact that all the indexes mentioned above are very

sensitive to the background color of soil, the living biomass of vegetation, to some extent,

is underestimated by various vegetation indexes, although some soil adjustment factor is

adopted to improve the results of evaluation (Wu and Peng 2009). The brightness values of

various pixels which constitute the remote sensing image of arid and semiarid areas are the

comprehensive records of various spectral characteristics of ground. To accurately obtain

the information about vegetation coverage and to better evaluate desertification degree, it is

better to extract vegetation information from the mixed information, and the vegetation
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information must be highly correlated with vegetation coverage and biomass. Conse-

quently, spectral mixture analysis (SMA) began to be used in evaluating desertification of

arid areas (Alfredo et al. 2002; Hosterta et al. 2003; Asis and Omasa 2007; Sonnenschein

et al. 2011). In addition, desertification process is also affected by various human factors

and some natural factors such as climate and topography. The evaluation result of a single

vegetation index is more one-sided and cannot comprehensively reflect the development

information of desertification. Some researchers try to quantitatively analyze and monitor

desertification by establishing a quantitative relationship between desertification process

and bio-physical characteristics (albedo, land surface temperature) of land surface (Tri-

pathy et al. 1996; Zeng et al. 2005, 2006).

In this paper, we proposed a desertification monitoring model based on the relationship

between desertification and a two indexes such as albedo, vegetation, as well as the spatial

distribution law of desertification in Albedo-Vegetation feature space. Then, the model was

applied in study area with relatively complete desertification types in the middle reaches of

Heihe River. The result of the present research shows that the indexes of the model can

reflect the desertification land surface cover, the water–heat combination and their changes,

and it also has definite biophysical significance. The model can make full use of easy

accessed multi-dimensional remote sensing information and has higher monitoring accu-

racy. It can easily achieve the automatic identification of land desertification.

2 Methods

2.1 Data

The study area is the areas in the middle reaches of Heihe River and its nearby regions and

is located in the western part of China (Fig. 1). The mean annual temperature ranges from

8 to 10 �C, while the rainfall varies from 50 to more than 300 mm over the high moun-

tainous areas (Fig. 1). A Landsat TM image (path 133, row 33) acquired on August 14,

2010, was used in this study. Firstly, radiometric calibration was finished. The image DN

values were transformed into spectral radiance value and then into land surface albedo. For

this reason, the internal errors caused by sensor were eliminated. Considering the fact that

the sky over the study area was cloudless and atmosphere is homogeneous when the image

was obtained, the 6S atmospheric correction model which was used widely and could not

be influenced by regional characteristics and objectives types was adopted for atmosphere

correction. Then, the ground control point was selected based on a 1:50,000 topographic

maps. Polynomial geometric correction was conducted, and RMS error was [0.5 pixels.

Based on the nearest neighbor algorithm, the image of each band was re-sampled to 30-m

resolution ratio. To further enhance the accuracy of the image geometric correction, the

method proposed by Civco was used here (Civco 1989). To remove the topography effect,

the image was corrected by DEM of the 1:50,000 topographic maps, while the thematic

maps such as geomorphology, soil, vegetation, land utilization of the study area were

collected as a necessary complement for remote sensing analysis.

The following equation is used to estimate surface albedo of the study area (Liang

2000):

Albedo ¼ 0:356q1 þ 0:130q3 þ 0:373q4 þ 0:085q5 þ 0:072q7ð Þ � 0:0018 ð1Þ

Where qn is the albedo of band n.
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The typical sampling method is applied to the data collected in ground survey. In the

pixels selected randomly, the representative ones were chosen and their coordinates were

input to GPS. By navigating one by one, the precise locations of the quadrat were deter-

mined. Then, desertification (total vegetation coverage, arbor, shrub and grass coverage,

soil type and soil surface morphology, etc.) of the quadrat was investigated. When the

proportion of various desertification types reached 70 %, it can be concluded that the

desertification type of the quadrat is correct. The area of herb quadrat is 1 m2, while the

combined area of shrub and herb is 100 m2. The diagonal method is applied to the survey

of vegetation coverage. The value of vegetation coverage is the proportion between the

length of the diagonal covered by vegetation corona and the total length of it. Based on the

data collected in field survey and thematic data, the comprehensive evaluation of desert-

ification in the study area will be conducted under the conditions of considering land types,

desertification types, vegetation coverage, vegetation community type, land surface mor-

phology and the thickness of soil, etc.

2.2 Mixed pixel unmixing

Mixed spectrum is a combination of several pure spectrum (also known as endmember),

which is used to calculate the proportion of each surface feature within a pixel. Linear

spectral mixture model is the linear combination, the weight coefficients of which are the

albedos of pixel components in a certain band reflected, respectively, by area proportion

Fig. 1 Location and topographic characteristics of the study area from a LANDSAT 5-derived image
collected in August 2010
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between each component and its pixel (Ridd 1995; Small 2001; Hosterta et al. 2003; Pu

et al. 2008). Model fitting accuracy can be evaluated by root-mean-square error of m

spectrum wave bands of residual. Linear spectrum mixture model extracting impervious

water surface will go through the following five steps (Boardman and Kruse 1994): (1)

minimum noise fraction transform (MNF). MNF is equivalent to the principle component

transform of two overlap. It is an effective way to reduce dimension of multispectral and

hyperspectral remote sensing images; (2) pixel purity index (PPI) calculation. PPI is the

index to measure the purity of pixels. To calculate pixel purity value is better to find

spectrum endmember within multi-spectral data; (3) endmember land category collection;

(4) linear spectrum analysis and (5) accuracy evaluation.

2.3 Albedo-Vegetation feature space construction

Surface albedo retrieved from remote sensing data is physical parameters which present the

reflection characteristics of surface radiation and solar shortwave radiation. Surface albedo is

influenced by soil moisture, vegetation coverage, snow cover and other abnormal conditions

of the land surface. The change of underlying surface influenced by desertification leads to

the obvious change of surface albedo. The results of Li et al.’s fixed position observation

show that grassland desertification occurs when surface albedo reaches a certain value, and

the threshold of surface albedo is 0.3 (Li et al. 2006). Vegetation and albedo constitute a two-

dimensional feature space (Fig. 2). The statuses of desertification under the condition of

different vegetation coverage are presented in the four points A, B, C and D represent the

extreme conditions of Albedo-Vegetation feature space. In the plant growing season, apart

from cloud and water, all kinds of surface features are included in the quadrilateral area

enclosed by the four points A, B, C and D. In the feature space, surface albedo is not only a

function of the vegetation cover but also a function of soil moisture content. A–C line of the

quadrilateral represents the highest albedo line, reflecting the drought conditions of the

completely arid lands under the condition of the given vegetation cover degree. B–D line

shows the lowest albedo line, reflecting the status of surface water.

As for desertification remote sensing monitoring, it is more convenient and easier to use

a comprehensive spectral index rather than a couple of separation variables (Gillies et al.

1997). That is, to realize quantitative monitoring and investigating of spatial–temporal
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Fig. 2 Albedo-Vegetation
feature space (Zeng et al. 2006)
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distribution and the dynamic variation of desertification, combination information of

vegetation index and land surface albedo in A-V feature space can be used to select the

reasonable indexes which reflect desertification degree and may distinguish the different

desertification land. The reasonable solution of the problem, in fact, is the question how to

use certain comprehensive index to distinguish A-V feature space as required. Various

desertification lands can be effectively differentiated by distinguishing the A-V feature

space with the vertical albedo line, while the position of the vertical line can be expressed

by the simply binary linear polynomial of the A-V feature space (Verstraete and Pinty

1996).

3 Results and analysis

3.1 Results of spectral mixture analysis

Spectral mixture analysis (SMA) process is done with the help of ENVI software. Table 1

represents eigenvalues and variance contributions rate of each MNF component. Figure 3

shows the six components (MNF6 is thermal infrared band and free of decomposition)

decomposed by remote image. By visual distinguishing and analyzing the eigenvalue of

each component, the contribution rate of the former three MNF components to the original

image reaches 95.65 % and the space texture is clear. However, the space texture of the

latter three components is vague, and there is plenty of noise. Therefore, only the former

three components are selected to calculate the purity index of pixels. Figure 4 is the feature

space scatter diagram of the former three components.

Terminal land types can be identified by analyzing pixel types which are in the endpoint

region of the scatter diagram corresponding to the original albedo image. The endpoints

correspond to the plant, water body and bare soil, respectively. The determination must

satisfy the conditions that the terminal land type keeps a high PPI value in their corre-

sponding land types and in the endpoint area of the scatter diagram as well. N-dimension

divergence analysis is conducted on PPI in PCA space. In the transforming process of PPI

space, terminal units can be acquired from the vertex of polyhedron. The least square

method is applied to a restrictive three-endmember linear spectral mixture model, and

every pixel is modeled into a combination of three-endmember types. Then, the spatial

distribution map (Fig. 5) of each endmember’s cover degree is obtained. As shown in

Fig. 5, the regions with white or light color represent the higher component abundance of

the basic components in a pixel, while the regions with black or dark color represent the

lower component abundance. Vegetation component image (Fig. 5a) mainly reflects the

distribution status of vegetation in the research area; bare soil component image (Fig. 5c)

distributing in the most part of the study area reflects the desertification distribution in a

certain extent, while it should combine the albedo image to build the feature space to

distinguish desertification degree, there is only a very small distribution of water body

component (Fig. 5b).

Table 1 Eigenvalue and variance contribution of each MNF component

Component MNF_1 MNF_2 MNF_3 MNF_4 MNF_5 MNF_6

Feature value 384.724 62.706 21.346 13.016 5.735 2.546

Contribute rate (%) 78.50 12.80 4.36 2.66 1.17 0.52
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According to the decomposition results, the mean value of total mean-square deviation

must be within 0.02 (Yuan and Marvin 2007). Based on the statistics of mean-square

deviation images, the maximum value of RMS is 0.00077, the minimum value 0 and mean

value 0.00009. All the results much [0.02 are satisfied with the accuracy requirement. It

can be seen that the number of terminal land types selected for this study from the

quantitative aspect is suitable, spectrum of the terminal land types is precise and decom-

position precise is high. Therefore, the decomposition results of the study are reliable.

3.2 Desertification information extracting from A-V feature space

In order to investigate the transformation of desertification in two-dimension feature space

constituted by vegetation component and albedo, the scatter diagram of Albedo-Vegetation

feature space is constructed by the typical districts which almost contain all the soil surface

(a) MNF1 (b) MNF2 (c) MNF3

(d) MNF4 (e) MNF5 (f) MNF6

Fig. 3 Components of MNF (partial region)

Fig. 4 Feature space scatter diagram of the former three-component endmembers
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coverage types of the study area and the vegetation components which are decomposed by

soil surface albedo and mixture spectrum. Each soil surface coverage type in A-V feature

space has its prominently distinctive change. Figure 6 presents the distributions of the

different soil surface coverage types in A-V feature space and their corresponding image

features. Different soil surface coverage type can be distinguished well in the feature space.

In order to acquire the quantitative relationship between albedo of different desertifi-

cation land and vegetation, statistical regression analysis is conducted on the raster graphic

of albedo and vegetation with the help of grid regression function of ArcGIS; 350 points

distributing in the different land with the different desertification degree are selected

Fig. 5 Coverage of three-endmember and RMS distribution

Fig. 6 Comparison between different land coverage types and Albedo-Vegetation feature space (a all
vegetation cover, b partial vegetation cover, c all bare)

922 Nat Hazards (2013) 68:915–927

123



randomly and analyzed. The result (Fig. 7) shows that there is a significantly negative

linear correlation between vegetation and albedo corresponding to different desertification

land types. Regression equation is as follows:

Albedo ¼ �4:4382Vegetationþ 1:7002 ð2Þ

with R2 of 0.7298.

Desertification degree can be acquired form the equation I ¼ a � Vegetation� Albedo,

where I is referred to as desertification degree index, a is identified by slope coefficient of

Eq. (2). In the present study, the value of a is 0.225. By the Jenks natural break method

(George 1967), the value of I is divided into five degrees, that is, non-desertification, mild

desertification, moderate desertification, severe desertification and extremely severe

desertification of the five degrees, mild and moderate desertification refers to that the

vegetation coverage is within 31–50 %. In this degree, zonal elite plants begin to decrease,

plant components change, xerophytic plants increase and brushwood and sand dune occur.

The vegetation coverage of moderate desertification reaches 11–30 %. In this degree,

xerophytic plants and psammophytes increase, hard shrub and small sand dune occur and

there is widely distributed coarsening gravel surface. Severe desertification vegetation

coverage is C10 %. The main plants in this degree are psammophytes. There is almost no

vegetation in the very severely desertification. Table 2 presents I values of different types

of desertification. Little difference of I value exists in the same type of desertification. So,

I value may reflect the regional land desertification process. Figure 8 shows the density

segmentation image of I value in the whole image A-V feature space. Figure 9 reveals the

hierarchical graph of the corresponding desertification.

The evaluation results with the raster form are input into GIS software to make a

statistic analysis of area. The results are presented in Table 2. According to Fig. 9 and

Table 2, desertification land in the research area of the present study reaches

16,559.12 km2, including 8,872.83 km2 of severe or more severe desertification which

y = -4.4382x + 1.7002
R

2
 = 0.7298
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Fig. 7 Regression analysis of Albedo-Vegetation

Table 2 I values of different desertification land and classification of desertification

Desertification type I Pixel (number) Area (km2) Coverage (%)

Non-desertification 15.645 1,672,939 1,505.65 8.33

Mild desertification 11.076 3,089,489 2,780.54 15.39

Moderate desertification 4.668 5,450,838 4,905.75 27.16

Severe desertification -1.759 4,410,312 3,969.28 21.97

Extremely severe desertification -4.183 5,448,383 4,903.54 27.14
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nearly takes up half the total area of the study area. Therefore, it can be seen that

desertification in this area is very serious in 2010. It should be noticed that the extremely

severe desertification land surrounding oasis and Heihe River has formed a half sur-

rounding shape which will cause a great threat to the ecological security of oasis. Thus,

there areas should be the key regions to prevent desertification. Specially, Ganzhou–Linze–

Gaotai oasis surrounded by desertification land shows a patchy shape, which is particularly

noticeable.

3.3 Verification of evaluation results

The authors in 2010 took four field samplings from July to October for accuracy evaluation

and collected the latest categorical managed data and various thematic maps. According to

the important degree of different desertification land, the authors randomly selected 5

desertification types and 200 pixels in the remote sensing images to conduct a verification

Fig. 8 Density segmentation
map of I value in A-V feature
space

Fig. 9 Desertification classification map
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experiment. Considering accessibility of traffic and homogeneity of sampling, the present

study focuses on various highways as the main investigation lines. At last, 104 highways

located in the southwest part of the research area are chosen as the pixels for accuracy

verification (Fig. 10). After comprising the evaluation results of desertification with the

sampling data from field areas, a confusion matrix is built. Based on the matrix, it can be

seen that the correctly evaluated points are 94, the overall precision reaches 90.3 % and j
coefficient is 0.873. The extracting accuracy of non-desertification reaches 100 %, while

the extracting accuracy of moderate desertification is only 83.7 % which is the lowest one.

The research results show that it is a feasible way to make use of linear spectral mixture

analysis and A-V feature space to evaluate desertification.

4 Conclusions and discussions

The present study adopts linear spectral mixture analysis to decompose the TM remote

sensing images with the purpose of acquiring the relatively abundant distribution of

vegetation, bare soil and water components. Based on soil surface albedo, the author

constructs a desertification remote monitoring model in Albedo-Vegetation feature space

and takes an experimental study in the regions surrounding middle reach of Heihe River.

The results of the present study are shown as follows:

(1) The method based on SMA and A-V feature space takes full advantage of multi-

dimension remote sensing information. The index reflects surface coverage of desertifi-

cation, hydro-thermal combination and its change, which has significant biophysics

meaning. And the index, which is simple and easy to acquire and only depend on remote

image itself to extract information, helps quantitative analysis and monitoring of

desertification.

(2) The mixture pixel phenomenon generally exists in desertification land. The method

based on SMA and A-V feature space not only overcomes the shortcomings of the tra-

ditional desertification remote sensing analysis which considered the pixel as unit of

analysis and neglected the space relationship of endmembers, but also prevents vegetation

Fig. 10 Verification diagram of distribution points in research areas
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index from underestimating the insufficiency of living biomass. Comparing with field

investigation, it is high precise and the extent of misjudgment is not big.

(3) Based on the previous researches, the method proposed in this paper mainly depends

on statistics analysis. It still needs to be developed in the aspects of biophysics of A-V

feature space, remote sensing grading standard and verification of desertification. This

paper aims at building an easy, simple and quick methodology for desertification remote

sensing monitoring and evaluating, so it only focuses on biomass presented by vegetation

components and ignores degeneration of vegetation community and vegetation species. In

addition, linear spectrum analysis shows some shortcomings in evaluating accuracy, such

as the relatively big decomposition error, the complexity of components combined by non-

reflector and shadow region and the subjective error in selecting basic components, all of

which deserve further investigation.
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