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Abstract  

Karst rocky desertification (KRD) is one kind of severe environmental problem existing in 

southwest of China. Reveal KRD condition is vital to solve the problem. A way to address the 

problem is by identifying KRD areas, so that policy-makers and researchers may get a better view 

of the issue and know where the areas affected by the problem are located. The study area is called 

Puding which is a county located in the central part of Guizhou province. Based on Landsat data, 

by using GIS and RS techniques, KRD information of Puding was extracted. Furthermore, the 

study monitored decades of change of the environmental problem in Puding and predicted 

possible condition in the future. Other researchers and decision makers may get a better view of 

the issue from the study results. In addition to Landsat data, other used data includes: ASTER 

Global digital elevation model data, Modis data, Google Earth data and other thematic maps. In 

the study, expert classification system and spectral features based model two methods were 

applied to extract KRD information and compare with each other. Their classified rules were taken 

from previous studies separately. Necessary preprocessing procedures such as atmospheric 

correction and geometrical correction were performed before extraction. After extraction relevant 

results were evaluated and analyzed. Predictions were made by cellular automata Markov module. 

Based on extracted KRD results, the distribution, percentage, change, and prediction of KRD 

conditions in Puding were presented. The results of the accuracy evaluation showed that the 

spectral features based model had acceptable performance. However, the KRD results extracted by 

expert classification system method were poor. The extracted KRD results, including KRD maps 

and the prediction map, both indicated that KRD areas in Puding were decreased from 1993 

(spring) to 2016 (spring) and suggested to pay more attention to KRD areas changes with the 

seasons. 
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1. Introduction 

1.1 Research Background 

Karst rocky desertification (KRD) is one kind of land degradation that takes place in karst 

landforms, which are areas covered by carbonate rocks (Yuan, 2008). As an environmental 

problem, KRD can cause damages to vegetation, lost of soil and water, dying of ecosystems, and 

slowing down of local economic development (Huang, 2008), that can effect local people’s lives 

in a very negative way. Because of the severity of the problem, more can be done in understanding 

the KRD conditions in Puding with the help of remote sensing (RS) and geographical information 

system (GIS). With RS and GIS, spatial information of KRD areas can be extracted, monitored 

and predicted.  

 

KRD problems exist in different countries and regions, such as Ryukyu Islands of Japan (Ford and 

Williams, 2007), Gunung Sewu of Indonesia (Sunkar, 2008), Caribbean island country Haiti 

(Williams, 2011), and Southwest China (Wang, Liu & Zhang, 2004). Guizhou province, which is 

located in southwest China, is mostly covered by karst landforms (about 62%), and almost 20.4% 

of the province has karst rocky desertification problem (Wang et al., 2004). Some studies on karst 

rocky desertification include: Huang, Xie and Zhao (2008), who extracted KRD map of Nanchuan 

city; Bai, Wang, Chen, Cheng and Ni (2009), wherein they monitored the change of KRD areas in 

Guizhou province (1986, 1995, 2000); and, Cheng, Chen, Huangfu and Tong (2010), who 

predicted the future KRD conditions of Du’an county in Guangxi province. To extract KRD 

information, different methods applied in different studies such as expert classification system 

(Huang, 2008), neural network (Yan, 2008), supervised classification (Li & Yu, 2002), and 

spectral feature based model (Chen et al., 2003). However, though there was paper (Yang, Li, Cai 

& Tian, 2011) reviewed different KRD extraction methods, few studies compare KRD results 

extracted from the same remote sensing data by two or more different KRD extraction methods to 

indicate if the methods have similar performance then they can be used interchangeably or not.  

 

Puding county, located in central Guizhou province, has been named in different literatures to 

suffer from KRD problems. Li, Wang, Cheng and Luo (2010) discussed the relationship between 

land use and intensities of KRD in the county. Meng and Wang (2007) evaluated ecological 

fragility of Houzhai catchments in Puding by using fuzzy-based evaluation method. In Li et al. 

(2013), KRD change monitoring in the Houzhai catchments (for years 1963, 1978, 2005 and 2010) 

were undertaken using high spatial resolution remote sensing data. Peng et al. (2009) studied the 

physicochemical properties of soil samples taken from KRD areas with different intensities. But, 

more fundamental studies based on whole Puding are required to reveal KRD conditions (area, 

distribution, monitoring for years, and prediction) in there. Furthermore, there are no studies 

detect KRD changes for seasons of the year. 

 

1.2 Research Aims 

As mentioned earlier, KRD leads to several problems. A way to address the problem is by 

identifying KRD areas, so that policy-makers and researchers may get a better view of the issue 

and know where the areas affected by the problem are located. By comparing KRD results of one 

place at different times, it is possible to detect KRD changes which can help in the protection of 
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non-KRD areas, as well as in the restoration of current KRD areas. In addition, the prediction 

results may be considered when revising control and management schemes for solving the 

problem. For example, in Cheng et al. (2010), future KRD areas were predicted to serve as guide 

for prevention work of KRD.  

 

Therefore, the study aims to explore and understand KRD conditions in Puding, more specifically, 

similar to the works of Bai et al. (2009) and Chen, Xiong & Lan (2007), the study plans to 

compare KRD results extracted from different years (1993, 2002, and 2009), as well as how they 

differ during the different seasons of the year (2002), and even makes a prediction (from 2009 to 

2016) to indicate KRD changes in Puding. By researching previous mentioned aims, the study 

hopes to demonstrate the potential of RS and GIS techniques in the KRD environmental problems 

solving. 

 

Based on the selected Landsat data, KRD maps will be extracted by both expert classification 

system and spectral feature based model methods, that will help analyze and predict KRD 

distribution and changes in the area. The two methods are applied for two reasons: Firstly, the 

study would like to compare KRD results extracted from the same remote sensing data by two 

KRD extraction methods to see if their results will confirm each other or not, which means one 

method will be a control group for the other. Secondly, because of irregular and rugged landform, 

miscellaneous features of KRD, ambiguity definitions of KRD landscape, KRD and certain land 

features such concrete facilities and soils have very similar spectra, and medium spatail resolution 

of Landsat data, it was almost impossible to get KRD training samples from Landsat data directly. 

Furthermore, to collect in-situ KRD reference data by field-based measurement was not a feasible 

option. Since the study was lacking of sufficient training samples or reference data of KRD karst 

rocky desertification areas, methods such as supervised classification, unsupervised classification, 

fuzzy classification, or neural networks which require KRD knowledge were abandoned. 

Fortunatly, there were priori knowledge about krart rocky desertification for expert classification 

system and spectral feature based model methods. 

 

1.3 Research Questions 

Based on the aims mentioned, the research questions that will be answered in the study are: 

1. When applied to the same Landsat data, whether these two methods (i.e. expert classification 

system or spectral features based model) will generate similar or quite different KRD results 

of Puding? 

2. Particularly in Puding, how did the KRD distribution change in the spring of years 1993, 2002, 

and 2009? How did KRD distribution change during the different seasons of 2002? In 

addition, how did the KRD distribution change in the winter of years 2003 and 2009? 

3. How can RS (and GIS) techniques be used in the information extraction, change detection and 

prediction of KRD areas in Puding? 
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2. Literature Review 

This chapter will give a background on karst rocky desertification and digital image interpretation 

techniques. Among image interpretation techniques, image preprocessing techniques are generally 

used for eliminating errors in satellite images, techniques of information extraction and prediction 

will also be reviewed in this chapter.  

 

2.1 Karst Rock Desertification 

Karst is a terminology used in geology, which refers to an area covered by carbonate rocks (Yuan, 

2008). The main substances of carbonate rocks are calcium carbonates, which react chemically 

with water and carbon dioxide. For this reason, karst areas are not only eroded but also corroded 

by water (Li et al., 2007). After millions of years (almost from Mesozoic) affected by both exterior 

and interior forces, karst areas have shaped unique landforms, which are rugged and distributed 

with special land features such as peak cluster; peak forest; karst hills, valleys, and depressions; 

sink holes; caves; and, underground streams (Yu, 1985). Because of the corrosion process of 

carbonate rocks and the rugged landscapes, land degradations (or water and soil erosion) are more 

prevalent in karst areas (Xiong et al., 2002). 

 

Karst rocky desertification is usually caused by water and soil erosion, resulting to widespread 

bare carbonate rocks without vegetation. In non-karst areas, soil and water erosion leads to 

desertification. The concept of land eroded into bare carbonate rocks was first proposed by Yuan 

in 1997 as rocky desertification (Xiong, Yuan & Xie, 2010). In Wang (2002), he argued that it is 

supposed to be called karst rocky desertification instead of rocky desertification to differentiate it 

from bare rocks distributed in non-karst areas. 

 

Guizhou province located in southwest of China, is in the center of a big karst zone, characterized 

by the widespread presence of carbonate rocks (Wang et al., 2004). It is also located in monsoon 

area, where unbalanced seasonal precipitations are common. This kind of precipitation pattern is 

actually worsening the KRD when the land degradation process is started. Aside from natural 

potential causes, KRD may also be caused by human activities. There are several studies, such as 

Wang (2002) treating human activities as the most important factor to cause and worsen KRD. 

Meng and Wang (2007) mentioned that KRD is one vicious circle caused by deforestation.  

 

2.2 Remote Sensing and Digital Image Interpretation 

Remote sensing is a way to obtain information of a target area based on the data acquired by a 

sensor that is not in contact with the target area. With remote sensing data, target information can 

be extracted automatically and accurately by using various image interpretation techniques. 

Though possible forms of digital image interpretation techniques are infinite, Lillesand et al. 

(2007) categorized them into seven broad types. Among them, techniques include image 

rectification and restoration, image enhancement, data merging and GIS integration, and 

biophysical modeling were applied in the study to help interpret Landsat data for acquiring real 

and accurate KRD information. 
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2.3 Image Preprocessing Techniques 

Image preprocessing, as suggested by its name, normally precede other manipulation techniques 

and analysis of the remote sensing data. These include image rectification and restoration 

procedures, which aim to correct distorted or degraded remote sensing data before extracting 

information (Lillesand et al, 2007). 

 

2.3.1 Geometric Correction 

Geometric correction is necessary when land surface features such as KRD areas on remote 

sensing data are not in their correct planimetric location (Jensen, 2007). The data are projected on 

a plane to conform specified projected coordinate systems (Jensen, 2007; Wang, 2008). There are 

two types of geometric error, namely, internal and external. The internal errors are caused by 

remote sensing system detector itself that is involved with Earth rotation and curvature, which are 

systematic. External geometric errors are caused by random movements of spacecraft at the time 

of data acquisition.  

 

2.3.2 Radiometric Correction   

The purpose of radiometric correction is to eliminate spectral errors (or errors in radiance) in 

remote sensing data. These errors are caused by atmospheric attenuation, illumination, viewing 

distortions and sensitivity of the instrument used when remote sensing data are obtained (Lillesand 

et al., 2007). Techniques of radiometric correction can be divided as absolute or relative. The 

purpose of absolute correction is to estimate true ground reflectance information, by considering 

the distortions caused by the different errors, Mahiny and Turner (2007) discuss that a way to 

perform it is to convert raw digital numbers (DNs) of the data to surface reflectance. On the other 

hand, relative correction is to make data comparable, for example, by normalizing the intensities 

among different bands of one single-date or several remote sensing data based on reference data 

(Jensen, 2007). The two types of radiometric correction methods applied in this study are absolute 

correction Dark Object Subtraction (DOS) for single image, and relative correction Pseudo 

Invariant Features (PIF) for multiple images. More information about how the two methods 

works are described in below. 

 

a. Dark Object Subtraction  

DOS method assume the land surface features, such as water, dense forests or shadows are 

supposed to have near-zero reflectance and their pixels are called dark objects. If they have higher 

reflectance, then these values must be removed because they are caused by path radiance which is 

the main atmospheric error introduced in remote sensing data (Jensen, 2007). The total radiance 

actually received by the satellite sensor is L which equals the sum of total radiance Lt and path 

radiance Lp (that includes radiance from the paths 2 and 4) (see Figure 1). The core part of DOS 

methods is by using dark objects to estimate and eliminate path radiance to estimate true ground 

reflectance (Schroeder et al., 2006; Jensen, 2007).  
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Figure 1 Various Paths of Radiance Received by a Remote Sensing System (Jensen, 2007) 

 

The original DOS method, which is called DOS0, is proposed by Chavez (1988). It records the 

lowest non-zero value of the histogram of each band of Landsat data as path radiance, and then 

subtracts the value from each band directly. Moran, Jackson, Slater & Teillet (1992) state that 

DOS0 method works well for band 1 but produces greater error than no correction for band 4. The 

first and second improvements of DOS0 method were made by Chavez (1989) and Chavez (1996) 

(DOS1 and DOS2), while further improvements were conducted by Song et al. (2001) (i.e. DOS3 

and DOS4). Similar to previous DOS methods (DOS2, DOS3 and DOS4), dark objects and simple 

radiative transfer codes were introduced into DOS5. 

 

The selection of dark objects is vital to the performance of DOS methods (either manually or by 

algorithms). Mahiny and Turner (2007) state that proper dark objects are the only critical factor to 

the final results of DOS2. Zhen & Zeng (2005) recommend deep clean waters, dense vegetation, 

black soil, shadows casted by clouds and slopes as dark objects for Landsat data. Among them, 

deep clean water (Ahern, Goodenough, Jain & Rao, 1977; Gordon, 1978) and shadow of dense 

vegetation (Liu, Deng & Peng, 2005) are especially recommended in literatures. 

 

The radiative transfer code is used for calculating land surface reflectance (Jensen, 2007). The 

Equation is shown below: 

𝜌 = (𝐿 − 𝐿𝑝) ∗ 𝜋 [(𝐸1 ∗   ∗   1 ∗  𝑜  1  𝐸 ) ∗    ]⁄      (1) 

Where 𝜌 represents land surface reflectance; 𝐿 = total radiance received by the sensor, 𝐿𝑝 = 

path radiance; 𝐸1 = spectral solar irradiance at the top of the atmosphere; 𝐸  = spectral diffuse 

sky irradiance;  1 = solar zenith angle,    = scan angle;    = atmospheric transmittance, 

which is a function describing the amount of irradiance/radiance through the atmosphere;  𝑜  1 

= cosine function of  1; and,    = spectral interval (  −  1) in μm. 

 

Before using radiative transfer code, raw digital numbers (DNs) of the Landsat data need to be 

converted to at-satellite radiance by using Equation 2 from the NASA (N.D.): 

𝐿 = (𝐿𝑚𝑎𝑥 − 𝐿𝑚𝑖𝑛 ) (𝐷𝑁𝑚𝑎𝑥 − 𝐷𝑁𝑚𝑖𝑛) ∗ (𝐷𝑁 − 𝐷𝑁𝑚𝑖𝑛)   𝐿𝑚𝑖𝑛⁄      (2) 

Where Lmax and Lmin represent the target maximum and minimum spectral radiances for the 
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given band. DNMAX and DNMIN are the maximum and minimum raw digital number values of 

the ETM+ data used in this study, while the particular pixel to be computed for by the equation 

initially represented by its DN value.  

 

b. Pseudo Invariant Features 

Another type of radiometric correction technique is the pseudo-invariant features method or PIF. 

Pseudo-invariant features, also known as radiometric ground control points, refer to land surface 

features, wherein spectral measurements are slightly influenced by time, position and atmosphere. 

The method is based on the assumption that there is linear relationship between pseudo-invariant 

features of multiple remote sensing data, and that they can be normalized by using the linear 

regression model built on these linear relationships (Jensen, 2007). For the PIF method, there 

should be one reference satellite image, from which the other satellite images will be normalized 

from. If the base satellite image was corrected with absolute atmospheric correction, then the PIF 

had the combined advantages of both absolute and relative atmospheric corrections. The procedure 

is called absolute-normalization by Schroeder, Cohen, Song, Canty and Yang (2006).  

 

2.3 Information Extraction and Prediction 

In remote sensing, information extraction is an important process used for extracting target 

information from remotely sensed data automatically. By using these techniques together with 

ancillary data, each pixel of satellite images is assigned into thematic category such as land cover 

classes. Different names of information extraction procedures include pattern recognition (Jensen, 

2007), digital image interpretation (Lillesand et al., 2007), and extraction of thematic map 

(Geneletti & Gorte, 2003).  

 

For identifying KRD areas, as mentioned in previous chapter, relevant techniques such as expert 

classification system, neural network, supervised classification and spectral feature based model 

were applied. Furthermore, land feature indices are also developed to help acquire karst rock 

desertification information. Examples of indices used for this purpose are Enhanced Vegetation 

Index (EVI) as improved by Li, Kuang, Li and Bai (2007), and the Geometrical Rock 

Desertification Index (GRI) by Xia, Tian and Du (2006). 

 

2.3.1 Expert Classification Systems 

As one kind of artificial intelligence, expert classification systems are designed to solve problems, 

by executing a series of hypotheses, rules and conditions through inference engine. These 

hypotheses, rules and conditions are called knowledge base, which is its core. There are two ways 

to acquire knowledge base. One is designed by human experts and the other is derived from 

inductive machine-learning based on relevant training samples. The classification process of an 

expert system is in accordance with human cognition, which makes it more capable to 

comprehensive understanding. The systems include components such as human expert, user 

interface, knowledge base, inference engine, on-line databases, and user. Usually, it is 

conceptualized in a hierarchical decision tree structure (Jensen, 2007).  

 

Expert classification systems are widely applied in remote sensing studies. Zhou (1989) presents 

how to design an expert classification system to extract forest information from Landsat Thematic 
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Mapper (TM) data. William, Michael and Philip (2001) used expert classification system to 

perform post-classification to extract land cover information. Wang, Jiang and Huang (2008) 

classified wetlands, based on Landsat data of Dongting Lake using the method.  

 

In the work of Huang (2008), an expert classification system was used to extract KRD information 

of Nanchuan, Chongqing, China. The classified rules were derived from the classification index of 

desertification intensity of Nanchuan city proposed by the author (almost same as the criteria of 

KRD areas of Guizhou). Variables were defined by three indicator maps (lithological map, 

gradient map, and vegetation coverage maps). Huang (2008) declare that the kappa statistics of his 

extracted results are over 0.7, which means they are acceptable. 

 

2.3.2 Spectral Features based Model 

By quantitatively relating remotely sensed data to biophysical land surface features, quantitative 

biophysical modeling is built and might be used as plants estimation, vegetation measurement, 

biomass prediction, pollution concentration estimation, and karst rocky desertification estimation. 

Three approaches, which are physical modeling, empirical modeling，and combination of both 

them, can be used to relate remotely sensed data to biophysical features. With the help of GIS 

capabilities, quantitative biophysical modeling is one of the core parts of environmental modeling 

(Lillesand et al, 2004).  

 

In Zhang and Zhu (2011), based on spectral, texture and shape features of ground samples, 

quantitative biophysical modeling is established for classification of the study area urban and 

suburban areas in Beijing with satellite images QuickBird. Metternicht and Fermont (1998) 

extracted soil surface erosion information from Landsat satellite images by linear spectral mixture 

modeling (one kind of biophysical modeling). Stepwise regression models (one kind of 

biophysical modeling) were established in Yang, Zhang, Li and Hu (2011) to estimate leaf water 

content based on leaf reflectance. Du, Zhou, Ge, Zhao and Cui (2008) had used four methods 

spectral features model (one kind of biophysical modeling), support vector machine, spectral angle 

mapper, and maximumu likelihood to extract bamboo forests information from Landsat data, and 

pointed out spectral features model had the highest precision. In the work of Chen et al. (2003), a 

spectral feature based model was applied to extract KRD information of the banks of Huajiang 

River, located 76 km away from south of Puding. In their study, spectral samples were collected, 

and relationships of each band of these spectral samples were analyzed to build the model. The 

classification accuracy of the spectral feature based model is around 80% or even higher based on 

Chen et al. (2003). 

 

2.3.3 CA Markov model 

Another information extraction method is the CA Markov model, which combines Markov chain 

analysis and cellular automata (CA). Markov Chain analysis is a useful tool for prediction (Zhou, 

2012). A Markovian process assumes that the state of any random events at next moment depends 

and only depends on the state of this moment. By using transition probability matrix as basis, 

which describes the state of events changing from time one to time two, the Markov chain analysis 

can project future changes (Eastman, 2012).  
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On the other hand, a cellular automaton is a dynamic evolution system. In the system, time, space 

and the states of cells are all discrete and limited, which means they can be represented by a 

certain value. Furthermore, the evolution rules of a CA system are based on local conditions. 

Therefore, the states of any cell at the next moment will depend on state of the cell and its 

neighbors at the particular moment (Zheng, 2009).  

 

CA Markov module is provided by IDRISI. In the module, transition probability matrix is 

computed by Markov chain analysis and dynamic change of time, space and states are simulated 

by cellular automaton (Eastman, 2012). 

 

Some studies that used the method to predict land use and land change (LULC) are Zheng (2009), 

Xu, Kang and Li (2010), and Lin, Ju, Zhang and Sun (2012). A few studies that used the module to 

simulate KRD conditions include Zhou (2012), Yu (2012), and Wang (2011). In the work of Zhou 

(2012), Guanling county, which is located 49 km from south of Puding, was studied. The kappa 

statistic of his predicted results was 0.58, which suggest a moderate agreement. It should be noted 

that in his work, a weighting factor was introduced into the CA Markov module. 
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3.  Materials and Methods 

3.1 Study Area 

Puding is located in Guizhou province, China, between latitudes 26°9′36″N, 26°31′42″N and 

longitudes 105°27′49″E, 105°58′51″E (Figure 2). It belongs to north subtropical monsoon humid 

climatic region. The average annual precipitation is 1,400 mm. Spring drought takes place in April 

or May, while rainstorm starts in June or July. Puding has a total size of about 1,085 km
2
, with 

elevations between 1,042 to 1,846 m (Puding County Archives [PCA], 1999). The area is 

characterized by widespread carbonate rocks, and rugged land surface, making it vulnerable to 

land erosion. Karst accounts for 84.27% of the area. Variety of karst landforms that exist in the 

province are peak cluster, peak forest, continuous gentle hills, and depressions with small flat 

grounds.  

 

 

Figure 2 The study area 

 

According to the 1990 statistics (PCA, 1999), cultivated land made up 27% of the county. In 2008 

the size of cultivated land decreased, comprising only of 16% (Guizhou Yearbook Press [GYP], 

2009). About 92.84% of the population in the county still lived on farming (GYP, 2008). Social 

conditions like under developed economy, single agriculture industry (and obsolete farming 

practices), and small area of cultivated land per capita have given the local people of Puding a 
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very strong motivation and pressing need to reclaim more natural lands.  

 

From 1958 to 1960, the political movement Great Leap Forward led to massive scale 

deforestation resulting to land erosion, which later led to karst rocky desertification. This made it 

impossible for local people to farm KRD land, leading to reclamation of natural land and more 

deforestation. This has become a downward spiral. PCA (1999) pointed out that the forest 

coverage of Puding was nearly 30% in the 1950’s, which decreased dramatically to 7.73% in 1975, 

and was restored gently to 10% in 1990. It also mentioned that the deforestation caused decrease 

in wildlife. However, GYP (2009) provided some positive statistics showing that the forest 

coverage of Puding was restored to 35.6% in 2008. It was possible that projects funded by 

government to solve KRD problems contributed to the increase. 

 

3.2 Data 

3.2.1 Landsat images 

Landsat data are satellite images of Earth collected by Landsat sensors of the Landsat program. It 

has moderate spatial resolution (15 m for panchromatic band, 30 m for reflective bands and 60 m 

for thermal bands), and an acceptable temporal resolution (16 days). The product type of Landsat 

data used in the study is L1T, meaning the data are systematically corrected.  

 

As shown in the Table 1, the Landsat data are categorized by United States Geological Survey 

(USGS, 2014) as: Thematic Mapper (TM) data collected by Landsat 5, Enhanced Thematic 

Mapper Plus (ETM+) data collected by Landsat 7, and, rectified TM/ETM+ (CDR) data, which is 

absolute atmospherically corrected by using the 6S approach (Masek et al., 2006). They were used 

for different purposes, such as extraction and change detection. Some CDR data were used as base 

images for atmospheric correction. The CDR and the TM satellite images for the autumn of 2007, 

were synchronized with relevant high spatial resolution satellite image on Google Earth, so they 

were used as test images to compare KRD results extracted by the two KRD extraction methods 

applied in the study.  

 

Table 1 List of Landsat data used in the study 

Dataset Acquisition Date Purpose of The Data 

TM 1993-05-24 Extraction and change detection (Spring, 1993) 

CDR 1999-12-27 Base image (Winter, 1999) 

TM 2001-11-22 Extraction and change detection (Autumn, 2001) 

ETM+ 2002-04-07 Extraction and change detection (Spring, 2002) 

ETM+ 2002-08-29 Extraction and change detection (Summer, 2002) 

ETM+ 2003-02-21 Extraction and change detection (Winter, 2003) 

CDR 2007-09-20 Accuracy assessment and base image(Autumn, 2007) 

TM 2007-09-20 Accuracy assessment (Autumn, 2007) 

CDR 2009-05-20 Extraction and change detection (Spring, 2009) 

TM 2009-05-20 Extraction and change detection (Spring, 2009) 

 

ETM+ data were used in the study to extract KRD maps. However, the scan line corrector (SLC) 

of Landsat 7 failed on May 31, 2003, thus, data acquired after the date were referred to as ETM+ 
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SLC-off, which could have significant geometric errors (Jensen, 2007). So for this study, ETM+ 

SLC-off were replaced by TM data, since they can be used interchangeably (Vogelmann et al., 

2011). The Landsat satellite images used the study were listed in below (Figure 3). 

 

 

Figure 3 The Landsat satellite images used in the study 

 

3.2 Digital Elevation Model 

Digital elevation model (DEM) data was used for generating slope information, which is vital for 

the extraction of KRD areas based on specific rules. The Advanced Spaceborne Thermal Emission 

and Reflection Radiometer Global Digital Elevation Model (ASTER GDEM) from USGS website, 

having a resolution of 30m, was used in this study. 

 

3.2.3 MODIS Data 

Moderate Resolution Imaging Spectroradiometer (MODIS) data were selected from the National 

Aeronautics and Space Administration (NASA) website and used for atmospheric correction. 

Rayleigh scattering coefficient was calculated from surface pressure file of MODIS data product 

MOD07, while Mie scattering coefficient was taken from the corrected optical depth files of 

product MOD04. All MODIS data were acquired on 29 August 2008, with spatial resolution of 

1000 m. 

 

3.2.4 Google Earth and Other Maps 

Ground control points (GCPs) for geometric correction were collected from Google Earth (GE), as 

well as KRD samples for accuracy assessment. Users can acquire geographic information of target 

points from Google Earth by creating landmarks. Potere (2008) demonstrates that in most of the 

cases, the planimetric accuracy of Google Earth was high enough to evaluate moderate spatial 

resolution remote sensing data worldwide. Google Earth provides historical high spatial resolution 

satellite images which can be used for KRD location sampling. On GE, as shown on figure 4, 

Puding was covered by two high spatial resolution (1.63-2.44 m) satellite images. In the study, the 
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northeastern part was obtained in 2004 and was named as GE2004, while the southeast section 

was obtained in 2007 (GE2007). GE2007 was clear enough to differentiate KRD from other land 

surface features, and more importantly, it was acquired on the same date (i.e. 20 Sept. 2007) as the 

CDR and TM satellite images (autumn, 2007). KRD samples acquired from GE2007 were used 

for assessment of KRD maps derived from the two satellite images. Apart from Google Earth, the 

other KRD samples were collected from QQ Map and relevant literatures. Lithological map was 

derived from updated geological map of Puding provided by the State Key Laboratory of 

Environmental Geochemistry (KLEG). 

 

 

Figure 4 Puding Locations of GE2004, GE2007 and study area Puding 

 

3.3 Software 

ERDAS Imagine 2011, ESRI ArcGIS and Clark Labs IDRISI were used in the study for 

geographic data processing. The main operational software, ERDAS Imagine, was responsible for 

most of the processing work such as atmospheric correction, calculating coverage maps, and 

extracting the KRD maps by expert classification system and spectral feature based model 

methods. ArcGIS was used mainly for spatial analysis, digitizing, and visualizing the results. 

Prediction of KRD in Puding was performed mainly using the CA Markov module of IDRISI.  

 

3.4 Image preparation and pre-processing 

3.4.1 Radiometric correction  

As pointed out by Song et al. (2001) and Jensen et al. (1995), radiometric correction is essential 

when biophysical parameters are extracted or change detections are monitored. Regarding to 

biophysical parameters, Song, Woodcock, Seto, Lenney and Macomber (2001) demonstrate that 

without atmospheric correction, the effects from atmosphere attenuation to final extracted results 

can amount to 50% or more. Regarding to multiple-dates remote sensing data, atmospheric 
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correction ensures normalized results are comparable (Jensen, Rutchey, Koch & Narumalani, 

1995). Since the study involved both biophysical parameters and multiple-dates remote sensing 

data, two radiometric correction methods, the Pseudo Invariant Feature and the DOS5, were 

applied. 

 

a. Pseudo Invariant Feature 

The PIF method was applied in the study to normalize and eliminate spectral errors of the satellite 

data. The CDR images were used as the base, while the TM /ETM+ the images were corrected. 

Mahiny & Turner (2007) suggest that a large number of pseudo-invariant features across the 

satellite images are necessary for the PIF method to produce acceptable results. It should be noted 

that Schroeder et al. (2006) selected 63 pseudo-invariant features for their study. Therefore, about 

60 pseudo-invariant features were selected for each band of the satellite image and 60 from the 

corresponding band of the base image. Thus, a total of 300 pseudo-invariant features (60 PIFs × 5 

bands = 300) for the satellite image, and another 300 from the base image were used. A total of 

2,400 PIFs were used in this study since 4 satellite images need to be normalized (300 PIFs × 2 × 

4 = 2400). 

 

For linear regression model, the quality of pseudo-invariant features is as important as the number 

of PIFs. Pseudo-invariant features must be selected from flat and uniform land features, which 

have stable physical properties, namely, these land features must have stable spectral measurement. 

This study selected clean deep water, dense forest, gentle uniform sand, and large scale concrete 

facilities as pseudo-invariant features since they were recommend by Coppin and Bauer (1994) 

and Jensen (2007). Moreover, PIFs selected from base satellite image and the corresponding 

pseudo-invariant features selected from object satellite images do not have to share the same 

location, but they need to be selected from similar elevation (Jensen, 2007).  

 

Pseudo-invariant features gathered from each band of both images were fitted using the least 

square method. Different fitting equations were derived from them and used in ERDAS’ model 

maker to produce the corrected satellite image. In the model, the TM/ETM+ satellite image was 

treated as object, and the fitting equation was treated as the function.  

 

b. DOS5 

Since there is no CDR satellite image available for summer (from June to August) that can be used 

as base image for correction using the PIF method, the ETM+ satellite image (summer, 2002) had 

to be corrected using DOS5, by applying Equation 1.  

 

Based on the header file of the data, solar zenith angle ( 1) (29.87) was derived. Since Landsat 7 

is a NADIR viewing sensor system, the scan angle (  ), was assigned as 0. 𝐿, which is the 

at-satellite radiance, is computed by converting the raw DNs of the ETM+ data by using Equation 

2. Used target spectral radiances and relevant raw digital number values were listed in Table 2. 

 

 

 

 



Guiwei Wang  University of Gävle 

   20 

 

Table 2 Lmax and Lmin target spectral radiances for bands 1 to 5, and the DNmax and DNmin of 

the ETM+ data. 

 Lmax Lmin DNmax DNmin 

Band 1 293.700 -6.200 90 39 

Band 2 300.900 -6.400 88 25 

Band 3 234.400 -5.000 113 18 

Band 4 241.100 -5.100 143 18 

Band 5 47.570 -1.000 138 8 

 

𝐿𝑝 or the path radiance recorded from dark objects, where derived from either of the two dark 

object types in this study: clean deep water and the shadow of dense vegetation (Table 3). The 

path radiance used for each band of the ETM+ data was selected based on which of these two dark 

objects had lower 𝐿𝑝 value (bold text on the table). The advantage of the selection is that it is 

always the lowest radiance for each band that gets selected and it is also time-saving. Values used 

for the spectral solar irradiance (𝐸1) were acquired from NASA (N.D.) (Table 3). The spectral 

diffuse (𝐸 ) for each band was calculated using Equation 3 (Song et al., 2001; Song & Guan, 

2008)  

𝐸 =  𝜋   𝐿𝑝     (3) 

 

Table 3 Dark objects’ path radiance used for the ETM+ data 

 𝐿𝑝 𝐸1 

 

𝐸  

 Clean Deep Water Shadow of Vegetation 

Band 1 53.999 42.190 1969 151.0167 

Band 2 39.636 25.086 1840 101.6135 

Band 3 18.515 13.810 1551 50.75025 

Band 4 10.374 21.022 1044 49.29172 

Band 5 0.715 1.668 225.7 3.74131 

 

The atmospheric transmittance (  ) was computed by equation (4), wherein  1 and    were 

derived using equations (5) and (6). The value for gaseous transmittance (  ) was acquired from 

plotted graphs in Vermote, Tanré, Deuzé, Herman & Morcrette J.J. (1997) (Table 4).  

  =  1 ∗   ∗        (4) 

 1 =  −𝜏1     ⁄      (5) 

  =  −𝜏2     ⁄      (6) 

Rayleigh scattering coefficient (𝜏1) used for acquiring  1 was calculated by the empirical 

equation (5) proposed by Dutton, Reddy, Ryan and DeLuisi (1994). Mie scattering coefficients or 

𝜏  used in equation (6) were extracted directly from the MODIS satellite image (for bands 1, 2, 3 

and 7 of the ETM+ image) and were also derived from Ångström exponent α, Ångström turbidity 

coefficient β, and known τ2 of the other bands (i.e. for bands 4 and 5 of the ETM+ image) (Long, 

Tian & Zhen, 2010). The spectral interval Δλ (λ2-λ1, unit: μm) was taken from the satellite image, 

while λ is the median of the spectral interval (Table 4). Figure 5 illustrates the ETM+ image 

(summer, 2002) before and after the DOS5 correction (the left part presents image before 

correction and the right part is the result after the correction). 
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Table 4 Spectral Interval, λ and t3 assigned for each band. 

Band t3 Spectral Interval λ 

Band 1 0.98 0.45-0.52 0.485 

Band 2 0.93 0.52-0.60 0.56 

Band 3 0.89 0.63-0.69 0.66 

Band 4 0.655 0.76-0.90 0.83 

Band 5 0.874 1.55-1.75 1.65 

 

 

Figure 5 ETM+ satellite image (summer, 2002) before and after radiometric correction (RGB 321) 

 

3.4.2 Geometric Correction 

Only ETM+ satellite image from the summer of 2002 was geometrically corrected in the study, 

since all L1T Landsat data were systematically corrected. According to Wang (2008), the GCPs 

must be selected across the whole satellite image, including the edge of the image. Satellite 

images containing complex landscapes also require more GCPs (Wang, 2008). Using the 

coordinate transformation tool of ArcGIS, GCPs retrieved from Google Earth were transformed 

from the geographic coordinate system WGS 1984 to the projected coordinate system UTM zone 

48N. The transformation of geometric correction applied in the study was called polynomials 

transformation and with order set up to 2. According to the guidelines in ERDAS (2010), if 

polynomial order is 2, then the least required number of GCPs is 6. However, Wang (2008) 

suggest that the actual number of required GCPs should be equal to the least required GCP 

number multiplied by 3. Therefore, 18 GCPs were selected and 5 check points indicated that the 

performance of the geometric correction for the satellite image that corrected was acceptable 

(Table 5). 
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Table 5 Ground control points and check points used in the Geometric correction 

 

 

3.5 Extraction of Karst Desertification Areas 

Two methods (expert classification system and spectral features based model) were used to extract 

KRD information from Landsat data in this study. Expert classification system refers to artificial 

intelligence and data integration, while spectral features based model is a biophysical modeling 

used for extracting KRD areas.  

 

3.5.1 Criteria for Determining KRD areas 

The classified rules for the expert classification system were derived from the criteria of KRD 

areas of Guizhou as proposed by Xiong et al. (2002). Li, Wang, Xiong and Li (2004) discussed 

how threshold values of the criteria were established. KRD information were extracted based on 

exactly the criteria (Huang, Xie & Zhao, 2008) or with slightly different thresholds (Chen, Xiong 

& Lan, 2007). The five KRD intensity categories defined by Xiong et al. (2002) are: no karst 

rocky desertification (NRD), potential karst rocky desertification (PRD), light karst rocky 

desertification (LRD), moderate karst rocky desertification (MRD), strong karst rocky 

desertification (SRD) and extreme karst rocky desertification (ERD). On the other hand, the 

classified rules for spectral features based model followed the rules proposed by Chen et al. 

(2003).  

 

In this study, the five KRD intensity categories defined by the criteria of KRD areas of Guizhou 

were further generalized by using two main classes: NRD and KRD, more specifically, NRD and 

PRD were classified as NRD, while LRD, MRD and SRD were classified as KRD. The thresholds 

of the criteria for the two classes are shown in Tables 6 & 7. Take table 6 as example, according to 

the criteria, areas with bare rocky coverage more than 60%, gradient of slope more than 18°, 

vegetation coverage less than 50%, and soil thickness less than 15 cm were indicated as KRD 

areas. Moreover, water coverage map was introduced in this study to indicate water areas.  
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Table 6 Criteria of KRD for Homogenous Carbonate Rock Areas (This Study Version) 

Indicator Threshold 

 NRD KRD 

Bare Rock Coverage (%) ≤60 ＞60 

Gradient (°) ≤18 ＞18 

Vegetation Coverage (%) ≥50 ＜50 

Soil Thickness (cm) ≥15 ＜15 

*Water (%) ≥90 ／ 

 

Table 7 Criteria of KRD for Inhomogeneous Carbonate Rock Areas (This Study Version) 

Indicator Threshold 

 NRD KRD 

Bare Rock Coverage (%) ≤60 ＞60 

Gradient (°) ≤25 ＞25 

Vegetation Coverage (%) ≥50 ＜50 

Soil Thickness (cm) ≥15 ＜15 

*Water (%) ≥90 ／ 

 

3.5.2 Map generation 

As can be seen from Tables 6 & 7, in the criteria of KRD areas of Guizhou, there are several 

indicators (bare rock coverage, gradient, vegetation coverage, and soil thickness) for determining 

non-KRD and KRD areas. However, due to a lack of soil thickness data, similar to Huang’s (2008) 

work, this indicator was omitted. Also, bare rock coverage map was not considered. The presence 

of this map indicates that there is no need to extract KRD map because bare rock coverage map 

actually amounts to KRD map. Thus, in total, three indicator maps were generated: gradient, 

vegetation and water, plus one factor map (lithological map) was used to decide which thresholds 

will be used. 

 

a. Lithological Map 

Lithological map used in the study was derived from the geological map of Puding. The 

geological map has 24 formations (Figure 6). By reviewing several literatures (PCA, 1999; Chen 

& Wan, 2000; Xiong et al., 2002; Li et al., 2003; Zheng, 2007) to investigate characteristics of the 

formations, the geological map was reclassified through ArcGIS as lithological map with three 

categories (Figure 6), namely homogenous carbonate rock areas (HC), inhomogeneous carbonate 

rock areas (IC) and Non-karst area (CR). 
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Figure 6 From geological map (left) to lithological map (right) 

 

b. Gradient map  

In this study, the gradient map was used for indicating steep areas and retrieved from ASTER 

GDEM data by using surface slope module of Erdas. The output map is shown in below (Figure 

7). 

 

Figure 7 Gradient map of Puding, represented in degrees 

 

c. Vegetation Coverage Maps 

The Normalized Difference Vegetation Index (NDVI, developed by Rouse, Haas, Schell and 

Deering, 1974) was applied in the study to measure the relative abundance of green vegetation. 

NDVI maps for this study was computed from TM/ETM+/CDR data using equation (7), where 

𝑅𝐸𝐷 refers to the red band and 𝑁𝐼𝑅 is the near-infrared band of the Landsat data. 

𝑁𝐷 𝐼 = (𝑁𝐼𝑅 − 𝑅𝐸𝐷) (𝑁𝐼𝑅  𝑅𝐸𝐷)     (7) 

The vegetation coverage maps (NDVIC map) were derived using the NDVI maps and applying 

equation (8) of the dimidiate pixel model which was a simplest linear mixture model (Liu, Wu, 
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Fan, Li & Fan, 2007; Metternicht and Fermont, 1998). The model treated pure pixels as 

end-members of a particular land surface feature such as vegetation, and assumed spectral mixing 

of the feature can be expressed as a linear combination of end-members. As suggested by Li, Wu, 

Yan & Zhou (2004), in this study, 𝑁𝐷 𝐼𝑚𝑎𝑥 and 𝑁𝐷 𝐼𝑚𝑖𝑛 were taken from the frequency 

histogram of the NDVI maps (Table 8). 

𝑁𝐷 𝐼 = (𝑁𝐷 𝐼 − 𝑁𝐷 𝐼𝑚𝑖𝑛) (𝑁𝐷 𝐼𝑚𝑎𝑥  𝑁𝐷 𝐼𝑚𝑖𝑛) ∗ 1     (8) 

 

Table 8 NDVImax and NDVImin of all NDVI maps derived in this study 

Satellite Images NDVImax NDVImin 

Spring, 1993 0.45006 0.0855505 

Spring, 2002 0.406513 0.0970328 

Spring, 2009 0.83 0 

Summer, 2002 0.973844 0.551548 

Autumn, 2001 0.468864 0.0369415 

Autumn, 2007 0.85 0 

Winter, 2003 0.405947 0.0127319 

Winter, 2009 0.40523 0.000920145 

 

The vegetation coverage values produced from the map were from 0 to 100 %, where 0 represents 

pure non-vegetation areas, while 100% represents pure vegetation areas. All derived vegetation 

coverage maps are shown in Figure 8 below. It should be noted that the green parts represent areas 

with vegetation coverage over 50% and the brown parts represent areas with vegetation coverage 

under 50%. 

 

 

Figure 8 Vegetation coverage maps of Puding 

 

d. Water Coverage Maps 

Water coverage maps were introduced in this study to avoid misclassification of water areas to 
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KRD. The Normalized Difference Water Indices (NDWIs) are used for indicating abundance of 

water. Ouma and Tateishi (2006) had reviewed five types of NDWIs. Among them, NDWI4, 

which distinguishes water and other land surface features well, was applied. The equation for 

solving NDWI4 is: 

𝑁𝐷 𝐼 = (  −   ) (     )     (9) 

where letter   refers to the band of the Landsat data. In creating the water coverage map, a 

similar equation to (8) was used, where 𝑁𝐷 𝐼 𝑚𝑎𝑥 represented NDWI4’s value of pure water 

pixel, and 𝑁𝐷 𝐼 𝑚𝑖𝑛 was the value of pure non-water pixel. These values were acquired from 

the histogram of the NDWI maps (Table 9).  

𝑁𝐷 𝐼  = (𝑁𝐷 𝐼 − 𝑁𝐷 𝐼 𝑚𝑖𝑛) (𝑁𝐷 𝐼 𝑚𝑎𝑥  𝑁𝐷 𝐼 𝑚𝑖𝑛) ∗ 1   (10) 

 

Table 9 NDWI4Pmax and NDWI4Pmin of all NDWI4P maps derived in this study 

Satellite Images NDWI4PMAX NDWI4PMIN 

Spring, 1993 0.990518 0.72964 

Spring, 2002 1.00142 0.75315 

Spring, 2009 1.093 0.740 

Summer, 2002 2.07458 0.590465 

Autumn, 2001 1.05098 0.657909 

Autumn, 2007 1.093 0.740 

Winter, 2003 1.03122 0.702195 

Winter, 2009 1.02256 0.694496 

 

3.5.3 Expert Classification System 

As rules-based approach, expert classification system was used for extracting information, namely 

a set of target informational classes, from objective data such as multispectral satellite images. In 

the method, the required information is extracted by one or several decision tree(s). A decision 

tree is a hierarchy of rules, which consists of hypothesis, rules and variables. Except intermediate 

hypothesis, a hypothesis represents one output class. Under each hypothesis, there is a set of rules 

to define it. A rule is a list of conditional statements to describe values or/and attributes of the 

required information. And under each rule, there are user-defined variables where objective data, 

such as the previously mentioned indicator maps or factor map, are stored. All these components 

form the knowledge base, which is the core part of expert classification system (ERDAS, 2010).  

 

For homogeneous carbonate rock areas (Figure 9), green represents no karst rocky desertification 

(NRD) areas such as vegetation, soil or urban areas; blue represents NRD areas (i.e. water); and, 

red refers to KRD areas. In the Figure 9, areas with water coverage more than 90% were extracted 

as NRD. Flat areas (e.g. vegetation, soil and urban areas) were also classified as NRD, if its 

gradient was less than 18°. As suggested by Li et al. (2004), this study assumed steep areas 

without vegetation protection were all eroded as KRD areas. Based on the assumption, steep areas 

with gradient higher than 18° and vegetation coverage of more than 50% were categorized as 

NRD, while the rest which were steep and having no vegetation, or had vegetation of less than 50% 

were extracted as KRD. Similar principles were applied to extract information from 

inhomogeneous carbonate rock (IC) areas, with slightly different threshold values (Figure 10). 

Information on non-karst (NK) areas were also derived (Figure 11), but were not considered 
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relevant to KRD problem.  

 

 

Figure 9 Visualization of knowledge base for homogenous carbonate rock areas 

 

 

Figure 10 Visualization of knowledge base for inhomogeneous carbonate rock areas 

 

 

Figure 11 Visualization of knowledge base for non-karst areas 

 

In ERDAS, the classified rules for expert systems classification were edited by the Knowledge 

Engineer Module and stored as *.ckb files. These *.ckb files were then executed by using the 

Knowledge Classifier Module. 

 

3.6 Spectral Features Based Model  

Spectral feature based model was applied in the study to see if the method would generate similar 

or different results from the expert classification system. Spectral feature based model usually 
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entailed large numbers of land surface feature samples for model building. Fortunately, there was 

one spectral based model developed by Chen et al. (2003). In their study, spectral samples were 

collected, and relationships of each band of these spectral samples were analyzed to build the 

model. Their study area was close to Puding, which is located 76 km away, thus their model was 

adopted in the current study. However, instead of using five categories (no karst rocky 

desertification, potential karst rocky desertification, light karst rocky desertification, moderate 

karst rocky desertification, and strong karst rocky desertification), NRD, PRD, and MRD were 

generalized as NRD, while LRD and SRD were generalized as KRD in this study. It should be 

noted that the rules of MRD of the model extract urban areas of Puding excellently. Therefore 

MRD was generalized as NRD, as against the class made for the expert classification system, 

where it was generalized as KRD.  

 

The specific rules applied for spectral feature based model are illustrated in Figure 12. In the 

figure, the letter 𝐿 referred to lithological map. 𝐿 that is less than 3 represented karst areas. 

The letter   is the band of the Landsat image. Class I, which pertains to the NRD locations 

(highlighted in green), were divided into the different sub-classes: sub-class I-1 or the original 

NRD; sub-class I-2 are MRD or urban areas; and, sub-class I-3 refers to PRD. Areas belonging to 

Class II (highlighted in beige) are KRD classified areas (wherein sub-class II-1 is SRD and 

sub-class II-2 is LRD).  

 

 

Figure 12 Specified classified rules for the spectral features based model 
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Similar to the expert classification system, the classified rules of the spectral feature based model 

were created in the Knowledge Engineer Module and implemented with the Knowledge Classifier 

Module in ERDAS. The model required Landsat data without atmospheric correction. For that 

reason, CDR satellite image was replaced by the original TM satellite image. 

 

3.7 Evaluation of results 

3.7.1 Land surface feature samples of Puding  

In the study, 338 land surface feature samples were collected from Google Earth, QQ Map, and 

relevant literature as reference data to evaluate the accuracy of the extracted results. Among them, 

there were 245 KRD samples and 93 other land surface feature samples. They were classified into 

three levels.  

 

The first level samples were all collected from GE2007 data, which carried real and accurate 

information of specific land surface features. Furthermore, the GE2007 and the tests Landsat data 

(CDR and TM satellite image, autumn, 2007) were acquired on the same date (2007-09-20). 

Therefore, the accuracy assessment of the results was based on the first level samples, which serve 

as the primary reference data of the study. 

 

The second level samples, on the other hand, were collected from GE2004 data and QQ Map. 

Similar to the first level land surface feature samples, they carried real and accurate information as 

well. But the acquisition dates of GE2004 and QQ Map were different from the test Landsat data, 

thus, they were used instead for general qualitative accuracy assessment. As secondary reference 

data, they played an important role for the evaluation of results for two reasons: first, the 

conditions of KRD in Puding had changed little in these years; and, second, they provided 

information of areas in Puding that were not covered by the primary reference data.  

 

The third level samples were collected based on figures in the papers of Xiong et al. (2002), Chen 

et al. (2007), Bai et al. (2009) and the descriptions in Meng and Wang (2007), Zhang et al. (2008), 

Peng et al. (2009), Wang, Cheng and Rong (2010), and Li et al. (2013). Since they were not 

firsthand data, there was no guarantee if they carried real and accurate ground information. But as 

tertiary reference, they still provided a certain degree of reliability for comparison. All collected 

land surface samples were listed in Figure 13, where red triangles represent KRD samples and 

green dots are NRD samples. 
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Figure 13 Land surface feature samples map of Puding 

 

3.7.2 Accuracy Assessment 

As a common way to assess the accuracy of results extracted from remote sensing data, error 

matrix was applied in the study. The matrix records the relationship between ground truths (land 

surface features samples) and corresponding extracted results (Jensen, 2007). Producer’s Accuracy 

describes omission error of one class. This was computed by using the number of correctly 

extracted pixels of the class divided by the number of pixels that supposed to be extracted into the 

class. User’s Accuracy that describes the commission error of one class, was derived by using the 

number of correctly extracted pixels of the class divided by the number of extracted pixels of the 

class (Lillesand et al., 2007). The overall accuracy, which is the percentage of correctly extracted 

pixels of the extraction results, was computed by using the number of correctly extracted pixels 

divided by the number of pixels (Lillesand et al., 2007). Overall kappa statistics measures the 

difference between actual agreement (i.e. the agreement between extracted results and reference 

data) and chance agreement (the agreement between a random classification and reference data). 

The way of calculating the index is recorded in Lillesand et al. (2007, p.590).  

 

3.8 CA Markov and Areas Statistic  

In the study, KRD maps of ETM+ satellite image (spring, 2002) and CDR satellite image (spring, 

2009) were used to predict KRD conditions of Puding for the spring of 2016. Before using the CA 

Markov module, transition probability matrix, transition areas matrix and a set of conditional 

probability images were produced from the Markov module. The files were then incorporated into 

CA Markov module in IDRISI. The number of cellular automata iterations was set to 7 since there 

were 7 years of satellite images data that were inclusive in the study (from 2002 to 2009). After an 

iterative process of reallocating, KRD map (spring, 2016) was produced from the module. The 

area of each class of extracted KRD maps were calculated by using the number of pixels of the 

class multiplied by 900 m
2
, which is the actual area of a single pixel on Landsat data represented. 
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4. Results  

4.1 Results of Accuracy Assessment 

The error matrix of KRD map extracted from CDR satellite image (autumn, 2007) by the expert 

classification system is shown as Table 10, while the error matrix of the KRD map extracted from 

the TM satellite image (autumn, 2007) using the spectral features based model is shown in Table 

11.  

 

Table 10 Error matrix of KRD map extracted by the expert classification system 

Class Name Producer’s Accuracy User’s Accuracy 

Area I (NRD) 97.7% 24.6% 

Area II (KRD) 5.1% 87.5% 

Overall Accuracy = 27.4% 

Overall Kappa Statistic = 0.014 

 

Table 11 Error matrix of KRD map extracted by the spectral features based model 

Class Name Producers Accuracy Users Accuracy 

Area I (NRD) 95.3% 65.1% 

Area II (NRD) 83.8% 98.3% 

Overall Accuracy = 86.6% 

Overall Kappa Statistics = 0.68 

 

For the KRD map extracted from the expert classification system (figure 14), areas in Class I 

(NRD) had high producer’s accuracy (97.7%) and low user’s accuracy (24.6%), which means 

most of the pixels belonging to the class are correctly extracted (2.3% omission error). There were 

also quite a lot of pixels which do not belong to the class that were also wrongfully included (75.4% 

commission error). Class II (KRD) had low producer’s accuracy (5.1%), having an omission error 

of 94.9%. However, these areas had high user’s accuracy (87.5%), indicating that some pixels that 

did not belong to the class were incorrectly included (12.5% commission error). The KRD map 

had low overall accuracy (27.4%) and extremely low overall kappa statistic (0.014)  
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Figure 14 KRD map of CDR satellite image (autumn, 2007) and Land surface feature samples 

 

According to the criteria of KRD areas of Guizhou, only steep areas (gradient ≥ 18°) with low 

vegetation (vegetation coverage ≤ 50%) were classified as KRD. But in Figure 15, many KRD 

samples were located outside of yellow areas which just represented areas with gradient higher 

than 18°. The figure pointed out the possible reason that why so many KRD areas were omitted by 

the expert classification system method. 

 

 

Figure 15 Gradient map and Land surface feature samples map of Puding 

 

The KRD map extracted by the spectral features based model (Figure 16) received high overall 

accuracy (86.6%) and an acceptable kappa statistic (0.68). Areas in Class I had high producer’s 

accuracy (95.3%) and relatively low user’s accuracy (65.1%), The omission error for this class 

was 4.7%, while the commission error was 34.9%. Class II areas had high producer’s accuracy 
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(83.8%) and an even higher user’s accuracy (98.3), with omission error of 16.2% and with 1.7% 

commission error.  

 

 

Figure 16 KRD map of TM satellite image (autumn, 2007) and Land surface feature samples 

 

4.2 KRD distribution, percentage, and changes  

The extracted KRD maps of Puding for the different seasons and years are shown on Figure 17 

using the expert classification system, and Figure 18, for the spectral feature based model. The 

beige parts on the maps represent KRD areas, while the green parts are other land surface features.  

 

 

Figure 17 KRD maps of Puding extracted by expert system 
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In the karst rocky desertification maps extracted by the expert classification system method, KRD 

areas were mainly distributed in northwest of Puding and their distribution changed with seasons 

and years gently (Figure 18). In these maps, karst rocky desertification occupied about one tenth 

of Puding. Map produced for winter (2009) gave the largest karst rocky desertification area (16.49% 

of the entire area), while and KRD map for the summer of 2002 had the smallest, occupying 0.68% 

of Puding. The average size of KRD area from all these maps was 8.61% of Puding.  

 

 

Figure 18 Area of KRD maps of Puding extracted by expert system 

 

The maps extracted using the spectral feature based model method showed more variation in 

distribution of KRD areas for each season and year (Figure 19). This was in contrast with the 

results from the expert classification system (Figure 17), where both seasonal and yearly changes 

were not drastic.  

 

 

Figure 19 KRD maps extracted by spectral features based model 

 

In some KRD maps extracted from the spectral feature based model, over half of Puding were 
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extracted as karst rocky desertification areas, while in some they occupied one fifth or one tenth of 

Puding (Figure 20). Among them, map from the TM satellite image for the spring of 1993, had the 

largest KRD area, which occupied 63.05% of Puding. The map extracted from ETM+ satellite 

image (summer, 2002) had the smallest KRD areas (0.37%). The average KRD areas of all these 

the maps produced was 32.54% of the entire study area.  

 

 
Figure 20 Area of KRD maps of Puding extracted by spectral features based model 

 

As mentioned earlier, karst rocky desertification maps extracted from these two methods varied 

within seasons. The difference between the results from expert classification system and spectral 

features based model are shown in Figure 21, together with the percentage of difference between 

them. Black areas signify no difference in the results of the two methods, while white means there 

are differences in their results. Generally speaking, the differences were very small during summer 

(1.01%), and they were relatively large in spring (1993), autumn (2001) and winter (2002). The 

largest difference was the results from the two methods of the data (autumn, 2001), which was 

61.21%.  

 

 

Figure 21 Differences and their percentage of KRD maps of Puding extracted by the two methods 

expert classification system and spectral features based model 
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4.3 KRD prediction map  

Prediction of KRD conditions in Puding for 2016 was made by using the CA Markov module, 

based on the KRD maps extracted from the spectral features based model, which resulted to better 

performance as indicated by the accuracy assessment results. Figure 22 illustrates the two KRD 

maps: one from 2009 (left) and the other is 2016 (right).Comparing the generated prediction map 

with the KRD map for the spring of 2009, karst rock desertification areas are said to decrease in 

the spring of 2016 (from 13.13% to 11.22% of Puding). It is a slight decrease by 20.67 km
2
.  

 

 

Figure 22 Comparison of KRD map (spring, 2009) and KRD prediction (spring, 2016) 
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5. Discussion  

Inspired by work of Huang (2008), in his study, a KRD map was extracted by expert classification 

system method and KRD areas were classified in different grades according to their intensities, in 

this study, an expert classification system was also implemented to extract KRD information of 

Puding. However, as suggested by other studies (e.g. Li et al., 2010), the extracted KRD areas of 

this study were not classified in different grades. Instead, KRD areas were not only extracted by 

the expert classification system, but also with the spectral features based model of Chen et al. 

(2003) as control group. Furthermore, this study showed the changes of KRD conditions in Puding, 

as well as predicted the conditions for 2016 using the available satellite image.  

 

5.1 Accuracy of the extraction methods used 

The overall accuracy of KRD map extracted by the expert classification system was 27.4% and its 

overall kappa statistic was 0.014, which shows poor agreement in the results. Jensen (2007) 

declared that such poor agreement in the output can indicate that the extracted KRD map is no 

better than a randomly classified result. For the spectral features based model, the overall accuracy 

of the KRD map extracted (86.6%) and the kappa statistics (0.68) indicated moderate agreement, 

which is much more acceptable than previous result. 

 

If the two methods had similar KRD results with high overall accuracy and kappa statistics, then it 

is quite possible that their results were trustful. But if one method had poor result, then it required 

much more time to find out why since its performance depends on many variables. For the expert 

classification system method, the biggest problem was too little KRD areas were extracted. The 

classified rules of the system assumed steep areas without vegetation as KRD areas. It should be 

noted that, based on the assumption, there were possibilities of soil being misclassified as KRD, 

but more likely (Figure 14), the threshold values of gradient indicator were too high to introduce 

KRD omission errors. Apart from thresholds, other possible variables causing poor performance 

include: quality of remote sensing data, performance of preprocessing procedures, accuracy of 

indicator maps and factor map, and classified rules. For example, the more comparable vegetation 

coverage maps were achieved by using average 𝑁𝐷 𝐼𝑚𝑎𝑥 and 𝑁𝐷 𝐼𝑚𝑖𝑛 values taken form 

NDVI maps. In addition, as suggested by studies (Li, Tan & Wang, 2005; Li, Wang & Rong, 2003; 

Li et al., 2013), classified rules of KRD need to be adjusted according to types of study areas (e.g. 

scale, landform, ecological condition). 

 

For the spectral feature based model, one possible reason for its good performance was that the 

training land surface feature samples were collected from a study area close to Puding. Compared 

with expert classification system, as pointed out by Chen et al. (2003), this study confirmed that 

spectral features based model (which is trained by local land surface feature samples) was more 

suitable for extracting KRD information for small-scale area, such as in a county level. 

 

The accuracy assessment provided both quantitative and qualitative evaluation of the results. By 

collecting land surface features from different resources, the assessment achieved certain level to 

reveal useful information and evaluate the two extracted results. On the other hand, the study 

expected more high quality reference data. In future studies it is suggested that sufficiently high 
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quality reference data (e.g. field-based measurement of KRD areas), which covers the whole 

Puding, and acquired at the right time, are to be used for accuracy assessment.  

 

5.2 Variations in results 

The extracted KRD maps from the spectral features based model showed that the KRD areas were 

more distributed in whole Puding and changed dramatically, as compared to the result of the 

expert classification system. In 2002, KRD areas occupied 0.37% of Puding in summer but 61.66% 

in winter. During the summer, most of the areas in Puding were extracted as vegetation because all 

plants were flourishing during the season. While in winter, there were more KRD areas because 

only bare carbonate rocks were left. For KRD areas change with seasons, they can be called as 

seasonal karst rocky desertification areas, which are covered by both vegetation and bare 

carbonate rocks, similar to what is described by Li et al. (2010), where they describe slopes 

covered by bare carbonate rocks with grass and sparse trees as KRD areas during winter.  

 

As also shown in the results, extracted KRD areas in Puding decreased from the spring of 1993 to 

the spring of 2009, and this was obvious for both extraction methods used. KRD conditions in 

Puding were also predicted by the CA Markov model to decrease from 13.13% in the spring of 

2009 to 11.22% in the spring of 2016. It was interesting to know that extracted KRD areas in 

Puding increased from the winter of 2003 to the winter of 2009, and this was obvious for both 

extraction methods used too. One of the possible reasons is the so called seasonal KRD areas 

increased. 

 

For the results in autumn and winter, KRD areas were supposed to increase or stay the same in 

winter, as indicated by the results from the expert classification system. However, for the spectral 

feature based model, the opposite happened (i.e. they decreased from autumn to winter). One of 

the possible explanations is, since lack of enough Landsat data acquired in 2002, KRD maps that 

were derived for the autumn and winter of 2002 were actually extracted from TM data (winter, 

2001) and ETM+ data (spring, 2003) separately. For this reason, KRD areas actually decreased 

from autumn of 2001 to winter of 2003. 

 

The change of KRD areas in Guizhou province were detected for years (1986, 1995, 2000) in Bai 

et al. (2009) and (2000, 2005) in Chen, Xiong and Lan (2007). Bai et al. (2009) just mentioned 

acquisition year of their remote sensing data and Chen et al. (2007) stated that their data were 

combination of data acquired from spring and autumn since it was difficult to get sufficient 

remotely sensed data of whole province in one season. Li et al. (2013) detect KRD change in the 

Houzhai catchments for year (1963, 1978, 2005, 2010), the study did not clarify acquisition season 

of their data but they declared that they had considered the change of vegetion. Li et al. (2010) 

stressed the importance of evaluting KRD areas from seasonl perspective. Their suggestions were 

take areas with very low vegetation (vegetation coverage ≤ 10%) all the year round as KRD. In 

summary, seasol change of vegetation was an important issue when extract KRD information from 

remotely sensed data. 

 

5.3 Limitations of the Study 

The study illustrates how karst rocky desertification areas can be extracted, analyzed and predicted 
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by RS and GIS techniques from remote sensing data. Based on the extracted KRD results, the 

information can guide decision makers to carry out KRD control work especially when they revise 

KRD control and management schemes. They should pay more attention to KRD areas change 

with the seasons which are more sensitive than other KRD areas. Though the number of KRD 

maps produced for this study was not sufficient to give an overall spatial pattern of KRD in 

Puding for now, better understanding of karst areas and conditions in Puding can be gained from.  

 

The climate of Puding is characterized by warm, rainy, and cloudy weather conditions, which 

decrease the number of available Landsat data that can be used for extracting, monitoring and 

detecting KRD areas. As mentioned in the introduction chapter, it was difficult to extract KRD 

information from Landsat data since KRD areas had complex landscape and miscellaneous surface 

features (Li et al., 2010). Sometimes the spatial resolutions of Landsat data were not detailed 

enough to differentiate KRD from non-KRD areas well (Yue et al., 2011). For similar studies, it is 

therefore important to use higher spatial and temporal resolution remote sensing data to improve 

the results and to find spatial patterns of KRD in Puding.  

 

With regards to KRD extraction methods, though this study compared KRD results extracted from 

the same Landsat data by expert classification system and spectral features based model methods, 

what is actually needed are studies, which evaluate the different KRD extraction methods (based 

on high quality reference data and variety of remote sensing data), to find out the strengths, 

weaknesses and suitable conditions applicable for each of them. Furthermore, for the spectral 

features based model, the best way to use the method is obviously to build a model which is 

trained by KRD samples acquired from the actual site. It requires researchers who have enough 

resources to do so. For the expert classification system method, the classified rules need to be 

revised by human experts, according to field survey, or derived from inductive machine-learning 

based on KRD samples taken from the field. In addition to spectral information, if other types of 

geographic information such as texture and shape can be comprehensively introduced, the 

extraction accuracy of the two methods will be increased more. 
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6. Conclusions and Recommendations 

This study concludes that, first, the results demonstrated that karst rocky desertification areas of 

Puding extracted from the same Landsat data by the expert classification system or spectral 

features based model methods can be different, which gives more research questions to be 

investigated such as why they are different. To answer the question, many variables (e.g. data, 

preprocessing procedures, or classified rules) need to be controlled and examined. Second, the 

results clearly indicated that KRD areas extracted from different seasons in the same year could be 

different, which suggested that it is also important to monitor KRD annual change for the same 

season. Moreover, KRD areas extracted from different seasons may even have opposite change 

tendency for years. KRD areas in Puding decreased during the spring of 1993 to 2009, and were 

predicted to continue to decrease in 2016 using the CA Markov model. On the contrary, KRD 

areas in Puding increased during the winter of 2003 to 2009. The study demonstrates the potential 

of remote sensing and GIS techniques in the KRD environmental problems solving, and gives 

better understanding of the problems. 

 

But much work still remains to be done for the karst rocky desertification issue. Some possible 

future studies recommendation include: 1) comparing more KRD extraction methods with 

different types of remote sensing data, and to do more accuracy assessment with sufficient high 

quality reference data to evaluate them; 2) trying to give more accurate and measurable KRD 

landscapes definitions to improve the accuracy of the extraction of information from remote 

sensing data, possibly by using machine-learning techniques based on a large number of 

acceptable KRD samples; 3) exploring the driving factors of KRD (e.g. population, deforestation, 

etc.) to improve the accuracy of the prediction. 
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