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Abstract 
 
Coal fires originate at the interface of the coal seams and the atmosphere and have both natu-
ral and man-made causes. It is estimated that mostly in the northern half of China up to 200 
Mt (208 tonnes) of high quality coal are lost every year and this contributes to a loss of coal 
resources, CO2 as well as other greenhouse gasses related emissions and air pollution amongst 
others.  
 
In order to detect the areas affected by coal fires use is made of multispectral ASTER (on-
board of the Terra polar orbiting spacecraft) daytime and Landsat 7 ETM+ nighttime images, 
acquired over a coal fire affected area in Xinjiang. Using the higher resolution optical bands 
of ASTER in conjunction with the stereoscopic capability, the images facilitated the mapping 
of the regional geological setting, especially the identification of the synclinal structure in re-
lation to the surface exposed coal seam layers marking its perimeter. Furthermore relevant 
coal mine related features, such as mine entrances and coal dumps could be identified. This 
analysis resulted in the identification of potential coal fire areas. 
 
Apart from transforming the ASTER (bands 10-14) and ETM+ (band6, high and low gain) 
images to kinematic temperatures, in order to get an idea of the real surface temperatures for 
coal fire type identification, the thermal anomalies due to the actual coal fires were used for 
further statistical analysis. For both the daytime and nighttime subsets were analyzed to de-
termine the extent of the coal fire affected areas using different confidence levels. Ground 
truth data was used for validation of the results.   
 
The combined use of daytime ASTER with nighttime Landsat 7 ETM+ allowed for the identi-
fication of the actual coal fire areas within the study area. As the temperature anomalies are 
very subtle it proved to be important to have a good background on potential coal fire loca-
tions and these could be provided using the higher resolution visible and near infrared bands 
of ASTER. 
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Chapter 1 Introduction 

1.1 Background of coal fires 

 
     Underground and surface coal fires are serious geological hazards in many coal mine re-
gions in the world. Spontaneous combustion can occur either within the underground coal 
seams themselves or in piles of stored coal and in spoiled dumps on the surface. 
 
     Coal fires can cause grievous economic and environmental problems. Firstly, the coal fires 
consume a huge amount of coal resources causing economic loss. Secondly, the environ-
mental effects of coal fires are serious problems at both local and global levels. During the 
burning of coal fires, there are some kinds of noxious gases diffused out, such as sulphur di-
oxide (SO2), nitrogen oxides (NO), carbon monoxide (CO), carbon dioxide (CO2), and meth-
ane (CH4) (Bhattacharya and Reddy, 1994). Unfortunately, these gases contribute to the green 
house effect. The smoke and windblown ash can plague the areas around coal fires. In gen-
eral, degradations of the land and vegetation are caused by fires. Furthermore, in some areas, 
the coal fires may even cause desertification. 
 
     Widespread cracking and subsidence of the land surface are other associated problems. 
Surface collapse may cause extensive damage to infrastructure, such as buildings, roads, rail-
ways, etc. Problems caused by coal fires are: 
 

(1) Loss of coal resource; 
(2) Effect or damage to coal mining infrastructure or surrounding infrastructure; 
(3) Degradation of the land and vegetation and damage to the ecological system; 
(4) Serious environmental pollution; 
(5) Safety and health risk for miners, and local residents. 

 
     Coal fires can be classified into 4 groups according to its occurrence: 
 

(1) Underground mine fire: which is occurring in the areas of underground coal mining. 
They are restricted to the mines and can be detected by remote sensing techniques only 
if they are less than 30 meters in depth (Greene et al., 1969) in areas where there are 
no cracks or fractures to lead the underground heat to the land surface.  
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(2) Coal seam fires or coal field fires: normally start due to the spontaneous combustion 
of a coal seam at the outcrop of the coal seams or at a coal seam at shallow depth. 
They can also develop from underground coal mine fires spreading to the surface.  

(3) Coal refuse fire: burning mainly due to spontaneous combustion. 
(4) Coal stack fire: more or less similar to the coal refuse fire (Zhang, 1998).  

  
     Coal fires also can be classified into 3 types of coal fire according to the depth of the fire: 

(1) Shallow fires, with the depth up to 10 meters; 
(2) Intermediate fires, with the depth from 10-30 meters; 
(3) Deep fires, over 30 meters in depth (Greene, et al., 1969). 

 
      This research mainly concentrates on the coal seam fires, which occur in the area of coal 
mining. Its depth from the land surface is less than 30 meters.  

 

1.2 Coal fires in China 

 
     China is the largest country in coal production and consumption. In 1996, its coal produc-
tion was about 1400 million tons and 75% of the nation’s consumption of primary energy was 
supplied from coal. Forecasts indicate that its share of total energy use will grow in the com-
ing decades.  
 
     However, coal fires are a seriously problem in Northern China, where nearly 90% of the 
nation’s coal resources are stored. In this region, many coal fields suffer from scattered, local-
ized or clustered coal fires. The coal fires occur in a belt from the northwest to the northeast, 
stretching 5000 km in east-west direction and is 1500-1800 km in width (Figure 1.1). The size 
of the region is nearly 5.3 million km2, covering 13 provinces. Each year, the loss of coal re-
sources caused by coal fires is from 10-13.6 million tons and the damage to coal resources 
affected by coal fires is about 200 million tons (Guan et al., 1997). Therefore, China is the 
most serious affected country in the world by the spontaneous combustion of coal fires. 
 
     The problem of coal fires has been listed in the “21st Century Agenda of China” as one of 
the five most serious geological hazards in 1994 (Guan et al., 1996). Recently, five serious 
areas of coal fires in Xinjiang Uygur Autonomous Region have been extinguished (URL-1, 
News, 2000, in Chinese). 
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Figure 1.1 Map of Coal fires in Northern China 
            The location of coal fires in the north of China as detected by remote sensing and 
from other sources. Location A and B are Xinjiang and Ningxia Autonomous Region, respec-
tively, where the coal fires are most serious. 
 

1.3 Spontaneous combustion of coal 

 
     Coal is a combustible material, making it susceptible to a variety of ignition scenarios.  
One of the most frequent and serious causes of coal fires is spontaneous combustion. Fires are 
controlled by three factors: temperature, fuel and oxygen. The spontaneous combustion of 
coal is governed by the oxidation of coal. It can be simply expressed as follows (Rosema et 
al., 1999): 

 
      Coal  + O2   ?  CO2 + H2O + Heat 
 

     Spontaneous combustion fires usually begin as “hot spots” deep within the reserve of coal.  
The hot spots appear when coal absorbs oxygen from the air. The coal’s temperature begins to 
climb above ambient temperature.  When the temperature of coal reaches a threshold tempera-
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ture, somewhere between 70 and 140 ºC a steady reaction, resulting in the production of gase-
ous products such as carbon monoxide and hydrogen, ensue. The temperature of the coal will 
certainly continue to rise until 230-280 ºC, the reaction becomes rapid and strongly exother-
mic. In other words, the coal begins ignition or starts to burn. As the heating rate increases in 
intensity, incipient combustion, and ultimately self-ignition and flame, will occur. Figure 1.2 
indicates the influence of these factors on the intensity of the fire. 

 

 
       Figure 1.2 Spontaneous combustion of coal                 
      
     Spontaneous combustion of coal relates to the quality of coal and the size of the particles, 
high-ranking coals (high carbon content) are more prone to burning than the lower-ranking 
coals; and the larger the effective surface area of the coal particles, the more easily the reac-
tion can proceed (van Genderen and Guan, 1997). 
      
     Environmental factors play a main role in the oxidation reaction of coal (Rosema et al., 
1999). Oxidation requires adequate supply of air, such as the cracks and fissures caused by 
coal mining will stimulate the underground coal fires by transmitting the air/oxygen to the 
coal seams. Besides, the local climate condition is another important factor in the oxidation 
reaction of coal. Once the threshold temperature is reached, the second stage of the oxidation 
reaction will begin, the heat generated by the reaction rises at a rapid rate and the temperature 
of the coal will continue to rise until combustion starts.  
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1.4 Detection of coal fires 

 
     There are three main kinds of methods in detection of coal fires, which are borehole tem-
perature measurements, airborne remote sensing, and space-borne remote sensing techniques. 
The method of borehole temperature measurements has the obvious advantage that the tem-
peratures were close to the fires and measured directly, but it was often difficult to get enough 
data for a large area, and it is too expensive to carry out. The airborne remote sensing tech-
niques used in detecting coal fires started in 1960’s in the USA. The surface thermal anoma-
lies caused by coal fires were detected using the airborne remote sensed thermal infrared im-
agery. From 1980’s, the space-borne remote sensing techniques started to be used in the de-
tection of coal fires. This method has some advantages in comparison to other methods, such 
as it is possible to detect the coal fires using multi-spectral and/or multi-temporal data, it is 
practicable to detect/monitor a huge area, and it is relatively much more economic. This study 
is concentrating on the third method.        
 
     A project, called “Environmental monitoring and evaluation of coal fires in Northern 
China”, is presently executed by German, Duch and Chinese researchers. It is sponsored by 
German and Chinese governments.  
      
     This research is a contribution to this project, it is tried to obtain a better understanding in 
detecting the area of coal fires using remote sensing techniques. 
  
     Aspects that will be studied are: 
 

(1) How to detect areas of coal mining and coal fires by means of remote sensing tech-
niques? 

(2) Which are the best sensors/ spectral regions for monitoring coal fires? 
(3) What is the best time of acquisition of satellite images for detection of coal fires? 
(4) What is the accuracy and reliability of the results? 

     

1.5 Objectives of this study 

   
   The main objective for this study is to find a practical method of detecting / monitoring the 
area of coal fires using multi-spectral and multi- temporal satellite data. In addition to this, 
other objectives defined are: 
 

(1) To detect the area of coal mining using satellite data; 
(2) To detect the area of coal fires using satellite data; 
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(3) To compare the results of detection using the data acquired from different sensors and 
at different acquisition times (day/night); 

(4) To analyse the quality and certainty of the results of detection from satellite data. 
 

1.6 Introduction to the study area  

 
     The study area was selected based on the availability of data and the goals of the above-
mentioned project. Kerjian Coal Mine, in Xinjiang Uygur Autonomous Region, north of 
China, was selected as the study area. The center point of the study area is N 43°07’ and E 
88°12’, and the size of the area is 30*30 km. This area is situated on the south piedmont of 
the Tianshan Mountains and at the northwest border of Turfan Basin region, 110 km from 
Urumchi located towards the southeast, the capital of Xinjiang. The morphology can be de-
scribed as hills with wide alluvial fans. The highest hill in this region is 1900 meters. In aver-
age this area is 1100 meters. Morphologically, the area around the burning zone rises from 
southeast to northwest. The PanjiTage River is the only major river crossing the area. Its run-
off is 0.13-0.16 m3/s. Around 5 km southeast of the burning area a smaller river exists, the 
Beiyang River (DMT, 2001). 
 
     Tuokexun is the biggest town next to the burning area, it is situated 55 km towards the 
southeast. It is a city with about 100,000 inhabitants, and it has basic infrastructure. There is 
only a simple highway going to the burning area that is partly in bad conditions. To the east it 
goes on to the Xiaocao Lake( 22 km away). From there a motorway goes to Urumchi (152 
km). 2 km southeast of the burning area the railway Turfan-Aksu crosses the area in east-west 
direction. It is 80 km away from the line junction in Turfan. There a further railway connec-
tion to Xinjiang-Lanzhou (Gansu province) exists.  
 
     From north to south the topography in the study area changes from rugged piedmont to al-
luvial fans into the Turfan Basin. The vegetation there is either sparse or absent due to the 
minimal annual precipitation, which is less than the potential evaporation. It belongs to a 
typical continental climate, hot and rainy in summer, cold and dry in winter, and the tempera-
ture difference between summer and winter, or between day and night is very large. Normally, 
the hottest weather concentrates in July, freezing starts from October, and thawing starts in 
March the following year. The freeze-up period is about 150 days. The average wind speed is 
about 2.0 m/s, and the wind blows from the northwest to the southeast most time of the year. 
 
     The main coal-bearing geological strata of coal mine belong to the Middle Jurassic Xis-
hanyao Group, which consist of freshwater deltaic sediments including mudstone, silstone, 
sandstone and coal layers (Guan et al., 1997). There are 5-10 layers considered minerable, and 
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the total thickness of coal layers is about 15 meters. Thick coal seams (>5m ) have a higher 
spontaneous combustion risk (Guan and van Genderen, 1997). The geological structure of 
coal seams indicates mainly as folds and buckles. There is a 33 km long bowed fold in the 
east-west direction in the Kerjian area. The Kerjian coal mine is situated south of this fold 
(Report from DMT, 2001). Figure 1.3 shows a sketch map and cross section of Kerjian coal 
mine region (Report from DMT, 2001). 
 
     A general geology investigation showed that there are 56 areas affected by coal fires in the 
north of China, of these 38 areas are located in Xinjiang. The estimated total size of the coal 
fire areas is about 720 km2, the size of burning area is 17-20 km2, among which, 10-13 km2 is 
situated in Xinjiang (Guan et al., 1997). The coal fires in Kerjian coal mine started to burn in 
the 1970’s. Two primary coal fields and some secondary ones are distributed in this area. 
There are three more serious areas of coal fires located in Kerjian, 2 to 3 km in depth and the 
width from 50 to 200 m (relatively narrow). 
 
 

 

 
Figure 1.3 Sketch map of the Kerjian coal fire area, the black clusters are surveyed coal fires. 
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1.7 Data used for the research 

 
     The data collected for this research consists of: 

(1) Landsat7 ETM+ imagery, from band 1to band 7, and a panchromatic image aquired on 
23rd of August,1999; 

(2) Landsat7 ETM+ band6 nighttime data acquired on 1st of February, 2000; 
(3) ASTER data, from band 1 to band 14, including the backward looking band 3b, which 

can be used to generate a stereoscopic image with the nadir-looking band 3n (the de-
tail of the data acquisition time will be introduced in Chapter3); 

(4) ERS SAR interferometric data; 
(5) Scanned topographical map, scale of 1:100.000; 
(6) GPS data measured within this study area and related report (DMT, 2001); 
(7) Other information, including literature and thematic maps.  

 
     Some data, as Landsat 7 ETM+ images, ERS SAR data, GPS data and related report, are 
obtained from German researchers who also join the project mentioned above. Other data is 
collected by author himself. Besides, some field data is surveyed by Chinese researchers 
within the project. Further details of spectral characteristics of the satellite data and time of 
acquisition are listed in Table 1.1. 
 
      Of the above mentioned satellite data, Landsat 7 ETM+ images and ERS SAR interfer-
ometric data could be obtained from the German researchers. ASTER data is downloaded 
from the Internet (http://asterweb.jpl.nasa.gov/). ASTER (Advanced Spaceborne Thermal 
Emission and Reflection Radiometers) is an advanced multi-spectral sensor on board of the 
Terra polar orbiting spacecraft. The ASTER instrument was built in Japan for the Ministry of 
International Trade and Industry (MITI). A Joint US/Japan Science Team is responsible for 
instrument design, calibration, and validation.  
 
     ASTER data covers a wide spectral region from visible to thermal infrared with 14 spectral 
bands with high spatial, spectral and radiometric resolution. The wide spectral region are cov-
ered by three telescopes, three VNIR (Visible and Near Infrared Radiometers) bands with a 
spatial resolution of 15 m, six SWIR (Short Wave Infrared Radiometers) bands with a spatial 
resolution of 30 m and five TIR (Thermal Infrared Radiometers) bands with a spatial resolu-
tion of 90 m. In addition one more telescope is used to see backward in the near infrared spec-
tral band (band 3B) for stereoscopic capability that will produce a base-to-height ratio of 0.6. 
ASTER will be used to obtain detailed maps of land surface temperature, emissivity, reflec-
tance and elevation, whose goal is to obtain a better understanding of the interactions between 
the biosphere, hydrosphere, lithosphere and atmosphere. The ASTER instrument has two 
types of Level-1 data, Level-1A and Level-1B data, which are free to use. Level-1A data are 
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formally defined as reconstructed, unprocessed instrument data at full resolution. Level-1B 
data are generated by applying coefficients for radiometric calibration and geometric resam-
pling. Each group of data are divided into scenes of 60 km in the along-track direction but in-
cludes 3 more km of data to provide an overlap of 5 % with neighboring scenes except for 
backward stereo band 3B. For band 3B the scene size is 81 km, including an additional over-
lap of 6 km to compensate for the terrain error contribution and a scene rotation for a large 
cross-track pointing. ASTER provides the user community with Standard Data Products 
throughout the 6-years life of the mission. 
      
Table 1.1 Table of Data sets 

Sensor Spectral bands Spatial resolution  Spectral re-
gion 

Time of 
acquisition 

Band 1: 0.45-0.52 µ m 

Band 2: 0.53-0.60 µ m 

Band 3: 0.63-0.69 µ m 

Band 4: 0.75-0.90 µ m 

 
 
VNIR 

Band 5: 1.55-1.75 µ m 

 
 
30 M 

SWIR 

1999-08-23 
daytime 

Band 6: 10.4-12.5 µ m 60 M TIR 2000-02-01 
nightti   nighttime  

Band 7: 2.09-2.35 µ m 30 M SWIR 

Landsat7 ETM+ 

Band 8: 0.52-0.90 µ m 15 M Panchromatic 

1999-08-23 
daytim  daytime 

Band 1:0.52-0.60 µ m 

Band 2:0.63-0.69 µ m 

Band 3n:0.76-0.86 µ m 

 
15 M 
 

 
VNIR 

Band 3b: 0.76-0.86 µ m  15 M VNIR 

Band 4:1.600-1.700 µ m 

Band 5:2.145-2.185 µ m 

Band 6:2.185-2.225 µ m 

Band 7:2.235-2.285 µ m 

Band 8:2.295-2.365 µ m 

Band 9:2.360-2.430 µ m 

 
 
 
 30 M 

 
 
 
SWIR 
 

Band10:8.12-8.47 µ m 

Band11:8.47-8.82 µ m 

Band12:8.92-9.27 µ m 

Band13:10.25-10.95 µ m 

ASTER Sensor 
(Level 1A/1B) 

Band14:10.95-11.65 µ m 

 
 
 90 M 
 

 
 
TIR 

 
 
 
 
 
 
 
 
More details 
in  
Chapter 3 
 
 
 
 
 
 
 
 

ERS SAR  DEM 25 M   
Scanned topo map                                                                                                                                                        1:100,000(scale)   
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     ASTER data is downloaded from Internet using Windows Sockets FTP software after the 
notification was received by email. The downloaded data, in Hierarchical Data Format (HDF), 
have to be transformed into image files using ENVI 3.4 system. 
 

1.8 Methodology 

 
     Through understanding the properties of spontaneous combustion of coal fires, to analyze 
the relationship between thermal anomalies caused by coal fires and the characteristics of 
electromagnetic spectrum, further, try to grasp the serious changes caused by coal fires at the 
land surface. Then, to extract the features related coal mine and coal fires from images ac-
cording to the spectral characteristics of the thermal anomalies, by means of image processing 
technology. After feature extraction, the coal mine locations and coal fires are roughly deter-
mined. However, these results are deducted from images separately. Hence, the multi-sensor 
and multi-temporal data analysis techniques will be used to improve the accuracy of those re-
sults. Last, the detection results of areas of coal fires have to be validated by the field data and 
an accuracy assessment has to be performed. 
 
     The research work is divided into three steps. The first step is related to data acquisition 
and image pre-processing. Secondly, to detect areas of coal fires by means of feature extrac-
tion, with the help of image processing techniques. Multi-sensor and multi-temporal data im-
age analysis will be carried out. The last step is to confirm the above detection results using 
field data and other related information. The flow chart of research work is as the Figure 1.4. 
 

1.9 Structure of the thesis 

     The details of this thesis are presented in the following chapters: 
     Chapter1 gives a background on coal fires, the approaches and objectives of this research. 
     Chapter2 describes remote sensing techniques used for the detection of coal fires, a review 
is given for detecting those features caused by coal fires using different sensors, with empha-
sis on the detection of thermal anomalies and their correlated influencing factors.  
     Chapter3 will give a presentation on the data acquisition and image processing, including 
the geometric correction, image registration, band combination, brightness contrast, and im-
age filtering etc. 
     Chapter4 introduces the work on the image interpretation, feature extraction, and image 
analysis for detecting the areas of coal fields and coal fires. 
     Chapter5 will focus on the method of accuracy assessment for the detection results using 
field surveying data. 
     Chapter6 will give conclusions and recommendations.   
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Figure 1.4 Framework of Research Work 
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Chapter 2 Remote sensing methods used 
for the detection of coal fires 

2.1 Introduction 

 
     Remote sensing was first used for the detection of coal fires in America in the1960s. Sur-
face thermal anomalies detected by Greene (1969) and his colleagues were sufficiently great 
to be detectable on thermal infrared imagery. In 1972, coal fires in the Burning Mountain, in 
Australia, were detected using an airborne optical mechanical sensor operating in the infrared 
wavelength (Ellyett and Fleming). Since the 1980s, remote sensing application for coal fires 
started in China and India, using airborne and spaceborne sensors. During the last decade, re-
searchers started to study the use of short wavelengths, such as band 7 and band 5 of Landsat7 
ETM+, for the detection of high temperature hot sources and surface coal fires (Reddy, et al., 
1993; Prakash, et al., 1997).  
      
     The electromagnetic energy measured by airborne or spaceborne platforms can assist in 
detecting, identifying, and classifying earth features. These sensors acquire data of various 
earth surface features that emit and reflect electromagnetic energy. These data are analyzed to 
provide information about the earth surface features under investigation.  
 
    Underground coal fires can cause series of changes to the land surface, these include: the 
increase of temperature, emission of smoking, changes in colour of caprocks, formation and 
deposition of new materials on the surface, land cracking and subsidence at the surface (Gen-
deren and Guan et al., 1997). The features/ characteristics of these changes can be detected by 
satellite remote sensing data, for example, in optical imagery, the burnt caprock above the 
coal fires often display a unique spectral signature as the baked rocks have a different reflec-
tance compared to the natural overburden; the smoke and high density sulfur dioxide plume 
also can be seen in the satellite image; and the thermal anomalies can be detected using satel-
lite thermal infrared images. 
 
     The thermal anomaly of a fire that will occur in the area of coal fires is the most important 
characteristic in the detection process of coal fires. It can be used as an indicator for the fire 
area extent, intensity and the amount of coal loss. The thermal anomalies caused by the heat 
of combustion of the coal are a clear indicator of the existence and outline of coal fires, which 
can be detected by thermal infrared sensors both on airborne and spaceborne platforms. For a 
rough understanding of coal fires, the heat impact of the coal fires can be simply indicated 
using the following equation: 
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  Coal + O2 ?  CO2 + CO + SO2 + Other Gases + H2O + Ash + ? H 
 
     Here, ? H is the heat caused by the combustion of coal fires. The heat dissipates into the 
environment in several ways, such as conduction, convective heat exchange and radiation. It 
is notable that the tailings of coal mines are prone to catch fire. They can contain a consider-
able amount of coal throughout the whole body and have a good oxygen supply from all ex-
posed sides (Rosema and Guan , et al., 1999). Because of the high permeability during the 
heat conduction, which is the main way of heat transportation in the intact rock of the coal 
seams, the fire can occupy large volumes, so that the thermal anomalies can occur over a large 
area. For this reason, in the detection of thermal anomalies of coal fires using remote sensed 
data, the tailings directly next to the area of subsurface fires may be misinterpreted. 
 
     Several satellite sensors can partially detect coal fires depending on certain conditions, 
such as the size of coal fire area, the spatial resolution of the imagery, the depth of fires, the 
amount of difference between the temperature anomaly in the area of coal fires, and the tem-
perature in the surrounding background, the time of the data acquisition (day or night, season) 
and prevailing weather conditions, etc. Hence, one of this research objectives is to fuse the 
pixel based data, features or information extracted (decision based) from each individual sen-
sor source in order to get more complete, robust and reliable results in detecting the areas af-
fected by coal fires. 
 

2.2 Optical satellite data 

 
     Experience has shown that many earth surface features of interest can be identified, 
mapped, and studied on the basis of their spectral characteristics. Thus, to utilize the remote 
sensing data effectively, one must know and understand the spectral characteristics of the par-
ticular features under investigation in any given application. Likewise, one must know what 
factors influence these characteristics. Because spectral responses measured by remote sen-
sors over various features often permit an assessment of the type and/or condition of the fea-
tures, these responses have been referred to as spectral signatures. It is more important to un-
derstand the nature of the ground area one is looking at with remote sensing data, not only to 
minimize unwanted spectral variability, but also to maximize this variability when the par-
ticular application requires it (Lillesand, Kiefer, 2000), such as the detection of the areas of 
coal fields and coal fires. 
  
     Besides, temporal and spatial effects have to be entered into any analysis of remote sensing 
data. Temporal effects are factors that change the spectral characteristics of a feature over 
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time. For example, the thermal anomalies caused by coal fires change evidently in different 
time of the day and/or year, the spectral characteristics of the surface in coal fire area will also 
go along with it. Thermal anomalies are more notable if the remotely sensed data is acquired 
in the nighttime or in winter season because the solar radiation is greatly reduced so that the 
difference between the temperature of coal fire area and the temperature of surrounding area 
is much amplified. Generally speaking, the optimum data acquisition time is better in pre-
dawn or in winter season because the solar heating effects can be reduced relatively. These 
changes often influence our collection of sensor data for a particular application. 
          
     The changes on the ground surface caused by coal fires can be directly or indirectly de-
tected by the satellite optical data. For example, the color changes of the caprocks, the 
changes in terrain and relief, the subsidence, the crack, etc., can be directly detected in the op-
tical images. These features can help us to recognize the potential areas of coal fires, even 
though, these features can be referred to as indirect indicators of coal fires because it is uncer-
tain that such features indicate either present burning underground coal fires or only paleo-
coal fires. Thermal anomalies can be detected in short wave infrared spectrum if they have a 
temperature higher than 160°C (Matoon, Dozies; Ralthey et al., 1995). Besides, the smoke 
and sulfur dioxide can also be directly detected in satellite optical images.  
      
     Earth observation satellite imagery derived from Landsat 7 ETM+ and ASTER sensor are 
used in this study. Landsat7 ETM+, the Enhanced Thematic Mapper Plus (ETM+), was 
launched in April of 1999, its role is to make global, high-resolution measurements of land 
surface and surrounding coastal regions. Landsat7 ETM+ data are collected from a nominal 
altitude of 705 kilometers in a near-polar, near-circular, sun-synchronous orbit at an inclina-
tion of 98.2 degrees, imaging the same 183-km swath of the Earth's surface every 16 days. 
Landsat7 ETM+ will monitor important natural processes and human land use such as vegeta-
tion growth, deforestation, agriculture, coastal and river erosion, snow accumulation and 
fresh-water reservoir replenishment, and urbanization. The repeated, extensive coverage of 
Landsat7 ETM+ is excellent for observing seasonal changes on continental and global scales, 
and its fine resolution is ideal for perceiving important detail in land surfaces. It detects spec-
trally-filtered radiation at visible, near-infrared, short-wave, and thermal infrared frequency 
bands from the sun-lit Earth, nominal ground resolutions are 15 meters in the panchromatic 
band, 30 meters in the 6 visible, near and short-wave infrared bands, and 60 meters in the 
thermal infrared band (high and low gain). 
 
     As indicated above, ASTER has three spectral bands in the visible near-infrared (VNIR), 
six bands in the short-wavelength infrared (SWIR), and five bands in the thermal infrared 
(TIR) regions, with 15, 30, and 90 meters ground resolution, respectively. The VNIR subsys-
tem has one backward viewing band for stereoscopic observation in the along track direction. 
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Because the data has wide spectral coverage and relatively high spatial resolution, we will be 
able to discriminate a variety of surface materials and reduce problems of some lower spatial 
resolution data resulting from mixed pixels. The primary science objective of the ASTER 
mission is to improve understanding of the local and regional scale processes occurring on or 
near the earth’s surface and lower atmosphere, including surface atmosphere interactions. 
ASTER data has been applied in a large number of research fields, such as land surface clima-
tology, vegetation and ecosystem dynamics, volcano monitoring, natural hazard monitoring, 
aerosols and clouds study, carbon cycling in the marine ecosystem, hydrology, geology and 
soil, land surface and land cover change, etc. 
             

    
Figure 2.1 A combination of ASTER VNIR (a), SWIR (b), and anaglyph images (c) used in the 
interpretation of this study 
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     The three VNIR bands of ASTER will be especially useful for topographic interpretation 
because it has along-track stereo coverage in band 3, with nadir (bands 1,2,3N) and backward 
(band 3B) views with 15 meters spatial resolution. The VNIR bands will also be useful in as-
sessing vegetation and iron-oxide minerals in surface soils and rocks. The spectral range of 
SWIR bands were selected mainly for the purpose of surface and mineral mapping.  
 
     The synoptic overview can also provide great aids in studying the areas of coal fields in 
their regional geological structure and tectonic settings, especially when using the high resolu-
tion data, band 1 to band 3 of ASTER data. The backward- and nadir-looking telescope pair is 
used for same-orbit stereo imaging (along-track stereo). The two near-infrared spectral bands, 
3N and 3B, generate along-track stereo image pair with a base-to-height (B/H) ratio of about 
0.6, and an intersection angle of about 27.7 degrees. Producing Digital Elevation Models 
(DEMs) from satellite data has been a vibrant research and development topic for the last 
thirty years. Since an error of within plus-or-minus one pixel for the parallax measurements in 
the automated matching process has been achieved with different stereoscopic data sets 
(along-track and across-track), the potential accuracy for the along-track stereo derived DEM 
from ASTER could be in the order of 25 meters (T. Toutin and P. Cheng, 2000). The above 
authors developed the automatic DEM generation software at PCI, it is possible to generate 
stereo-DEMs with accuracy less than 25 meters using a stereo pair of ASTER data. If the im-
ages and study site are optimal - such as semi-arid area, accuracy can be achieved as high as 
10 meters and 17 meters with 83% and 90% levels of confidence, respectively. 
 
     The generated stereo view is useful for geomorphologic and terrain classification surveys. 
It can be combined with data of SWIR and TIR to provide synergic interpretation in studying 
the areas of coal fires. Anaglyph can be generated in hard copy format or through a screen 
view on the computer to help in the image interpretation. Figure 2.1 shows the combination of 
VNIR (a), SWIR (b), and anaglyph images (c) used during the interpretation. With the help of 
stereo view, using red green glass, the geologic characteristic features, such as fold, fault, stra-
tum etc., and topographic features are easier identified and interpreted.  

 

2.3 Thermal satellite data  

 
     There are currently six satellite systems with thermal infrared sensors on board. The first 
one is NOAA with an Advanced Very High Resolution Radiometer (AVHRR), which has 
several spectral bands in the thermal infrared region, e.g. channel 3 (3.55-3.93µm), channel 4 
(10.3-11.3µm), and channel 5 (11.5-12.5µm) on NOAA-7,9,11,12&14. The spatial resolution 
varies from 1.1km at nadir up to 8 km at the border of the image. The second satellite data 
source used for thermal anomaly detection is from the ATSR (Along Track Scanning Radi-
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ometer) sensor on board the ESA ERS-1 satellite, which has a spatial resolution of approxi-
mately one kilometer. The third one is Russian RESURS-1 with the spatial resolution about 
600m. The fourth one is EOS with the Advanced Space-borne Thermal Emission and Reflec-
tance Radiometer (ASTER), launched in 1999, which spans the 8-12µm region with five con-
tiguous bands and enables the possibility of multi-channel split window thermometry at 90m 
resolution (Kahle et al., 1996). The fifth is Landsat 5 with the Thematic Mapper (TM) band 6 
with the spatial resolution of 120 meters and at 10.4 to 12.5µm region of the electromagnetic 
spectrum. And the sixth is Landsat 7 with the Enhanced Thematic Mapper (ETM) band 6 with 
the spatial resolution of 60 meters, which was launched in 1999. The advantage of the space-
borne remote sensing for coal fire detection is that it is repeatable, cheaper, and with multi-
bands. The disadvantage is that the spatial resolution generally speaking is still very coarse. 
 

2.3.1 Thermal infrared data used in the study of coal fire affected areas 

 
     Thermal anomalies caused by underground and/or surface coal fires are a direct indicator 
in detecting the area of coal fires, and they can be detected by the thermal infrared spectral 
data. The detection of underground coal fires using thermal infrared remote sensing is based 
on the premise that these underground heat sources produce detectable thermal anomalies at 
the ground surface. If there is a thermal anomaly present at the surface, there are also certain 
conditions under which it will be detectable on remote sensing data. The ability of detection 
depends on the resolution of the thermal infrared (TIR) imagery, the size of the area of the 
thermal anomalies and the difference between the temperature anomalies in the area of coal 
fires and the temperature of the surrounding background (Zhang, van Genderen, 1996). 
           

 
Figure 2.2 Generalized diurnal radiant temperature variations for soils and rocks versus water. 
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          It is notable that land surface temperatures are determined by many factors. The impor-
tant factors are time of day, time of year, weather conditions, slope aspect and the type of sur-
face present. Surface temperatures usually follow a daily sinusoidal variation and there is a 
slower annual variation in temperature (Jury et al., 1991). Figure 2.2 illustrates the relative 
radiant temperatures of soils and rocks versus water during a typical 24-hour period (Lillesand 
and Kiefer, 2000). It indicates that the radiant temperatures of soils and rocks are small during 
pre- dawn and at nighttime. It can be seen that the surface temperature from nighttime to pre-
dawn is relatively low, therefore, this period is the optimal time of data acquisition. 
 
     In the past, the main satellite data set used was Landsat TM band 6 data, which lies in the 
10.4-12.5 µ m region of the electromagnetic spectrum. Numerous authors have used this data 

source to detect underground coal fires (Bhattacharya et al, 1991; Mansor et al, 1994; Praksh 
et al, 1995; van Genderen et al, 1996; Wan and Zhang, 1996). For the China coal fire re-
search, the authors have also used multi-temporal nighttime thermal infrared data from Land-
sat TM in addition to the daytime data, thus the solar heating effects were greatly reduced or 
removed from the daytime imagery. However, the ASTER thermal infrared data has not been 
used for the detection of coal fire areas. 
 
     In this research, ASTER data is used as the main data source for the detection of the coal 
fire areas. In the thermal infrared spectral region, ASTER data has five bands with a spatial 
resolution of 90 meters, which lies from 8-12 µ m. Its spectrum almost covers the whole range 

of thermal infrared spectra, hence, it can provide much more multispectral information related 
to temperature. Further, to utilize the five bands of ASTER thermal infrared data, the thermal 
anomalies can be displayed more clearly with the help of a color composites and other image 
processing techniques in order to improve interpretation and feature extraction. Besides, 
Landsat7 ETM+ band 6 data, with a resolution of 60 meters, is also used in this study for the 
fusion and compared with the results obtained from ASTER data. 
      
     Generally, the spectral response patterns of the thermal anomalies derived from thermal 
infrared imagery will be influenced by temporal, spatial and atmospheric effects. The energy 
recorded by a sensor is always modified to some extent by these effects. Typically, the best 
time of data acquisition is pre-dawn because at that time the solar heating effects are relatively 
smallest and the thermal contrasts are strongest. Thus, not only the solar radiation is greatly 
reduced but also the spectral characteristic of thermal anomaly caused by coal fire is more dis-
tinct. It can improve the ability of detection in the study of coal fires.  
      
     In this research only daytime ASTER data was available. Instead of the absence of night-
time ASTER data, the data acquired at local winter season is used in this study. First, feature 
extraction is carried out from each set of data separately. Then, the results obtained separately 
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will be compared and fused together (feature-based fusion) in order to improve and increase 
the reliability and accuracy of the detection results of coal fires. 
   

2.3.2 Temperature and emissivity       

 
     The area of coal fires can be detected using remote sensing data because the temperature 
anomalies caused by coal fires can be detected by the thermal infrared (TIR) scanning, so the 
land surface temperature is an important direct indicator in the detection of coal fires. How-
ever, we can not get the value of temperature directly from thermal infrared imagery, we can 
only get the digital values (DN) of the measured thermal radiations. TIR radiations vary with 
both temperature (T) and emissivity (e). 
 
     In many applications of thermal scanning techniques, the digital data of surface tempera-
ture distributions recorded by a thermal scanner can be processed, analyzed, and displayed in 
a variety of ways. The calibration relationship can be applied to each point in the digital data 
set, producing a matrix of absolute temperature values. The precise form of a calibration rela-
tionship will vary with the temperature range in question, we assume that a linear fit of the 
digital data to radiant existence is appropriate. Under this assumption, a digital number, DN, 
recorded by a scanner, can be expressed by (Lillesand and Kiefer, 2000) 
 
                                   DN = A + BeT4                                                              (2.1)    
where, A,B = system response parameters determined by sensor calibration 
              e = emissivity at the point of measurement 
              T = kinetic temperature at the point of measurement 
 
     Once A and B determined, kinetic temperature T for any observed digital number DN is 
given by 
  

                                   T = 





 −

εB
ADN 1/4                                                            (2.2)           

 
     At a minimum, two corresponding temperature (T) and digital number (DN) values are 
needed to solve for the two unknowns A and B, here, we assume that the emissivity is known. 
Once parameters A and B are known, this equation can be used to calculate the kinetic tem-
perature for any ground point for which DN is observed recorded in the imagery.  
  
     The emissivity is the ratio of the radiation emitted by a surface to the radiation emitted by 
a blackbody at the same temperature. In equation (2.2), we assume that the emissivity is 
known, however, except for water, vegetation, and snow or ice, the emissivity of the land sur-
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face is unknown, but must be determined along with the temperature. Especially in coal mine 
area, the emissivity spectra of geologic materials can be quite complex. Many emissivity stud-
ies require as many spectral bands in the TIR window as possible.  
 
     The inversion for T and e is undetermined because there is always at least one more un-
known than the number of measurements. Separation of T and e data from the measured radi-
ance thus requires additional information, determined independently. In the temperature and 
emissivity separation (TES) algorithm (Gillespie et al., 1998), the additional constraint comes 
from the regression of minimum emissivity to spectral contrast calculated from laboratory 
spectra. At least three or four spectral bands are required to measure the spectral difference in 
images. Therefore, it is necessary to make multispectral measurements to determine land sur-
face temperatures. 
 
     ASTER includes a five-band multispectral TIR scanner designed for recovery of land sur-
face “kinetic” temperatures and emissivities (NASA, 1998). The five TIR bands have spectral 
ranges of 8.125-8.475 µ m, 8.475-8.825 µ m, 8.925-9.275 µ m, 10.25-10.95 µ m, and 10.95-

11.65 µ m, respectively. ASTER’s estimated TIR radiometric accuracy is 1K at 300K, and 3K 

at 240K. Radiometric precision (radiometric uncertainty) at 300K is = 0.3K (Fujisada and 
Ono, 1993). 
 
     Temperature is not an intrinsic property of land surface materials; it varies with the irradi-
ance history and meteorological conditions. Emissivity is an intrinsic property of the surface 
and is independent of irradiance. The radiance from a perfect emitter (i.e., a blackbody for 
which, e =1) increases approximately exponentially, with temperature, as described by 
Plank’s Law 
 
                                    L?T = C1 / {?5 (ec2/ ?T-1)}                           (2.3) 
 
where, C1 = 2phc2=3.742*10-16Wm2,  
            C2 = hc/k = 0.0144mK; 
             h =Plank’s constant = 6.62*10-34Js,  
             c= the velocity of light = 3*108 m/sec., 
             k =Boltzmann’s constant = 1.38*10-23JK-1(Prakash, 1996),    
             ? is the central wavelength in meters,  
             T is the radiant temperature at sensor.  
 
     The radiance R emitted from a real surface, however, is less by the factor e (Gillespie et 
al., 1998): 
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                                       R? = e ?B?                                                                     (2.4)    

 

where, B is the blackbody radiance and ? is wavelength ( µ m). Within its 90 meter pixels, 

ASTER integrates radiance emitted from a number of surface elements, potentially having 
different temperatures and composition. The emitted radiance is attenuated during passage 
through the atmosphere, which also emits TIR radiation. Some of this radiation emitted is 
transmitted directly into the scanner, some strikes the ground and is then reflected into the 
scanner. In ASTER TIR pixels, many terrestrial surfaces consist of multi components having 
different emissivity spectra and temperature. ASTER TIR measurements for such complex 
surface are not sufficient to estimate all of the unknowns, instead, it is necessary to determine 
only an effective T and e spectrum for each pixel (Gillespie et al., 1998). 
 
     More complete documentation of TES is available from NASA. The significant advance of 
the TES algorithm is to produce unbiased and precise estimates of emissivities, and therefore, 
improved estimates of land surface temperatures.  
 
     For all materials in ASTER spectral library, 0.94< e max <1.00, therefore, the estimated ki-
netic temperatures should be within ±2K at 273K(Gillespie et al., 1998). 
      
     Minimums and Maximum Difference (MMD) model is used to estimate TES emissivities 
and temperatures (Gillespie et al., 1998): 
 
                    MMD = max (ß b) – min (ß b),                          (2.5) 
 
where, ß b is the spectral wavelength at a band, for ASTER TIR data, b = 10 – 14.  
 
     An empirical relationship predicting e min from MMD is used to convert ß b to e b. A regres-
sion is established using laboratory reflectance and field emissivity spectra. The first step is to 
find the spectral contrast according to equation (2.5). From which the minimum emissivity is 
predicted and used to calculate the TES emissivities. 
 
                    e min = 0.994 – 0.687* MMD*0.737                    (2.6)      
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     However, the actual emissivity contrast in a scene element is much greater than the appar-
ent contrast due only to measurement error. For graybodies (e.g. geology materials), MMD is 
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dominated by measurement error the apparent MMD pro forma, as specified by Monte Carlo 
simulations: 
 
                        MMD’ = [MMD2 - cNE? e2]-1,              c = 1.52                    (2.8) 
 
Where c = 1.52, it is an experiential constant, MMD’ is the corrected contrast, NE? e = 0.0032 
is calculated from NE? T=0.3K at 300K, and the coefficient c was determined empirically. 
Equation (2.8) improves the accuracy of TES for graybodies, but at the expense of precision. 
If MMD<0.03, the loss of precision becomes unacceptable. In this case, MMD’ is not calcu-
lated, and e min is not found from equation (2.6), but instead is set to 0.983, value appropriate 
for water and close to values for vegetation canopies. 
  
     The temperature is calculated from the measured, atmospherically corrected radiances R 
and the maximum value of the TES emissivity spectrum, 
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where b’ is the ASTER band for which emissivity e b’ is maximum (Gillespie et al., 1998). 
 
     When using digital thermal infrared data, it is important to set two internal blackbody ref-
erence temperatures at realistic features. This is accomplished by using a lower and higher 
reference temperature for the two internal blackbodies in the thermal infrared scanner. These 
are then related to digital values ranging from 0 to 255 (in case of Landsat data). Any tem-
peratures above the temperature in higher blackbody pre-set reference temperature will be 
saturated (Zhang, 1997). This means no quantitative temperature analysis can be done, how-
ever, it is not a problem for a simple detection. 
 
     The detection of a coal fire means that a coal fires causes a mixed pixel anomaly that can 
be distinguished from the surroundings. If a coal fire in the thermal remote sensing data can 
be detected, its digital number (DN) should be larger than the background DN plus a constant. 
The background DN can be derived from the statistical average of the remote sensing data. 
The variation of the surface temperature and the heterogeneity can be expressed as the stan-
dard deviation of the thermal remote sensing data. The standard deviation or two time of it 
can be taken as the threshold. 
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2.3.3 Surface temperature related to the coal fires 

 
     Coal fires can cause higher temperature on the land surface than the surrounding back-
ground. The temperature caused by surface coal fires is normally 400°C higher than the back-
ground. The temperature change caused by underground coal fires varies depending on e.g. 
location, measuring time, weather conditions, etc. 
 
     Surface temperatures measured in the coal fire areas in Xinjiang by using a portable infra-
red thermometer indicated that there were three levels of thermal anomalies, (1) low thermal 
anomalies without significant changes in texture and color having surface temperatures of up 
to 20°C higher than the background; 2) medium thermal anomalies with leakage of tarry sub-
stances, haloes of sulphur crystals, micro-cracks, and holes in the surface. They are usually 
20°C to 120°C above the background temperature; and 3) high thermal anomalies above the 
sublimation point of sulphur where salmiac deposition, molten rock, big cracks and collapse 
holes were observed, with the temperatures of about 120°C to 300°C or higher. The highest 
temperatures were typically located at hilltops over active coal fires, apparently because the 
higher topographic elevation ensures a longer chimney system to supply the fire with oxygen. 
The width of individual high-amplitude thermal anomalies usually does not surpass a few me-
ters. (Zhang, 1998; Guan, and Genderen, 1997).  
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Chapter 3 Data acquisition and image 
processing 

3.1 Data acquisition 

 
     As mentioned above, the data used in this study includes three kinds of data, viz. satellite 
images, maps and literature. Satellite images include Landsat7 ETM+ images, ERS SAR im-
ages and ASTER images. Among them, ASTER images were downloaded from the Internet 
by the author; others were obtained from German researchers who took part in the project of 
Environmental Monitoring and Evaluation of Coal Fires in Northern China. Hence, ASTER 
data acquisition will be further elaborated upon in this chapter.      
 
     Maps used in this research include a topographical map of Xinjiang (partly), China, with 
the scale of 1:100,000. It was produced in Russia in 1982. The projection is WGS84, and the 
coordination system is UTM WGS84 system. In order to use it, the map was scanned. It was 
used as a base map for geometric correction and registration of images, due to the absence of 
more accurate topographical data for this research area. Besides, some general geological 
sketch maps of Xinjiang were also used in this research. 
 
     Some literature related to the research area and coal fires were collected as reference for 
this study, such as the project report on GPS surveying (from Germany) and a book on the 
geology investigation of coal fire areas in Northern China (in Chinese), etc.  
 

3.1.1 ASTER data acquisition 

 
     ASTER, Advance Space-borne Thermal Emission and Reflection Radiometer, a satellite 
launched in December 1999 as a part of NASA's Earth Observing System (EOS), is the only 
high spatial resolution instrument on the Terra platform. ASTER will be used to obtain de-
tailed maps of land surface temperature, emissivity, reflectance and elevation, whose goal is 
to obtain a better understanding of the interactions between the biosphere, hydrosphere, litho-
sphere and atmosphere. ASTER's ability to serve as a 'zoom' lens for the other instruments 
will be particularly important for change detection and land surface studies. So that it will be 
particularly advantageous and helpful in the detection and study on coal fires using remote 
sensing techniques. 
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      Key features of ASTER compared to other optical imagers are: (1) spectral data acquisi-
tion with a high spatial resolution of 15 meters in visible and near infrared (VNIR) regions, 
(2) stereoscopic capability in along track direction, (3) high spectral resolution in short wave 
infrared (SWIR) region, and (4) high spectral and spatial resolutions in thermal infrared (TIR) 
region. The radiometric resolution for the low level input radiance is specified, though it is 
not included in the user requirements. A decrease in photon noise for the low level input radi-
ance is taken into account. The total noise is expected to decrease down to 70% for VNIR 
bands and 80% for SWIR bands compared to the noise of the high input radiance in this 
specification. For TIR bands, the low input radiance is specified as 2. 5 K or 1. 5K depending 
on bands by considering that the required accuracy is 3K, and the input radiance for bands 10-
12 is very low for 200 K blackbody target. Table 3.1 shows the measured radiometric sensi-
tivities with the specified values for the high and low level input radiances which are defined 
by signal to noise ratio (S/N) for VNIR and SWIR subsystems and noise equivalent tempera-
ture difference (NE_T) for TIR subsystem. The excellent radiometric performance of ASTER 
can be expected based on the preflight evaluation of PFM on the ground. 

 
Table 3.1 Radiometric sensitivity 

 
 

     There are two processing level of ASTER data products that ASTER Ground Data System 
(GDS) produces and provides: Level-1 and Level-2. The ASTER instrument has two types of 
Level-1 data, Level-1A and Level-1B data. Each group of data are divided into scenes of 60 
km in the along-track direction but includes more than 3 km of data to provide an overlap of 5 
% with neighboring scenes except for backward stereo band 3B. For band 3B the scene size is 
81 km, including an additional overlap of 6 km to compensate for the terrain error contribu-
tion and a scene rotation for a large cross-track pointing. The details of ASTER Level-1 data 
will be introduced because they are mainly used in this study.  
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(1) Level-1A (Reconstructed, Unprocessed Instrument Data) 
     The ASTER Level 1A raw data are reconstructed, unprocessed instrument digital counts 
with ground resolution of 15 m, 30 m, and 90 m for 3 visible and near infrared (VNIR), 6 
short wavelength infrared (SWIR) and 5 thermal infrared (TIR) data, the contiguous electro-
magnetic spectra range of 0.52-0.86 µ m, 1.60-2.43 µ m and 8.13-11.65 µ m, respectively 

(ASTER User’s Guide, 2001). This product contains depacketized, demultiplexed, and re-
aligned instrument image data with geometric correction coefficients and radiometric calibra-
tion coefficients appended but not applied. This includes correcting for SWIR parallax as well 
as registration within and between telescopes. The spacecraft ancillary and instrument engi-
neering data are also included. The radiometric calibration coefficients consisting of offset 
and sensitivity information is generated from a database for all detectors. The geometric cor-
rection is the coordinate transformation for band-to-band coregistration.   
The Level 1A data product consists of the image data, the radiometric coefficients, the geo-
location data, and the auxiliary data. For VNIR, SWIR and TIR images, the sizes of each 
scene are 4100*4200, 2048*2100, and 700*700 pixels, respectively. 
 
(2) Level-1B (Registered Radiance at Sensor) 
     The Level 1B product contains radiometrically calibrated and geometrically coregistered 
data for all ASTER channels. The product is created by applying the radiometric and geomet-
ric coefficients to the Level 1A data. The bands have been coregistered both between and 
within telescopes, and the data have been resampled to apply the geometric corrections. As 
for the Level 1A product, these Level 1B radiances are generated at 15m, 30m, and 90m reso-
lutions corresponding to the VNIR, SWIR, and TIR channels, and the sizes of each scene are 
4980*4200, 2490*2100, and 830*700 pixels, respectively. 
 

3.1.2 Procedure of downloading ASTER data  

 
     ASTER data is free for use, which can be downloaded from the Internet. There are two ad-
dresses (http://asterweb.jpl.nasa.gov/ , or http://edcimswww.cr.usgs.gov/pub/imswelcome/) 
can be entered to order ASTER data. There are three types of data provided to users, level 1A, 
level 1B, and level 2 data, displayed as the following Table 3.2.   
 
         The raw ASTER data downloaded from Internet is transmitted by File Transfer Proto-
col(FTP). It has to be transformed into an image file. The main steps of transformation of 
ASTER raw data using ENVI 3.4 are presented as following: 
 

(1) Open the ASTER raw data by selecting File/Open External File/Generic For-
mats/HDF, the HDF Dataset Selection dialog opens. 
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(2) Select the image data from the HDF Dataset Selection window, total 15 bands, the 
Available Bands List dialog opens. 

(3) Select the first band data from the Available Bands List dialog, and then click the 
Load Band button, the related band data is shown on the view window. 

(4) Select File/Save Files As/ERDAS (.lan) File from ENVI menu bar, Output to ERDAS 
Input Filename dialog opens. Be careful, the arrow button in this window has to be 
clicked in order to arrange the order of data as the same as it in Available Bands List 
dialog. 

(5) Select the band data loaded, Output File to ERDAS dialog opens. The directory and 
output file name has to be entered, the format of output file is defaulted as .lan. 

      (6) Repeat the procedure from step (3) to step (5) till all band data are transformed into 
ERDAS compatible files. 
 

Table 3.2 ASTER data product list  

 
 

        
3.2 Description of ASTER data sets 

 
     The ASTER data range of latitude and longitude was selected according to the location of 
research area, whose coordinate of center point is N 43°07’ and E 88°12’. There are seven sets 
of ASTER data downloaded for using in this study, five sets are level 1A data and 2 sets are 
level 1B data (Table 3.3). The data acquisition time is limited, hence, there is no nighttime 
data. However, some data sets acquired in winter season, such as data 007, 013, and 135, can 
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be used and compared to others. Thus, the multi-temporal detection and analysis can be car-
ried out. 

 
Table 3.3 ASTER data sets      
Number Data 

Sets 
Level Date Local Time Quality Clouds 

1 007 Level 1A 2000-12-15 13:20:12 High Yes 
2 008 Level 1A 2001-05-24 12:17:06 High No 
3 013 Level 1A 2000-11-04 13:27:05 High No 
4 030 Level 1A 2001-09-04 12:20:36 High No 
5 037 Level 1A 2000-10-12 12:21:33 High No 
6 135 Level 1B 2000-11-29 13:20:27 Middle Yes 
7 173 Level 1B 2001-08-19 12:21:18 High No 

 

3.3 Image processing 

 
     The goal of image processing is to facilitate image interpretation and feature extraction. 
Image processing described here mainly focuses on geometric correction, image enhancement 
(spatial, radiometric and spectral enhancement), band combination (color composite), image 
filtering, contrast stretching, etc. These image-processing techniques are vital for detecting 
and/or interpreting the land surface characteristics from the images. The flow chart of image 
processing is shown in Figure 3.1. 
 

3.3.1 Geometric correction and registration 

 
3.3.1.1 Introduction 
 
     Geometric correction and registration of remote sensing imagery is primarily important for 
producing scaled maps, for the fusion of multi-sensed and/or multi-temporal data, for inte-
grating the remote sensing data into a geographical information system, and for proper inter-
pretation of information for a specific purpose, such as detection of coal fires.  
 
     Image geometric correction is the process of projecting the data onto a plane and making it 
conform to a map projection system. Assigning map coordinates to the image data is called 
georeferencing. Since all map projection systems are associated with map coordinates, geo-
metric correction involves georeferencing. This operation aimed to correct geometric distor-
tion in raw image data. Raw digital images usually contain geometric distortions so signifi-
cant that they cannot be used directly as a map base without subsequent processing.  
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   Figure 3.1 Flow chart of image processing 
 
                  
     Registration is for accurate positioning of images relative to a unique coordinate system. 
This is vital for multi-sensed and/or multi-temporal image data used in detecting or monitor-
ing operations. These different images have to be precisely overlaid sequential data of the 
same area. In this study, the multi-sensed and multi-temporal image data were registered to 
the topographical map.      
     
     There are several ways of distortions that can occur in a remote sensing image. These dis-
tortions can be classified into systematic and non-systematic distortions. The causes and cor-
rection of these distortions have been reviewed in literature on image processing. Here, only 
the method and procedure adopted in this study for image geometric correction and registra-
tion are discussed. 
 

Scanning Pre-processing Pre-processing 

ASTER Images Landsat7 
ETM+ Images 

Geometric Correction Geometric Correction 

Registration 

Image Enhancement 

Topographi-
cal Map 
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3.3.1.2 Approach 
 
     In this study, ERDAS Imagine was used as a software tool for geometric correction and 
registration of images. The data used for geometric correction and registration includes Land-
sat7 ETM+ images (band1 to band 7, and panchromatic image), ASTER images (band1 to 
band 14), and the scanned topographical map. 
 
      In absence of field control points and other options, the scanned topographical map, with 
a scale of 1:100,000, served as the base map, which had been georeferenced to the UTM 
WGS 84 coordinate system. All other data were rectified and registered according to it.  
 
     Because it is difficult for the geometric correction from image to the scanned topographi-
cal map, Landsat7 TM panchromatic image, with high resolution of 15m, was firstly rectified. 
After that, other images were rectified using the Landsat7 ETM+ panchromatic image as the 
master image. 
 
     Digital image-to-image rectification basically uses the technique of coordinate transforma-
tion. Geometric distortions are corrected by analyzing well-distributed ground control points 
(GCPs) occurring in two images, respectively. Some distinct features that might make good 
control points were selected as GCPs. The coordinate transformation equations can be ex-
pressed as the following (Lillesand and Kiefer, 2000), 
 
                                     x = f1 (X,Y),           y = f2 (X,Y)                          (3.1) 
 
where, (x,y)   = distorted image  coordinates 
           (X,Y) = correct coordinates 
            f1, f2   = transformation functions  
 
     In ERDAS, there are six geometric correction models provided, among them, a polynomial 
transformation model was used in image-to-image rectification for this study. 
   
     A second order polynomial transformation was selected. The root mean square error 
(RMS) is calculated and displayed automatically by ERDAS, 
 
X: The X value of the RMS error. 
Y: The Y value of the RMS error. 
Total: The total value of the RMS error. 
     
     The minimum number of GCPs can be calculated according to the following equation: 
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                                             N = (t + 1)(t +2) / 2                                            (3.2) 
 
where, t = polynomial transformation parameter, here t = 2, hence, the minimum number of 
GCPs equals 6. Six control points, however, may not be sufficient for a scene. In this study, 
12 to 14 control points were used. 
 
     Great care was taken in selecting the GCPs and efforts were made to keep the root mean 
square (RMS) error to a minimum in order to achieve the best fitting and desired sub-pixel 
accuracy of registration. Considering the spatial resolution of ASTER and Landsat7 ETM+ 
images, all GCPs’ RMS errors are less than 1.0 pixel, Figure 3.4 shows a sample of GCPs  
results.  
                                              
Table 3.4 The results of GCPs 

 
 
3.3.1.3 Registration 
  
     In many cases, images of one area that are collected from different sources must be used 
together. To be able to compare separate images pixel by pixel, the pixel grids of each image 
must conform to the other images in the database. The tools for rectifying image data are used 
to transform disparate images to the same coordinate system. Image-to-image registration in-
volves georeferencing only if the reference image is already georeferenced. Registration is the 
process of making an image conform to another image. After the geometric correction for all 
images, registration can be carried out because images have been georeferenced into a unique 
coordinate system. Figure 3.2 shows an example of registration of five ASTER images and a 
Landsat7 ETM+ image.    
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Figure 3.2 The overlay of five rectified ASTER images (007,008,173,013,037) registered with a 
Landsat7 ETM+ image together. The square marked area is the study area (unit: km). 
 

3.3.2 Image enhancement 

 

     Image enhancement is the process of making an image more interpretable for a particular 
application (Faust, 1989). Enhancement makes important features of raw, remotely sensed 
data more interpretable to the human eye. Enhancement techniques are often used instead of 
classification techniques for feature extraction—studying and locating areas and objects on 
the ground and deriving useful information from images. The techniques to be used in image 
enhancement depend upon: 
Your data—You must know the parameters of the bands being used before performing any 
enhancement. 
Your objective—You must have a clear idea of the final product desired before enhancement 
is performed. 
Your expectations—what you think you are going to find. 
Your background—your experience in performing enhancement. 
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     Normally, image enhancement involves techniques for increasing the visual distinctions 
between features in a scene. The objective is to create “new” images from the original image 
data in order to increase the amount of information that can be visually interpreted from the 
data. The enhanced images can be displayed interactively on a monitor or they can be re-
corded in a hardcopy format. There are no simple rules for producing the single best image for 
a particular application. Often several enhancements made from the same raw image are nec-
essary.  
 
     ERDAS provides three functions for image enhancement, spatial enhancement, radiomet-
ric enhancement, and spectral enhancement. The first two are further discussed below. 
 
3.3.2.1 Spatial enhancement  
 
     As previously mentioned, the goal of image enhancement is to improve the visual inter-
pretability of imagery. The process of visually interpreting digitally enhanced imagery at-
tempts to optimize the complementary abilities of the human mind and computer. The mind is 
excellent at interpreting spatial attributes on an image and is capable of selectivity identifying 
obscure or subtle features.  
 
     Spatial enhancement functions will enhance images based on the values of individual and 
surrounding pixels, which includes following, 
 
(1) Convolution?  Use a matrix to average small sets of pixels across an image; 
(2) Non-directional edge?  Average the results from two orthogonal 1st derivative edge de-
tectors;  
(3) Focal analysis?  Enable you to perform one of several analyses on class values in an im-
age file using a process similar to convolution filtering; 
(4) Texture?  Define texture as a quantitative characteristic in an image;  
(5) Adaptive filter?  Vary the contrast stretch for each pixel depending upon the DN values in 
the surrounding moving window;  
(6) Statistical filter?  Produce the pixel output DN by averaging pixels within a moving win-
dow that fall within a statistically defined range;  
(7) Resolution merge?  Merge imagery of differing spatial resolutions;  

(8) Crisp?  Sharpen the overall scene luminance without distorting the thematic content 
of the image. 

 
     Some of those functions can help to improve the visual interpretability, such as focal 
analysis, adaptive filter, statistical filter, but some cannot. Figure 3.3 shows some examples of 
spatial enhancement functions. The features of coal area (dark spots) are clearer after en-
hancement using an adaptive filter, focal analysis, and statistical filtering techniques.  
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Figure 3.3 The results of spatial enhancement, (a) original Landsat7 ETM+ image, (b) Adaptive 
filter enhancement, (c) Focal analysis enhancement, (d) Statistical filter enhancement. 
      
     From Figure 3.3, for spatial enhancement, adaptive filter enhancement is the best to be 
used in the image interpretation because the contrast and edge of features are appropriate and 
clear, respectively.  
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3.3.2.2 Radiometric enhancement 
 
     Radiometric enhancement functions enhance the image using the values of individual pix-
els within each band. These functions involve, 
 
(1) LUT (Lookup Table) stretch?  Create an output image that contains the data values as 
modified by a lookup table; 
(2) Histogram equalization?  Redistribute pixel values with a nonlinear contrast stretch so 
that there are approximately the same number of pixels with each value within a range; 
(3) Histogram match?  Mathematically determines a lookup table that converts the histogram 
of one image to resemble the histogram of another; 
(4) Brightness inversion?  Allow both linear and nonlinear reversal of the image intensity 
range; 
(5) Haze reduction?  Reduce the effect of haze; 
(6) Noise reduction?  Remove noise using an adaptive filter;  
(7) Destripe TM data?  Remove striping from a raw image data.  
 
     Among them, functions as histogram equalization, noise reduction, and haze reduction 
were continually used for every raw ASTER image. There is an interesting case occurred dur-
ing operating brightness inversion for a ASTER imagery, some sites of coal fire areas poten-
tially selected are distinctly shown as bright spots, however, the shadows are shown as light 
yellow colour. But on the original image, the shadows are displayed the same as coal fire ar-
eas as black colour. Some results of radiometric enhancement are shown in Figure 3.4. As 
mentioned above, there is no simple “best” way of enhancement, for example, image (c), (d), 
(e) in Figure 3.4 are better for image interpretation, these images were enhanced using noise 
reduction, LUT stretch and haze reduction respectively, and subsequently histogram equal-
ized. After comparing these enhancement results, the LUT stretch image is best for the detec-
tion of coal mines and coal seams, which are clearly shown as dark areas. 
 
     Meanwhile, on the screen the stereo display generated from band3 nadir and backward im-
ages is also used for the interpretation. From the display (shown in Figure 3.5), the geological 
structure, such as folds, faults and strata, and geomorphology are effectively interpreted. 
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Figure 3.4 The results of radiometric enhancement. (a) original ASTER image, (b) enhancement 
of histogram equalization, (c) enhancement of noise reduction, (d) enhancement of LUT 
stretch, (e) enhancement of haze reduction, and (f) enhancement of brightness inversion. 
 

 
Figure 3.5 The stereo display of study area.  
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     Image enhancement techniques are also applied to the Landsat7 ETM+ band 6 image. 
However, for the nighttime band6 image, the original one is better than enhanced one for the 
detection of thermal anomalies due to the very subtle changes caused by these thermal anoma-
lies, which disappear when the image is enhanced (e.g. histogram equalized). The band6 
nighttime data and the sub-images created based on the interpretation of the potential coal fire 
areas are shown in Figure 3.6 and3.7. 

 
Figure 3.6 Landsat7 ETM+ band 6 nighttime image, (a) low gain, (b) high gain.    
 

 
Figure 3.7 The image enhanced sub-images of Landsat7 ETM+ band 6 nighttime low and high 
gain data.    
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Chapter 4 Feature extraction and image fusion 

4.1 Feature extraction  

              
     Image classification can be performed through three kinds of modes: spatial pattern recog-
nition, spectral pattern recognition, and temporal pattern recognition. Spatial pattern recogni-
tion involves the categorization of image pixels on the basis of their spatial relationship with 
pixels surrounding them, such as image texture, pixel proximity, feature size shape, direction-
ality, repetition, and context will be considered in this procedure. These types of classification 
help to make the spatial synthesis done by human analyst during the visual interpretation 
process. Spectral pattern recognition refers to use pixel-by-pixel spectral information as the 
basis for land cover classification. Temporal pattern recognition uses time as an aid in feature 
identification. In fact, these three procedures, as image classifiers, are mostly used in a hybrid 
mode. For example, during the feature extraction of coal fires, not only the spatial patterns are 
recognized, such as location, size, texture, and potential directionality, but also the spectral 
recognition is incorporated during the detection of thermal anomalies with the help of DN 
value analysis of thermal data.  
 
     In this study, only features related to coal fires and some major objects, such as rivers and 
roads, are extracted. Normally, multispectral data are used to perform the classification, and 
the spectral pattern present within the data each pixel is used as the numerical basis for cate-
gorization. Different feature types manifest different combinations of DNs based on their in-
herent spectral reflectance and emittance properties (Lillesand and Kiefer, 2000).  
 
     Typically, the DNs constituting a digital image are recorded over such numerical ranges as 
0 to 255, 0 to 511, 0 to 1023, or higher. These ranges represent the set of integers that can be 
recorded using computer coding scales, respectively (That is, 28=256,29=512, …… , 212=4096 
).  For example, DNs in Landsat7 ETM+ data are recorded in the range of 0 to 255, DNs in 
ASTER VNIR, SWIR data are recorded in the range of 0 to 255, and TIR data in the range of 
0 to 4095.  
 
     The use of computer-assisted analysis techniques permits the spectral patterns in remote sensing 
data to be more fully examined. It also permits the data analysis process to be largely automated, pro-
viding cost advantages over visual interpretation techniques. However, just as humans are somewhat 
limited in their ability to interpret spectral patterns, computers are somewhat limited in their ability to 
evaluate spatial patterns (Lillesand and Kiefer, 2000). Therefore, the combination approach of 
visual and numerical techniques will be used in this study for image interpretation.  
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     An image contains a detailed record of features on the ground at the time of data acquisi-
tion. The exact characteristics useful for any specific task and the manner in which they are 
considered depend on the field of application. However, most applications consider the fol-
lowing basic characteristics, or variations of them: shapes, sizes, patterns, tones (or colour), 
textures, shadows, sites, association, and resolution (Olson, 1960). The process of conver-
gence of evidence used in image interpretation will successfully increase the accuracy and de-
tail of the interpretation.  
 
     The image interpretation process can often be facilitated through the use of image interpre-
tation keys, which provide useful reference and help interpreters evaluate the information pre-
sented on the images in an organized and consistent manner. It provides guidance about the 
correct identification of features or conditions on the images. Two general types of image in-
terpretation keys exist, differentiated by the methods of diagnostic features. A selective key 
contains numerous example images with supporting text. The interpreter selects the example 
that most nearly resembles the feature or conditions found on the image under study. An 
elimination key is arranged so that the interpretation proceeds step by step from the general to 
the specific and leads to the elimination of all features or conditions except the one being 
identified (Lillesand and Kiefer, 2000). A combination method of the selective key and the 
elimination key is used in this study. The method will be discussed in chapter 4.3. 
      
     During the image interpretation, the linear features as narrow as a few meters can be seen 
on images due to the reflectance contrasting sharply with that of their surroundings, such as 
folds, faults, drainage network, and roads. On the other hand, some objects much larger than 
the ground resolution pixel size may not be apparent if they have a very low reflectance con-
trast with their surroundings. Features may be visible in one band but not in another, or they 
may be shown in different colors in different modes of band combinations. These can all be 
used to interpret the features related to specific applications.  
 
     Image enhancement techniques not only enhance the data but also improve the efficiency 
of classification operations. Images used in feature extraction here all are enhanced to make 
the image interpretation easier. For ASTER data, the VNIR data, with the high resolution of 
15 meters, have some advantage in the image interpretation, especially, band 3 nadir and 
backward looking image provide a stereo viewing capability, which is very helpful in feature 
extraction and image interpretation. An increase in the number of bands in the SWIR region 
from band 4 to 9 will enhance the surface lithologic mapping capability. The addition of 5 
spectral bands in TIR spectral region can help to derive accurate surface temperatures and 
emissivities. Improved radiometric resolutions and accuracies are required to enhance inter-
pretation. Hence, ASTER data, as an important data source, are firstly used in the feature ex-
traction and the image interpretation. 
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4.2 Image interpretation of geology, geomorphology, drainage 
network and infrastructure  

 
     The precondition to detect the area of coal fires is to detect the area of coal seams, which is 
especially related to the geological features. Besides, the features of coal fires can also be in-
terpreted after analyzing the geological structures and rock features. Hence, the first step of 
feature extraction is on geology. 
      
     The optical band images of Landsat7 ETM+ and ASTER, with high spatial resolution, can 
be used to study coal fire areas. These images can enhance the data to highlight the major ar-
eas of burnt caprock and geological structural features with the help of suitable image proc-
essing techniques. Especially, ASTER visible band data, with the high resolution of 15 m and 
stereo mode, is more useful during image interpretation and feature extraction. For example, 
in this study area, ASTER VNIR data was stereo displayed on the computer screen or hard 
copy map, and features related to the geology, geomorphology and major objects on the 
ground can be seen clearly. Even a subsidence area can be detected in one of roughly expected 
coal fire areas by means of stereo display on the screen where the area of interest can be 
enlarged. Many band combinations were tried to produce color composites from the Landsat7 
ETM+ and ASTER data. The best view results for geological interpretation were the combi-
nations of TM bands 6,5,4 (Genderen and Guan et al., 1997), and ASTER bands 3,2,1, allo-
cated to red, green and blue respectively. In the view of that combination, the different colors 
of rocks can generally show the different types of rock. 
 
     Feature extraction of geology mainly involves the identification of rock types and rock 
structures (folds, faults, fractures). The satellite images provide the advantage of large area or 
synoptic coverage and the ability to analyze multispectral bands quantitatively in terms of 
DNs, which permits the application of computer processing and enhance certain composi-
tional properties of earth materials. There is an obvious syncline in the study area, and the 
folded rock layers dip inward from both sides toward the axis of it. The syncline axis is di-
rected from west to east. The coal seams are partly surface exposed both south and north of 
the synclinal axis. The coal seams are mainly distributed within the folds and buckles.  
 
     Various terrain characteristics are important for terrain evaluation because the terrain con-
ditions are contributing factors that affect the spontaneous combustion of coal. The principal 
terrain characteristics that can be estimated by means of visual image interpretation are bed-
rock type, landform, dip and strike, soil texture, local drainage conditions, etc. For example, 
the direction and gradient of the folded strata can be interpreted and estimated by means of 
the stereo viewing of ASTER data and assist to detect potential coal fire areas. Besides, loca-
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tion of mines, coal dumps, the roads and other important infrastructure have to be interpreted 
for a better understanding the local conditions.  
 
     Image interpretation for geomorphological identification and evaluation is based on a sys-
tematic observation and evaluation of key elements, such as topography, drainage pattern and 
texture, erosion, image tone, vegetation and land use. For ASTER VNIR images, the drain-
ages and roads can be seen clearly due to the high resolution. The drainage network, roads, 
railroads, can be extracted from the image with the help of the scanned topographical map. 
The key elements, such as mountain areas, piedmont areas, alluvial fans, alluvial plains, and 
urban area can also be identified with the help of an anaglyph and the scanned topographical 
map.  
 
     The result of feature extraction for geology, geomorphology, drainage network and roads 
are shown in Figure 4.1. It indicates that there is drainage network located on the alluvial fan 
area. There is little vegetation in the study area, in that case, the atmosphere there would be 
dryer and the solar heating is relatively large. This can contribute to the spontaneous combus-
tion of coal. 
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Figure 4.1 (a) ASTER image of study area used for the feature extraction.  
 

 
Figure 4.1 (b) Feature extraction of geological map of study area. 
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4.3 Feature properties of coal fires 

 
     Detection of coal fires aims to distinguish the characteristics of the coal fires from the sur-
roundings. Remote sensing data acquired in the visible, near infrared and short wave region of 
the electromagnetic spectrum sometimes can be used for the detection of the reflectance and 
radiance characteristics caused by the coal fires (Reddy et al., 1993). 
     Some feature changes caused by coal fires can be directly or indirectly detected by remote 
sensing data. In coal fire areas, the materials on the land surface can roughly be classified into 
two groups, one is the material unaffected by the coal fires, such as the original formations, 
soil and vegetation; the other is the material affected by coal fires, such as the burnt rocks, 
cracks, subsidence, ashes, etc. Pyro-metamorphic rocks are the rocks metamorphosed by the 
heat coming from the adjacent combustion of the coal seams. The changes of heating are dif-
ferent and are depending on the distance from the coal fires.  
 
     Burnt rock is a general term used in coal fire areas, which describes the thermally meta-
morphosed rocks originating from heating of the overlying rocks by burning of coal seams. 
Burnt rocks can be classified according to characteristics, such as color, texture, structure and 
their metamorphic temperatures (Guan,1963). Some baked rock still keeps its original texture 
under a relative low temperature (340-800°C), but change its color because of dehydration 
and oxidation. Porcelanite is a kind of pyro-metamorphic rock that is formed after the original 
rock is heated under a medium temperature (600-1400 °C). The rock became very hard and 
formed a ceramic texture. The color of the original rock has been greatly changed. Molten 
rock is a kind of pyro-metamorphic rock that is formed after the original rock heated under 
high temperatures (1500-2000 °C), commonly distributed in the burnt center or near coal 
seams. The granulated minerals in the rocks smelted to form a kind of black lava (Zhang et 
al., 2000). The original rocks commonly have dark color and low moisture content. When 
rock heated by a coal fire at a temperature of 340-800°C, it will induce dehydration and oxi-
dation. Oxidation changes gray, green color rocks to yellow, orange, red or brown color rocks. 
At the first phase of this stage, rocks are becoming dry and turn into yellow color. At the sec-
ond phase of this stage, with an increasing amount of heat received the rock becomes purple, 
brick red or brown. With the temperature continually increasing, the rock will be changing 
from iron minerals to hematite. 
 
     The thermal infrared image of the remote sensing data provides a data source for the detec-
tion of the thermal anomalies caused by coal fires. The thermal infrared data from Landsat 
TM have been used for coal fire detection (Mansor et al., 1994; Sarf et al., 1995; Prakash et 
al., 1995; Zhang et al., 1995). In this study, the thermal band data from Landsat7 ETM+ and 
ASTER are used to provide the direct indicators in the detection process of the thermal 
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anomalies of the coal fires. The data provide information about the temperature of surface 
materials. 
 
     For the thermal infrared, various times of the day can be utilized in data acquisition. Many 
factors influence the selection of an optimum time for acquiring thermal infrared data. Image 
analysis must be taken into consideration the effects of diurnal temperature variation.  
             
     Comparing to biomaterial fires, coal fires are much more stable and have lower tempera-
tures and smaller sized areas (Robinson, 1991). Solar heating is a main factor in the natural 
heating process. During the day time, the surface temperatures increase and make the detec-
tion of coal fires difficult. The variations of the surface temperatures caused both by topogra-
phy or by surface heterogeneity make coal fire detection difficult. The thermal anomalies can 
only be detected from the remote sensing data when the temperatures of coal fires are high 
enough. Also the spatial resolution of the sensor limits the capability for the detection of coal 
fires. 
 
      DN (digital number) values are the indicators of material radiation on the ground surface. 
If a coal fire can be detected in the thermal remote sensing data, its DN values should be lar-
ger than background DN values plus a constant. The background DNs can be derived from the 
statistical average of the remote sensing data. The variation of the surface temperature and the 
heterogeneity can be expressed as the standard deviation (s ) of the thermal remote sensing 
data. A simple way to select the constant is the trial and error method in the known fire area 
(Saraf et al., 1995). The standard deviation or two times of standard deviation can be taken as 
the constant. However, for the whole area of an image, the factors of topography and hetero-
geneity are too different to recognize the thermal anomalies accurately; besides, the environ-
mental noise (differential heating due to sun-slope exposure) may be large and also negatively 
affect possible detection.  
      
     In this study, a combination method of selective keys and elimination keys are used for the 
general interpretation of coalfields and coal fires. Firstly, some potential coal fire areas (36 
sites) were selected on ASTER data (Figure 4.2) having the following criteria: 
 

(1) The coal mine entrances are scattered along the coal bearing layers both at the south 
and north side of the synclinal axis; 

(2) The dark areas on VNIR image are the potential coal mining areas. In the lower part 
of the image, there are also three dark areas, one of them (part A in Figure 4.2) is rec-
ognized as cloudy shadow because it does not exist in other ASTER VNIR images 
and Landsat7 ETM+ visible image; part B in Figure 4.2 may be a distribution area for 
further coal transportation because it is along to a railway line (according to the topog-
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raphic map); part C in Figure 4.2 is a shadow caused by a very narrow and deep ra-
vine, which can be interpreted clearly on the stereo model prepared consisting of AS-
TER band 3 nadir and backward looking data;   

(3) The selected areas locate either at the bottom of slopes or in the strike area;    
(4) GPS data acquired in the field (shown as black colour point cluster in Figure 4.2); 
(5) Literature on the introduction of this study area and the report on general geology.   

 
     Figure 4.2 shows the selected potential coal mining areas (magenta polygons), the black 
point clusters are GPS locations of actual coal fire areas, and the yellow boundary indicates 
the research area. 
 

 
Figure 4.2 Potential coal mining areas extracted from an ASTER visual image. 
 

4.4 Calculating temperatures from Landsat7 ETM+ and ASTER TIR 
data 

 
     Thermal anomalies are a result of coal fires. These anomalies are expressed on the image 
as higher DN values, on the land surface they indicate higher temperatures compared to the 
surroundings. However, the ability for the detection of thermal anomalies using space-borne 
thermal remote sensors is very much depending on the coal fire conditions, e.g. surface ex-
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posed fires or deep seated coal fires, with only cracks at the surface. From the introduction on 
temperature calculation in Chapter 2 temperatures are related to radiances, spectral ranges, 
and emissivities. Generally, the emissivity changes are in the range of 0.7 to 1.0 according to 
different materials, for most natural materials the emissivity value is between 0.8-1.0. For 
sandstone and burnt rocks, the emissivity can be selected as 0.95 (Prakash, 1995). For the dif-
ferent sensors the methods of temperature calculation are different as well. The methods of 
temperature calculation from Landsat7 ETM+ data and ASTER data are discussed below. 
 

4.4.1 Method of temperature calculation from Landsat7 ETM+ band 6 data 

 
     For Landsat7 ETM+ band 6, during 1G product rendering image pixels are converted to 
units of absolute radiance using 32 bit float point calculations. Pixel values are then scaled to 
byte values prior to media output. In addition to normally observed saturation (i.e. 0, 255) two 
other types of detector saturation can occur. An analog to digital converter may saturate below 
255 counts at the high end, or above 0 at the low end. The detector saturation parameters 
identify these levels for each detector. The analog electronic chain may saturate at a radiance 
corresponding to a level below 255 counts and above 0 counts on the low end. The detector 
saturation parameters also identify these levels for each detector. 
 
     Some researchers have already used Landsat TM band 6 for estimating the surface tem-
perature (Gupta, 1991, Kahle, 1980, Mansor et al., 1994, Saraf et al., 1995, Prakash et al., 
1997, and Zhang et al., 1997). The methods of temperature calculation from Landsat7 ETM+ 
band 6 are according to their research results. The approach of calculation is briefly divided 
into three steps: 
 
(1) Converting image DN values to spectral radiance 
      
     The DN values can be converted back to radiance units using the following equation: 
 
                                       Radiance = gain*DN + offset                                          (4.1)        
 
The radiance is also expressed as 

                                       minmin
minmax

minmax )(* LQQ
QQ
LL

L calcal
calcal

+−
−
−

=λ        (4.2)        

 
where: L? = spectral radiance in watts/(meter squared*ster*µm), 
            Q calmin = 0, 
            Q calmax = 255, 
            Qcal      = Digital Number. 
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The Lmin and Lmax are the spectral radiances for each band at digital numbers 1 to 255, respec-
tively. It is a representation of how the output Landsat7 ETM+ Level 1G data products are 
scaled in radiance units. The Lmin and Lmax correspond to the radiance at the minimum and 
maximum quantized and calibrated data digital number (Qcalmin = 0, Q calmax = 255), respec-
tively. Two sets of Lmin and Lmax are listed in Table 4.1. The first set should be used for 1G 
products created before July 1, 2000 and the second set for 1G products created after July 1, 
2000. For band 6 data, they are not changed.  
 
Table 4.1 Two sets of Lmin and Lmax of Landsat7 ETM+ 1G data. 

Low gain High gain  
Lmin Lmax Lmin Lmax 

Before July 1,2000 0.0 17.04 3.2 12.65 
After July 1,2000 0.0 17.04 3.2 12.65 

 
     The calibration of band 6 data has been analyzed by two of the Landsat7 Science Team 
investigators using vicarious calibration methods. The results of the vicarious calibration in-
dicate that though the instrument may be quite stable, there is a consistent bias of about 0.31 
W/(m2 .sr.µm) in the absolute calibration. This bias is not neglectable in the conversion of 
temperature. This value has to be subtracted after the conversion (Landsat7 Program Report 
for FY 2000, 2000). 
 
     It should be noted that Landsat7 ETM+ images are acquired in either low or high gain 
state. Gain selection is controlled by the Mission Operations Center (MOC) and is performed 
by changing the reference voltage for the analog to digital convertor. The science goal in 
switching gain states is to maximize the instrument's 8-bit radiometric resolution without 
saturating the detectors. This requires matching the gain state for a given scene to the ex-
pected brightness conditions. For all bands, the low gain dynamic range is approximately 1.5 
times the high gain dynamic range. It makes sense, therefore, to image in low gain mode 
when surface brightness is high and in high gain mode when surface brightness is lower. Ta-
ble 4.2 lists the target/specification minimum saturation levels for all bands in both the low 
and high gain states. 
               
Table 4.2 Landsat7 ETM+ Dynamic Range watts / (m2 * sr * µm) 
 Low Gain High Gain 
Band Minimum Saturation Level Minimum Saturation Level 
1 285.7 190.0 
2 291.3 193.7 
3 225.0 149.6 
4 225.0 149.6 
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5 47.3 31.5 
6 17.21 12.78 
7 16.7 11.10 
8 235.0 15.63 
 
      In this study, the Landsat7 ETM+ data was created in 1999, hence, for the low gain band 6 
data, the equation (4.2) can be converted to  
  

                         31.0*10*682.631.00*
255

004.17 2 −=−+





 −

= − DNDNL lλ                  (4.3)       

 
and for the high gain band 6 data, the equation (4.2) can be converted to 
 

                   89.2*10*706.331.02.3*
255

2.365.12 2 +=−+





 −

= − DNDNL hλ                  (4.3)’       

 
We can get the relation curve of DNs and radiance by radiance calclation according to equa-
tion (4.3) and (4.3)’, the calculation is shown in Table 4.3, and the curve is illustrated in Fig-
ure 4.3. 
 

Relation Curve of DNs and Radiance
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Figure 4.3 The relation curve of DNs and radiance from Landsat7 ETM+ band6 low and high 
gain data. 
   
(2) Converting the spectral radiance to radiant temperature 
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     For Landsat7 ETM+ band 6 data, the radiant temperature can be converted from spectra 
radiance according to Planck’s radiation equation, which expresses the relation between the 
spectral radiance and the radiant temperature: 
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      The radiant temperature can be converted as the following equation: 
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where, C1 and C2 are constant, and 
            C1 = 2phc2=3.742*10-16Wm2,  
            C2 = hc/k = 0.0144mK (mentioned in Chapter2); 
             ? is the central wavelength in meters, e is the emissivity of the object, for the ground 
materials, a constant e = 0.97 was used in this study.  
 
     The radiant temperature, or brightness temperature, is named the effective at-satellite tem-
perature of the viewed Earth-atmosphere system under an assumption of unity emissivity (e 
=1) and using pre-launch calibration constants listed below. The conversion formula is: 
 

                                               









+

=
1ln 1

2

λL
K

K
TR                                                (4.6) 

 
where, TR= effective at-satellite temperature in Kelvin, 
L?= spectral radiance in watts/(m2.sr.µm), 
K1=calibration constant 1, for Landsat7 ETM+ sensor, K1=666.09watts/(m2.sr.µm), 
K2=calibration constant 2, for Landsat7 ETM+ sensor, K2=1282.71 degree Kelvin (URL-2, 
2001). 
 
     Hence, the equation (4.6) can be changed as the following equation: 
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(3) Changing the radiant temperature to the surface temperature 
 
     The radiant temperature, or the brightness temperature, can be changed into the kinetic or 
true temperature of the surface according to the formula below:  
 

                                    KR TT 4
1

λε=                                                         (4.8) 

 

or,                                4
1

*
−= λεRK TT                                                    (4.9) 

 
                                    TK’ = TK – 273.16                                               (4.10)            
 
where, TR is the radiant temperature, TK is the surface temperature (Kelvin), TK’ is the surface 
temperature in degree Celsius. During this step, the emissivity on the surface must be known 
(Becker, 1987; Becker and Raffy 1987; Becker and Li, 1990a, b; Coll et al., 1994; Gaikovich 
1994; Hook et al., 1992). Normally the emissivity value is between 0.8-1 for most natural ma-
terials except water and snow. For the sandstone, shale and the burnt rocks the emissivity can 
be selected as 0.97 (Li,1985; Nerry et al., 1990; Salisbury and D’Aria, 1992; Zhang 1998). 
     
     The surface temperature can be calculated according to the equations (4.3), (4.3)’, (4.7), 
(4.9) and (4.10). Here is an example of temperature calculation from Landsat7 ETM+ band6 
low and high gain data, the results are shown in blue and magenta color, respectively. The 
emissivity is taken as e = 0.97 (Table 4.2). DN values are ranging from 5 to 255. From the 
results, the relation curve of DNs and surface temperatures can be obtained, which is shown 
in Figure 4.4, assuming a constant emissivity (e = 0.97). The results in blue and magenta col-
umn are from band 6 low gain and high gain, respectively.  
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Table 4.3 Temperature calculation from Landsat7 ETM+ band 6 low and high gain data (partly). 

 

Relation Curve of DNs and Temperature(Landsat7 
ETM+)
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Figure 4.4 Relation curve of DNs and surface temperatures for Landsat7 band 6 data, blue and 
magenta line are the curve of low gain and high gain data, respectively. 
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     It should be noted that there is a cross point at which DN is equals about 107.5, when DNs 
less than 107.5, for each pixel (for each radiance value), the DNs on the high gain image are 
smaller than which on the low gain image; when DNs larger than 107.5, the case is just oppo-
site.  
 
     For a pixel on the band6 nighttime image (Row, Column, 646, 1994), the following DN 
values (82, 61) are given in low and high gain respectively. Using the transfer function the 
following temperatures are derived, -7.56°C, -7.76°C for the low and high gain bands respec-
tively. The difference is minimal using the two gain settings.    
 

4.4.2 Method of temperature calculation from ASTER TIR data 

 
     For ASTER TIR data, there are 5 bands data from band 10 to 14. The temperature is calcu-
lated here from ASTER level-1B TIR data because Level-1B product contains radiometrically 
calibrated data for all ASTER channels. Unit conversion coefficients, which is defined as ra-
diance per 1DN, are used to convert from DN to radiance. Radiance (spectral radiance) is ex-
pressed in unit of W/(m2•sr•µm). It is the basic policy that the unit conversion coefficient will 
be kept in the same values throughout mission life (ASTER user’s guide, 2001). The relation 
between DN values and radiances is shown below and illustrated in Figure 4.5. 
(1) A DN value of zero is allocated to dummy pixels. 
(2) A DN value of 1 is allocated to zero radiance. 
(3) A DN value of 254 is allocated to the maximum radiance for VNIR and SWIR bands. 
(4) A DN value of 4094 is allocated to the maximum radiance for TIR bands. 
(5) A DN value of 255 is allocated to saturated pixels for VNIR and SWIR bands. 
(6) A DN value of 4095 is allocated to saturated pixels for TIR bands. 

 
Figure 4.5 Relation between DN values and radiances of VNIR, SWIR bands (a) and TIR bands (b). 
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     Similarly, the temperature calculation from ASTER level-1B TIR data is also divided into 
three steps. 
 
(1) Converting the radiance values (DNs) to spectral radiance 
 
    The maximum radiances depend on both the spectral bands and the gain settings, which are 
shown in Table 4.4. Maximum radiances for high and low gains are basically defined as those 
for normal gain divided by nominal gain except for band 3N and 3B for high gain. For band 
3N and 3B, the maximum radiance is slightly smaller than the value calculated above which 
may be saturated because of a large offset. 
 
The unit conversion coefficients can be calculated as follows: 
 
                             L ni = L maxi /253 (VNIR and SWIR bands)                          (4.11) 
 
                                    L ni = L maxi /4093 (TIR bands)                                        (4.12) 
 
where L ni : the unit conversion coefficient from DN to radiance of band i, 
           L maxi : the maximum radiance of band i. 
 
         

        Table 4.4   Maximum radiance of 370 K blackbody   

Maximum radiance (w/m2.sr.µm) Band No. 

High gain Normal gain Low gain 1 Low gain 2 

1 170.8 427 569 

2 179.0 358 477 

3 106.8 218 290 

N/A 

4 27.5 55.0 73.3 73.3 

5 8.8 17.6 23.4 103.5 

6 7.9 15.8 21.0 98.7 

7 7.55 15.1 20.1 83.8 

8 5.27 10.55 14.06 62.0 

9 4.02 8.04 10.72 67.0 

10 28.17 

11 27.75 

12 26.97 

13 23.30 

14 

N/A 

21.38 

N/A N/A 
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     For example, for band 10,   
 
                                   L ni = 28.17 /4093 = 0.006882 = 6.882*10-3                          
                                
     Therefore, the unit conversion coefficients from DN to radiance of each TIR band can be 
calculated. Table 4.5 shows the calculated unit conversion coefficients of each band. 
      
         Table 4.5 Unit conversion coefficients 

Coefficient (W/(m2•sr•µm)/DN) Band No. 
High gain  
 

Normal gain Low gain 1 Low gain 2 

1 0.676  1.688 2.25 
2 0.708  1.415 1.89 
3 0.423  0.862 1.15 

N/A 

4 0.1087  0.2174 0.290 0.290 
5 0.0348  0.0696 0.0925 0.409 
6 0.0313  0.0625 0.0830 0.390 
7 0.0299  0.0597 0.0795 0.332 
8 0.0209  0.0417 0.0556 0.245 
9 0.0159  0.0318 0.0424 0.265 
10 6.882*10-3 
11 6.780*10-3 
12 6.590*10-3 
13 5.693*10-3 
14 

N/A 

5.225*10-3 

N/A N/A 

      
     From the relation mentioned above the radiance value can be obtained from DN values as 
follows. 
 
                                        L?i = (DN-1) * Lni                                            (4.13)            
           
     Where, L?i is the radiance value of band i with the unit of W/(m2•sr•µm). 
 
(2) Converting the spectral radiance to radiant temperature 
 
     The brightness temperature product is at its core a conversion from radiance to temperature units. 
For a given wavelength, this relationship is explicitly defined by the Planck function. For an ASTER 
thermal infrared channel, the Planck function must be integrated with the normalized spectral re-
sponse function for that channel. Assuming that the spectral response function is known, this compu-
tation can be evaluated to be within any practical precision limit, certainly well within the limits of 
the precision of the input radiance data. Since the dominant sources of imprecision and error are 
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the uncertainty of the input radiance data (Level-1B product) and the uncertainty of the spec-
tral response functions, which are themselves tied to the validation of the Level 1B product, 
validation of this product is "piggy-backed" to the validation of the Level-1B, radiance at sen-
sor product (ASTER user’s guide, 2001). It should be noted that the quantity being reported 
by this product is "at sensor", not "at surface". As such, strict agreement with ground meas-
urements is not an issue, and field experiments are not envisioned. 
 
     The radiant temperature, or brightness temperature, is the apparent observed temperature, 
assuming a surface emissivity of 1.0 (i.e., as if the object were a blackbody). The calculations 
are performed using the radiance at sensor as input, no atmospheric correction is included for 
this procedure. It can be calculated according to equation (4.5) and (4.6). However, for AS-
TER data, K1 and K2 have to be calculated according to the following equations: 
 

                                          
π
λε 5

1
1

−

= i
i

C
K                                           (4.14) 

                                          
i

i

C
K

λ
2

2 =                                                   (4.15) 

 
where, ?i is the central wavelength in meter of each TIR band, K1i and K2i are the calibration 
constants for each TIR band. Here, e =1(blackbody). C1 and C2 are constants as the same as 
above.  
  
    ASTER TIR subsystem was designed to record 200 to 370 degrees Kelvin. The algorithm 
is constrained only by the fact that it requires unsaturated input radiance values. The algo-
rithm should work on TIR data acquired during the day or night and over land, clouds, water, 
or anything else not hotter than about 120ºC or colder than about –100ºC (ASTER user’s 
guide, 2001). 
 
(3) Changing the radiant temperature to the surface temperature 
 
      Similarly, this conversion can be performed based on the equations (4.9) and (4.10).  
 
     Here is an example is given of surface temperature calculation from ASTER TIR data. The 
results listed in Table 4.6 were calculated from band 10 data, the calculations from other 
bands are similar to it (the results calculated from band11 to band14 are not listed here). The 
surface temperatures calculated from each band are shown in Figure 4.6. It indicates that the 
temperatures related to a certain DNs are degressive.     
 
 



DETECTION OF COAL FIRES IN XINJIANG (CHINA) USING REMOTE SENSING TECHNIQUES   
 

 

57 

Table 4.6 Temperature calculation from ASTER TIR data 
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 Figure 4.6 the relation curves of DNs and surface temperatures from ASTER TIR data. 
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     For the same pixel mentioned above on the ASTER TIR image (Row, Column, 874,274), 
the following DN values of 1616, 1616, 1803, 2169, and 2238 are given in band10 to band14 
respectively. Using the transfer function the following temperatures are derived, 38.50°C, 
36.41°C, 40.36°C, 45.77°C, and 45.40°C, respectively. The differences of temperature results 
between Landsat7 and ASTER TIR data is mainly due to the fact that the data is acquired dur-
ing different seasons.  
    

4.4.3 Temperature conversion from Landsat7 ETM+ band6 and ASTER TIR images 

 
     According to above methods of temperature calculation from Landsat7 ETM+ band6 and 
ASTER TIR data, the thermal infrared image can be converted to the temperature-image, 
from which the temperature information for each pixel is shown on the image, in other words, 
the surface temperatures of each pixel can be directly obtained from that image. This conver-
sion can be carried out using the function of Model Maker of ERDAS. 
 
      The function of temperature conversion from Landsat7 ETM+ band6 nighttime image is 
indicated below (Figure 4.7). The function can be expressed as the following according to the 
equations mentioned above: 
For high gain image: 
1282.71 /  LOG ( 666.09 / ( 3.706 * 10 POWER - 2*$n1_nightsub1(2)+2.89 ) +1 )* 0.97 
POWER -0.25-273.16; 
For low gain image: 
1282.71 /  LOG ( 666.09 / ( 6.682 * 10 POWER - 2*$n1_nightsub1(1) - 0.31 ) +1 )   * 0.97 
POWER - 0.25-273.16. 
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Figure 4.7 The function of temperature conversion from Landsat7 ETM+ band 6 image.  
 

     The temperature converted band6 image, a sub-image (potential coal fire area) and their 
pixel information are shown below in Figure 4.8 and Figure 4.9, respectively. For a pixel in 
the potential coal fire area on that sub-image (Row, Column, 200, 54), the following DN val-
ues 80, 57 are given in low and high gain image respectively, and the converted temperatures 
are –8.973°C and –9.327°C, respectively. For another pixel (Row, Column, 196, 60), which is 
located outside of the potential coal fire area, the following DN values are given 75, 48 in low 
and high gain image respectively. The converted temperatures are -12.603°C, -12.965°C, re-
spectively. The temperature difference between coal fire area and background is about 3.6°C.  
It indicates that even though the surface temperatures are lower, the thermal anomalies caused 
by coal fires can be detected.  
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Figure 4.8 The temperature converted image from Landsat7 ETM+ band 6 nighttime low gain 
image, (a) and (b) are the original image and temperature converted image, (c) and (d) are the 
relative pixel information of DNs and temperatures, respectively. 
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Figure 4.9 The temperature converted sub-image (coal fire area) from Landsat7 ETM+ band 6 
nighttime high gain image, (a) and (b) are the original image and temperature converted image 
(low gain), (c) and (d) are the relative pixel information of DNs and temperatures, respectively.  
 
      
     There are five bands for ASTER TIR image, for each band, the temperature conversion can 
be performed based on the equations mentioned above. The function of temperature conver-
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sion from ASTER thermal infrared data is shown in Figure 4.10. The temperature converted 
image is illustrated in Figure 4.11, the sub-image of a potential coal fire area (within the yel-
low boundary) also can be converted into temperature image, the relative results are shown in 
Figure 4.12.   
 
     For ASTER TIR band10 to band14 image, the function can be indicated as following, 
Band10: 1735.986 /  LOG ( 3032.999 / ( ($n1_sub173b10(1)-1)*6.882 * 10 POWER - 3) +1 )   
* 0.97 POWER - 0.25-273.16; 
Band11: 1665.703 /  LOG ( 2466.774 / ( ($n1_sub173b10(2)-1)*6.78 * 10 POWER - 3) +1 )   
* 0.97 POWER - 0.25-273.16; 
Band12: 1583.288 /  LOG ( 1913.995 / ( ($n1_sub173b10(3)-1)*6.59 * 10 POWER - 3) +1 )   
* 0.97 POWER - 0.25-273.16; 
Band13: 1358.491 /  LOG ( 890.072 / ( ($n1_sub173b10(4)-1)*5.693 * 10 POWER - 3) +1 )   
* 0.97 POWER - 0.25-273.16; 
Band14: 1274.336 /  LOG ( 646.490 / ( ($n1_sub173b10(5)-1)*5.225 * 10 POWER - 3) +1 )   
* 0.97 POWER - 0.25-273.16. 
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Figure 4.10 The function of temperature conversion from ASTER TIR data. 
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Figure 4.11 A temperature converted ASTER TIR image, (a) the original image, (b) the tempera-
ture converted image, (c) and (d) are the relative pixel information of DNs and temperatures for 
band13, respectively. 
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Figure 4.12 A temperature converted sub-image, (a) the original image, (b) the temperature 
converted image, (c) and (d) are the relative pixel information of DNs and temperatures for 
band13, respectively (this image was acquired in August, 2001). 
 

    From above temperature converted image, for a pixel in the potential coal fire area (Row, 
Column, 293, 44) and a pixel outside that area (Row, Column, 293, 49), the following DN 
values are given 1765, 1736 in band13 respectively. The temperatures derived are “31.325°C, 
30.219°C” for the band13 respectively. It indicates the temperature difference between coal 
fire area and background is about 1°C. The temperatures from ASTER data and Landsat7 
ETM+ band6 nighttime image are very different due to the different data acquisition time. 
The first data set was acquired in August 2001, the latter was acquired in February 2000. On 
both thermal anomalies can be detected. Although absolute temperatures derived are different, 
still the thermal anomalies exit and can be used for subsequent analysis. 
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4.5 Quantitative methods of detecting coal fire areas 

 
Some potential coal fire areas were selected as described in Chapter 4.3. If coal fire is 

presents there, are thermal anomalies caused by fire detectable. How much is the thermal 
anomaly caused by coal fire? How to decide the size of the coal fire area? The thermal 
anomalies on the remote sensing data are derived by setting a threshold. There are three ways 
to select the threshold: (1) trial and error (Saraf et al., 1995; Prakash et al., 1995); (2) exclu-
sion method; and (3) statistical method (Zhang et al., 1997). In the first method, field meas-
urement results are used. The second method selects a threshold to check the coal fire areas, 
which exclude all pixels outside the coal seam areas. It should take care that some pixels of 
thermal anomalies caused by coal fires located in the area nearby the coal seam area would be 
neglected, because sometime thermal anomalies caused by subsurface or underground coal 
fires locate along the coal seams and may be outside the area you selected. Hence, this method 
should be carefully carried out with the help of the detection on nighttime image. In this 
study, the statistical method provides the threshold based on the statistical data and sub-image 
analysis. 
 

4.5.1 Statistical method 

 
(1) General statistical analysis 
     In this study, the research area is selected as the source data of general statistical analysis 
instead of the whole image, because in that case there is too much noise to identify the change 
and trend of thermal anomalies caused by coal fires. For instance, there are sloping areas 
where the DN values are larger than the potential coal fire areas because the slope is directly 
irradiated by the sun, These thermal anomalies due to difference in solar heating affect the 
detection of coal fire areas. It should be noted that the result of detection of coal fire areas 
would be correlative to the size of analyzing area, if the size was larger, the environmental 
noise will affect the analyzing result. The nighttime thermal image would be much better be-
cause it can effectively reduce the affect of solar heating. 
 
     The Figure 4.13 shows that part of Landsat7 ETM+ band 6 low gain image (nighttime) 
overlaid on the Landsat7 visual image, the part within yellow boundary is the test area of the 
whole band 6 nighttime image, and the areas circled by red polygons are potentially selected 
coal fire areas. From the histogram and statistical information of this sub-image, it is known 
that, for high gain image, DNmin = 32, DNmax = 63, DNmean= 49, the Std.Dev.= 3, the statisti-
cal results are indicated as histograms in Figure 4.14.  
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Figure 4.13 The sub-image of Landsat7 ETM+ band 6 low gain image acquired in nighttime. 

 
Figure 4.14 The histogram of above band6 sub-image, (a) is the results for high gain image, (b) 
is for low gain image.   
 
     More information can be obtained to perform statistical analysis using ArcView GIS sys-
tem. The results of analyzing DNs from above data are classified into 3 classes according to 
the standard deviation (D) as following: 
 
Class1: DNmin < DNi = (DNmean – D),  
Class2: (DNmean – D)+1 < DNi = (DNmean + D),  
Class3: (DNmean + D)+1< DNi = DNmax.  
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     It shows that the classification is too general to identify the coal fire areas, and it implies 
that the thermal anomalies caused by coal fires are relatively small, which are difficult to 
separate with a background covering such a large area. The classified results of DNs also can 
be expressed using a contour of DNs, from which the change trend of temperatures within the 
study area is shown clearly. This classification is affected by some noise caused by solar heat-
ing; therefore, the general analysis is meaningless for the detection of coal fire areas. The sta-
tistical analysis from DNs of TIR data would be better performed using a smaller area. Figure 
4.15 shows the general statistical analysis from Landsat7 ETM+ TIR data (nighttime). 
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Figure 4.15 The general statistical analysis from DNs of Landsat7 ETM+ TIR data (nighttime), 
(a) and (c) are the results from low and high gain, (b) and (d) are the related DN contours, re-
spectively. 
       
     For ASTER TIR data, band 10, for example, in the whole study area, DNmin = 1148, DNmax 
= 1787, DNmean=1533, Std.Dev.= 70. For other TIR band data, the above statistical results are 
different, for instance, band 14, DNmin = 1687, DNmax = 2416, DNmean=2169, Std.Dev.= 88. 
Figure 4.16 shows those results in histogram. The case is as the same as in Landsat7 data, it is 
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difficult to determine the threshold for the detection of coal fire areas. The result of similar analysis 
using ArcView GIS system is shown in Figure 4.17. 

 
Figure 4.16 The histograms for study area from ASTER TIR data, band 10, 12, 13, 14. 
 

 
 Figure 4.17 The general statistical analysis from DNs of ASTER TIR data (band 10).      
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     Because there is much noise on the imagery of the study area for the detection of coal fire 
areas, in this study, the statistical analysis is considered to be performed based on smaller sub-
images, (10*10 pixels on ASTER TIR images). Before the analysis using ArcView system, 
the image files have to be transformed into GRID files, to be used in ArcView.   
 
     However, the above general analysis indicates that, in some potential coal fire areas, the 
DNs of thermal anomalies are more like the DN mean value of the whole study area. For ex-
ample, within a small area near the water-body, the thermal anomalies caused by subsurface 
coal fires may be smaller than those caused by the emittance of the water-body. Therefore, the 
general statistical analysis over a large area has little meaning for the detection of coal fires. 

 
(2) Sub-image statistical analysis 
 
    The statistical analysis is performed based on the sub-image, identified of each potential 
coal fire area. For example for the analysis of ASTER TIR data, sub-images are created for 
each selected site based on a sub-window of 10*10 pixels from TIR imagery. In that case, for 
each sub-image, there are at least 100 DN values provided for the analysis (for the same sub-
window, there are at least 225 DN values on Landsat7 band 6 image). In the statistical analy-
sis, the DNs within each sub-image will be classified into 3 classes based on the values of 
DNs’ mean and standard deviation (D), as described above. From the results of classification, 
we select the area located in Class3 (the yellow area) as the fire area, because thermal anoma-
lies are considered presenting in the “hottest” area. It should be noted that the analysis using 
different bands of ASTER TIR data are different, except band11 (DNs on band10 and 11 are 
same), however, the trend and potential area can be defined based on them, this has been il-
lustrated in Figure 4.6, the relation curves of DNs and surface temperatures from ASTER TIR 
data.  
 
     Given time limitations it was not possible to complete a full statistical analysis of all the 
potential sites identified. A few sites have been selected to demonstrate the analysis proce-
dures, focusing also on the comparative analysis between ASTER and Landsat7 ETM+ ther-
mal infrared data.  
 
     Figure 4.18 shows an example of statistical analysis results for site 6 from ASTER TIR 
band10, band12, band13 and band14, and the relative histograms are shown in figure 4.19. In 
the same way, a statistical analysis of the same site of sub-image from Landsat7 ETM+ band6 
nighttime data was performed, and the results are shown in Figure 4.20, the related histo-
grams are illustrated in Figure 4.21.  
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Figure 4.18 The results of classification of site 6 from ASTER TIR band10, band12, band13, and 
band14, from (a)- (d), respectively.  

 
     Figure 4.19 Histograms of site 6 from ASTER TIR band10, 12, 13, 14. 
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Figure 4.20 The results of classification of site 6 from Landsat7 ETM+ band 6 nighttime data, 
(a) low gain, (b) high gain.  
 

 
Figure 4.21 Histograms for site6 of Landsat7 ETM+ band6 data, (a) is for low gain, (b) is for 
high gain. 
 
     From the above results, it expresses that there are little difference in the results between 
ASTER and Landsat7 TIR data. After the analysis of those histogram shapes, some thresholds 
of coal fire are selected, whose values are illustrated in histograms (gray clor). Therefore, the 
final coal fire area for site6 is defined according to those thresholds and shown in Figure 4.22.  
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Figure 4.22 The analysis results from ASTER TIR band13 and Landsat7 ETM+ band6 data after 
the correct based on the histograms. 
     The above comparison of statistical analyzing results shown on the image, for example the 
results from ASTER band13 and Landsat7 ETM+ band6 low gain data, is illustrated overlay-
ing on an ASTER visual image in Figure 4.23. It should be noted that, (1) the results from 
ASTER and Landsat7 TIR data basically are accordant; (2) ASTER TIR band 10 is more af-
fected by atmospheric absorption and emission than the other ASTER bands because it is lo-
cated closest to the edge of the TIR atmospheric window (Gillespie, et al., 1998). (3) Some 
difference in the results from two kinds of TIR data still exist because a few factors affect the 
detection ability, such as the acquisition time of those two data sets (ASTER was acquired at 
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12:21 at daytime, on 19th of August, 2001; Landsat7 ETM+ was acquired at nighttime, on 1st 
of February, 2000), and the levels of DNs saturation for those two kinds of sensors are differ-
ent.    

 
Figure 4.23 The final analysis results for site6 from ASTER TIR band13 (the red area) and Land-
sat7 ETM+ band6 low gain data (the yellow area) overlaying on an ASTER visual image, (a) AS-
TER TIR sub-image, (b) Landsat7 band6 nighttime sub-image, (c) result from ASTER band13, 
(d) result from Landsat7 low gain data. 
     The ground temperatures of the above final detection results can be calculated based on the 
equations mentioned in Chapter 4.4. The calculation results are listed in Table 4.7, the tem-
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perature of coal fire area from Landsat7 band6 nighttime data is at –7.5 to –9.7°C, and from 
ASTER TIR data the temperature at about 42°C. From the surface temperature results, it indi-
cates that the temperatures detected in site6 from those two kinds of sensed data are very dif-
ferent because the data acquisition time is different, Landsat7 ETM+ band6 nighttime data 
was acquired on 1st Feb 2000, and the ASTER data was acquired in August, 2001.        
Table 4.7 Final temperature calculation of the site 6 from Landsat7 ETM+ band6 and 
ASTER TIR data 

 

4.5.2 Combination method of statistics and probability analysis  

 
     Another method is used for the detection based on the statistics and assessment of prob-
ability. First, it is assumed that those pixels most probably located in the coal fire area have 
DNs that are closest to the maximum DNs of each sub-image. This is can be defined by the 
following conditions: 
                Pi = (DNi - DNmin) / (DNmax – DNmin)                                (4.16) 
 
where, Pi is the probability of pixel locating in the coal fire area, DNi = DN of each pixel on 
sub-image of each site, i = the number of site, DNmin = the minimum DN on sub-image, 
DNmax = the maximum DN on sub-image. Providing Pi=0.70, 0.80, 0.85, and 0.90, the analy-
sis results in different level of probability can be obtained. Figure 4.24 shows the analysis re-
sults in different level of probability from Landsat7 ETM+ band6 low and high gain nighttime 
data, and Figure 4.25 shows the results from ASTER band12 and band13. The relative prob-
ability calculation is shown in Table 4.8.  



DETECTION OF COAL FIRES IN XINJIANG (CHINA) USING REMOTE SENSING TECHNIQUES   
 

 

77 

 

 
Figure 4.24 The analysis results in different level of probability from Landsat7 ETM+ band6 
nighttime low and high gain data. 
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Figure 4.25 The analysis results in different level of probability from ASTER band12 and 
band13 data. 



DETECTION OF COAL FIRES IN XINJIANG (CHINA) USING REMOTE SENSING TECHNIQUES   
 

 

79 

Table 4.8 The results of probability calculation for site6 from Landsat7 ETM+ band6 
nighttime data ASTER TIR data 

 
 
     This indicates that the results with a probability of 0.70 from Landsat7 ETM+ band6 night-
time data and ASTER TIR data are similar to each other, when Pi = 0.80, the detection results 
from the two kinds of sensed data are almost the same.   
 

4.6 Classification  

 
     The objective of image classification is to classify and categorize pixels in an image into 
different kinds of land cover classes or themes based on interests. Normally, multispectral 
data are used to perform the classification, and the spectral pattern present within the imagery 
for each pixel is used as the numerical basis for categorization. The term pattern refers to the 
set of radiant measurements obtained in various wavelength bands for each pixel instead of 
geometric in character. In this case, the general statistical analysis from DNs is a way of clas-
sification. 
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     Classification is the process of sorting pixels into a finite number of individual classes, or catego-
ries of data, based on their data file values. If a pixel satisfies a certain set of criteria, then the pixel is 
assigned to the class that corresponds to those criteria. There are two ways to classify pixels into dif-
ferent categories: supervised and unsupervised classification. They are discussed below.      

4.6.1 Supervised classification 

     In this type of classification the image analyst “supervises” the pixel categorization process by 
specifying, to the computer algorithm, numerical descriptors of the various land cover types present 
on an image. The sample sites of known cover type, called training areas, are used to compile a nu-
merical “interpretation key” that describes the spectral attributes for each feature type of interest. For 
the first part of the classification process, the computer system must be trained to recognize patterns 
in the data. Training is the process of defining the criteria by which these patterns are recognized. The 
result of training is a set of signatures, which are criteria for a set of proposed classes. 
 
     First, in this study, some sample sites are selected from Landsat7 visual sub-image according to 
the interpretation and analysis of geology, geomorphology and topography. Then, with the help of the 
function of supervised classification, the image is classified the different land cover types, including 
coal mining areas (potential coal fire areas). Figure 4.26 shows the results of supervised classification 
from the Landsat7 ETM+ band 5, 4, 3(RGB). It indicates that the results are not good and helpful for 
the detection of coal fire areas, only are the main land covers roughly classified, such as the mountain 
area (blue area, the city is also shown in blue, which is shown in red on the visual image), alluvial fan 
(red area), and sediment area (green area). Hence, the supervised classification is worthless for the 
detection of potential coal fire areas. 

 
Figure 4.26 The result of supervised classification from Landsat7 ETM+ band 5,4,3 (RGB), (a) is 
the visual image, (b) is the classification result. 
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4.6.2 Unsupervised classification 

 
     In the unsupervised classification the image data are first classified by aggregating them 
into the natural spectral groupings, or clusters, present in the scene. The basic premise is that 
values within a given cover type should be close together in the measurement space, whereas 
data in different classes should be comparatively well separated. The classes that result from 
unsupervised classification are spectral classes. In the supervised approach we define useful 
information categories and then examine their spectral separability; in the unsupervised ap-
proach we determine spectrally separable classes and then define their informational utility. 
 
     The following example of the unsupervised classification for the same sub-image of Land-
sat7 ETM+ is shown in Figure 4.27. It is performed by means of the function provided in 
ERDAS, the parameter iteration and the number of classes are selected as 6 and 12, respec-
tively. 
  

   
 Figure 4.27 The result of unsupervised classification from Landsat7 ETM+ band 5,4,3 (RGB). 
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     The results of both classification procedures show that the results are of no use for the de-
tection of potential coal fire areas, whereas it is helpful for the classification of land cover 
types.         
      
     In this study, the ground emissivity is assumed as 0.97. From the above classification re-
sults, we can identify the different land covers, further, the different emissivities of ground 
materials can be obtained using the temperature and emissivity separation (TES) algorithm 
mentioned in Chapter 2. Therefore, the results of surface temperature calculation will be more 
accurate using the appropriate emissivity for each of the cover types differentiated during the 
supervised or non-supervised classification. Validation of the results is not possible at this 
stage because author does not have sufficient ground reference (ground samples).    
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Chapter 5 The accuracy assessment for the 
detection of coal fires   

5.1 Factors affected the detection results of coal fires 

 
     There are some errors in the detection of coal fires due to the sensor, image processing 
techniques applied, environmental noise and the difference of thermal anomalies between in 
the coal seam area and background. Therefore, the detection results of coal fires have to be 
assessed and quantified. 
      
     There are many factors that affect the detection of coal fires. For this study, the factors may 
generally be classified into three kinds and are discussed below. 
  
(1) The quality of raw data 
 
     The raw data is the basic data source for the detection of coal fires, errors will directly af-
fect the detection result. The main raw data used for this study are space-borne images. 
  
     For the satellite remote sensing images, the errors can be briefly divided into two kinds of 
error, accidental error and systematic error. The latter one can be negligible in this accuracy 
assessment because their affections can be removed by means of some correction. 
 
     For this study, the factors causing the accidental error mainly include atmospheric radi-
ance, climatologic condition, and etc. Besides, the location of the study area can also impact 
the quality of raw data, if the latitude is higher, the distortion on the image will be larger.   
 
(2) The errors in image processing 
 
     During pre-image processing, the original images have to be rectified onto a unique 
coordinate system. In this study, Landsat7 ETM+ and ASTER images were georeferenced to a 
UTM84 coordinate system based on the topographical map. The errors on topographical map 
and in the procedure of selecting ground control points (GCPs) on the images will influence 
the accuracy of the results.  
 
     For image enhancement techniques, one should be careful to use them because some will 
change the DN values on the image, such as brightness inversion, LUT stretch, and noise re-
duction. The change of DNs can impact the detection of coal fires from thermal infrared im-
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ages, in which the statistical analysis of DNs will be carried out. Therefore, some image en-
hancement techniques are not suitable for thermal infrared images.       
 
(3) The errors attributed by the method of detecting coal fire areas 
 
     The two methods of statistical analysis for the detection of coal fire areas from thermal in-
frared data were used in this study. There may be some errors produced during that analysis 
because of the size and location of selected sub-image, and some environmental noise, e.g. 
the thermal anomalies caused by non-coal fires. Hence, the identification for the detection re-
sults is necessary and important for the final results. 
  
     In order to assess the accuracy of the detection results of coal fire areas, the ground meas-
urements are necessary to be used as “truth value”. Unfortunately, there is no accurate field 
data available for the accuracy assessment in this study. Hence, just the method of the accu-
racy assessment of the detection results of coal fire areas is discussed below. 
 
     Here, the approach of the accuracy assessment is performed in two steps. In the first step, 
the accuracy assessment for each site (sub-image) is applied. Then, the overall accuracy as-
sessment for all detecting sites is carried out to obtain the assessment and confidence for the 
research work. 
 

5.2 Assumption 

 
     For the accuracy assessment of this research, some presumptions are given: 
    
(1) The field temperature measurements can be used as the “truth value” during the accuracy 
assessment. In the area of each sub-image, the number of ground temperature measurements 
(Ng) should be same or close to the number of DN values (N).    
 
(2) The ground temperature measurements and the calculation results of surface temperatures 
from space-borne remote sensed data used in the accuracy assessment are necessary to be ac-
quired at the generally same time, the “time” means both the time of a day and the time of a 
year. 
 
(3) In the temperature calculation from space-borne sensed data, the emissivity of ground ma-
terials is assumed as e = 0.97. The actual emissivity of local ground materials can be obtained 
using the method of temperature and emissivity separation (TES) mentioned in Chapter 2.3. 
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(4) In this study, for example, the detection results at the confidence level of 0.80 (Pi = 0.80) 
are used for the accuracy assessment.  
 

5.3 The approach of accuracy assessment for each site (sub-image) 

 
     The thermal anomalies caused by coal fires can be obtained by means of ground tempera-
ture measurements and the temperature calculation from the thermal infrared images, and they 
can be expressed as the following equations: 
                                          
                                 ? Tgi = Tgmax - Tgi                                 (5.1) 
 
                                  ? Ti = Tmax - Ti                                                    (5.2) 
Where, ? Tgi = the thermal anomalies measured on the ground; 
              Tgmax = the maximum value of ground temperature measurements; 
              Tgi      = the value of ground temperature measurements at point i; 
              ? Ti    = the thermal anomalies obtained from the image; 
              Tmax = the maximum temperature value calculated from image; 
              Ti       = the temperature value calculated at pixel i on the image. 
 
     If the data were acquired at the same time and the affection caused by air and sensor itself 
had been corrected or removed in the temperature calculation from the sub-image, then, 
 
                              ? Tgi = ? Ti                                                                      (5.3) 
 
     However, in fact, they are different because of the present of noise and errors. We can get 
the difference of thermal anomalies between which of the ground temperature measurements 
and of the temperature calculation from the sub-image. First, the mean values of thermal 
anomalies on the ground and on the sub-image can be calculated separately as following: 
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and the difference of thermal anomalies mentioned above can be calculated as following:  
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                             ? Ti = ? Tgmi - ? Tmi                                                        (5.6) 
 
Where, ? Ti is the difference of thermal anomalies between which from ground tamperature 
measurements and from the sub-image “i”. Then, it is assumed that if ? Ti < 0.20, the differ-
ence is acceptable, in other words, the area on that sub-image can be considered as the coal 
fire area. It can also be expressed as the way of probability as following, 
 
                              Pi = 1- ? Ti                                                   (5.7) 
 
Where, Pi is the result probability of the detection of coal fire area on each sub-image. If Pi 
=0.80, then, the detected area will be defined as the coal fire area. 
 

5.4 The overall accuracy assessment 

 
     After the accuracy assessment for each site performed, the overall accuracy assessment for 
the detection results of whole study area can be assessed based on the following equation:  
  
                              P = Nt / N *100%                                           (5.8) 
 
Where, Nt is the number of sites in which coal fire area is detected and identified there using 
above method (Pi =0.80), N is the number of potentially selected sites within the study area, 
and P is the percentage of accuracy for the detection of coal fire areas. 
 
     If the precise ground GPS points can be surveyed at each potential coal fire areas as the 
field temperature measuring, the method of statistical analysis can be used for the accuracy 
assessment. The root mean square (RMS) error can be obtained according to the following 
equations: 
  

                                      ∑
=

−=
n

i
igi TT

n 1

2)(
1

σ                              (5.9)  

 
where, s  = RMS error,  
            n = number of sample points, 
            Tgi = the temperature measured on the ground, 
            Ti = the temperature calculated from the thermal infrared image.  
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5.5 The field data needed for the accuracy assessment 

 
     More field data is needed in order to performing a proper accuracy assessment. These data 
could not be used during this study because the author was not able to collect those in the 
field during satellite data acquisition. Aspects to be considered are:  
 
(1) GPS points and DEM. Some accurate GPS points will be used as ground control points to 
optimize the results of image geometric correction and registration, and some of them will 
help to locate the position of coal fire area. The highest accuracy would be obtained if the im-
age could be ortho-rectified. In order to do so, a DEM is needed. 
 
 (2) Temperature measurements. The ground temperatures in the area of coal fires and back-
ground have to be obtained. There are three methods used for field thermal measurements us-
ing three kinds of equipment, contact thermometer, pointing thermometer and thermal infra-
red frame scanner. Two sets of measurements have to be collected, one is for validation of 
image transformation, and the other is for validation of the transformed temperature image. 
For selection of the equipment also the pixel integrated temperature values obtained by satel-
lite measurements have to be considered. Besides, these temperature measurements can also 
be used to obtain the accurate emissivity of coal fire areas by means of TES algorithm men-
tioned in Chapter 2. 
 
(3) More accurate topographical maps (1:50,000) and elevation data. They can be used to gen-
erate a digital elevation model (DEM) with the help of ASTER data. The DEM will help to 
analyze and reduce the affect of solar heating so that the accuracy of detecting coal fires 
would be improved especially for daytime thermal recordings.  
 
(4) Ground cover samples obtained are better to determine emissivity coefficients, which can 
improve the accuracy of temperature conversion.  
 
(5) Data on temperature have to be collected during satellite overpass. 
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Chapter 6 Conclusions and recommendations 

6.1 Conclusions 

 

1.The advantage of satellite remote sensing technique for the detection of coal fires.  
 

     Satellite remote sensing technique is an effective and economic way for the detection of 
coal fires, comparing to the borehole and geophysical methods (electrical and magnetic meth-
ods), whose shortcomings are slow, difficult to repeat, and costly to apply over a large area. 
However, the detection results from satellite imagery, due to the low spatial resolution of 
thermal infrared data, the effects of earth biosphere, lithosphere, atmosphere and hydrosphere, 
have to be identified and determined with the help of field temperature measurements and/or 
airborne remote sensed data.  

 
     With the development of space borne sensor technology, the spatial resolution of satellite 
imagery has improved greatly. For example, the sensor Quickbird2 was successfully launched 
on 18 October 2001. The imaging sensors are panchromatic and multispectral. The panchro-
matic, natural color, and color infrared versions of Orthorectified imagery are well suited for 
visual analysis and as a backdrop for GIS and mapping applications, while the multispectral 
version is well suited for image classification and analysis. The highest resolution available 
from the commercial satellite image (the ortho-rectified image), with the resolution of 65 cm 
for panchromatic, natural color and color infrared image, and 2.8 m for multispectral image, 
can be used to identify features, classify image data, and detect changes from recent global 
imagery. The interferometric synthetic aperture radar collection system provides a unique and 
complementary data source to Digital Globe's high-resolution satellite imagery from Quick-
bird, and the resolution of DEM is 1.25-2.5 m. In that case, the other input data needed for the 
detection of coal fires will be improved (URL3, 2002). 
                     
     Incorporation of other satellite based thermal infrared images will also assist in the detec-
tion of coal fires. An example is the German Aerospace Center (DLR) Bi-spectral Infrared 
Detection (BIRD) small satellite which is a technology demonstrator of a new infrared push-
broom sensors dedicated to the recognition and quantitative characterization of thermal proc-
esses on the Earth surface. The BIRD (launched in October, 2001) main sensor payload con-
sists of a two-channel infrared Hot Spot Recognition Sensor system (HSRS) and a Wide-
Angle Optoelectronic Stereo Scanner (WAOSS-B), their characteristics are given in Table 
6.1. Some researchers study the detection of wildfires and coal fires using data obtained by 
this satellite. 
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Table 6.1 The characteristics of BIRD sensors.  

  WAOSS-B HSRS 

Spectral bands VIS: 600-670nm MIR: 3.4-4.2µm 

  NIR: 840-900nm TIR: 8.5-9.3µm 

Focal length 21.65mm 46.39mm 

Field of view 50° 19° 

f-number 2.8 2.0 

Detector CCD lines CdHgTe Arrays 

Detector cooling Passive, 20°C Stirling, 80-100 K 

Pixel size 7µmx7µm 30µmx30µm 

Pixel number 2880 2x512 staggered 

Quantisation 11 bit 
14 bit (for each expo-
sure) 

Ground pixel 
size 

185m 370m 

Sampling step 185m 185m 

Swath width 533 km 190 km 

 
More operational sensors provide a greater flexibility in obtaining data at proper recording 

times for coal fire detection purposes.  
 
2. The advantage of ASTER data.  
 
      The results of detecting coal fire areas derived from this study show that ASTER data, as 
satellite remote sensing data source with high spatial and spectral resolution, has many advan-
tages in detecting and monitoring the hazards of coal fires. Its abundant electromagnetic spec-
tral data, high spatial resolution and stereo visibility are a great asset. Besides, it is free to use 
and convenient to obtain for researchers who want to study the detection and for monitoring 
of the coal fire areas. 
 
3. The comparison between Landsat7 ETM+ data and ASTER data.   
 

     In this study it was difficult to compare ASTER and Landsat7 ETM+ data therein 
given the differences in acquisition time and season using a pixel-based approach. It demon-
strates that through selection of proper thresholds the coal fire anomalies could be identified 
and a feature-based extraction could be successfully applied. Secondly given their different 



DETECTION OF COAL FIRES IN XINJIANG (CHINA) USING REMOTE SENSING TECHNIQUES   
 

 

90 

spectral resolutions, and the fact that the temperature is a pixel-integrated phenomenon, fea-
ture-based extraction will be a more promising approach anyhow.   

 
More research has to be focussed on the use of the SWIR-bands of ASTER and their suit-

ability for coal fire anomaly extraction, especially because these bands have a higher spectral 
resolution (30m). 
 
4. The detection results are related to the size of sub-image.  

 
     When analyzing the DN values of TIR data by means of statistical method, the results are 
closely corresponding to the size of analyzing area, namely sub-image. If the size is larger, the 
thermal anomalies are difficult to be identified because there are many factors to create noise 
for the detection of those thermal anomalies caused by coal fires, such as solar heating and 
other thermal sources not due to the coal fires. On the contrary, if the size of sub-image is too 
small, the number of DN values provided for analysis is relatively small, therefore, the statis-
tical analysis results will lack reliability. 
 
5. The accuracy of geometric correction and registration affects the capability of detec-
tion of coal fires.  
 
     Because coal fire areas sometimes have just a few pixels on the thermal images, although 
the root mean square (RMS) errors of each image was limited within 1 pixel during geometric 
correction, however, the precision of geometric correction and registration would be larger 
than 1 pixel, which means the error on the ground would be in the range of 80-100 m. For a 
more accurate detection of coal fire areas, some ground control points are necessary to be 
measured in the field, such as precise GPS control points. Recommended is a combination of 
GPS control points together with a topographical map at large scale (1:5,000). 
 

6.2 Recommendations 

 
1. In this study, the feature extraction of coal fire areas was carried out artificially, and AS-
TER band 4 to band9 were seldom used, which include more details about geology. In order 
to increase the efficiency and objectivity, the method of image computerized recognition and 
unsupervised classification need to be further studied. 
 
2. The correction method of solar radiant affects in detecting the coal fire areas has to be stud-
ied further.  
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3. A disadvantage in this study is that there is no ASTER TIR data acquired at nighttime or 
predawn used for the detection of coal fire areas. Using nighttime thermal data can effectively 
reduce the affect of solar heating and make the results more reliable. 
 
4. Creating a DEM from ASTER data has not been done due to the absence of field control 
data and more accurate topographical data, otherwise, the affect of solar heating would be 
corrected for by subtracting the thermal anomalies caused by solar heating, which can be cal-
culated based on the DEM. 
  
5. If the atmospheric correction is inaccurate, the residual affects can degrade the detection of 
coal fires, because these will affect the DN values on the image, hence, also affect the detec-
tion of thermal anomalies caused by coal fires. ASTER band 10 is more affected by atmos-
pheric absorption and emission than the other ASTER TIR bands, because band 10 is located 
closest to the edge of the TIR atmospheric window. Therefore, it is suggested that ASTER 
TIR band12, band13, and band14 are used in the statistical analysis to get better detection re-
sults. 
 
6. ASTER optical high spectral resolution bands are suitable for land cover characterization 
and classification and can therefore assist in obtaining the necessary information, which can 
be used for correction of the thermal data by assigning appropriate emissivity values and 
therefore improve the temperature calculation accuracies. 
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