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Abstract: Coal fires are a common and serious problem in most coal-bearing countries. 

Thus, it is very important to monitor changes in coal fires. Remote sensing provides a useful 

technique for investigating coal fields at a large scale and for detecting coal fires. In this 
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study, the spreading direction of a coal fire in the Wuda Coal Field (WCF), northwest China, 

was analyzed using multi-temporal Landsat Thematic Mapper (TM) and Enhanced Thematic 

Mapper (ETM+) thermal infrared (TIR) data. Using an automated method and based on the 

land surface temperatures (LST) that were retrieved from these thermal data, coal fires 

related to thermal anomalies were identified; the locations of these fires were validated using 

a coal fire map (CFM) that was developed via field surveys; and the cross-validation of the 

results was also carried out using the Advanced Spaceborne Thermal Emission and 

Reflection Radiometer (ASTER) thermal infrared images. Based on the results from 

longtime series of satellite TIR data set, the spreading directions of the coal fires were 

determined and the coal fire development on the scale of the entire coal field was predicted. 

The study delineated the spreading direction using the results of the coal fire dynamics 

analysis, and a coal fire spreading direction map was generated. The results showed that the 

coal fires primarily spread north or northeast in the central part of the WCF and south or 

southwest in the southern part of the WCF. In the northern part of the WCF, some coal fires 

were spreading north, perhaps coinciding with the orientation of the coal belt. Certain coal 

fires scattered in the northern and southern parts of the WCF were extending in bilateral 

directions. A quantitative analysis of the coal fires was also performed; the results indicate 

that the area of the coal fires increased an average of approximately 0.101 km2 per year. 

Keywords: coal fire detection; spreading direction; multi-temporal remote sensing; TM  

and ETM+ 

 

1. Introduction 

Coal fires are defined as the spontaneous combustion of coal due to coal oxidation. Many researchers 

have noted that the ability to react with oxygen at ambient temperatures may be enhanced by the potential 

for coal spontaneous combustion [1,2]. Meanwhile, being accompanied by absorption of oxygen, this 

reaction takes an exothermic course, and it may increase the so-called “threshold” temperature that lies 

somewhere between 230 °C and 280 °C. At that point, the coal reaches its ignition or flash point and 

starts to burn, resulting in these coal fires [1,3]. 

Surface and underground coal fires have received great attention from researchers due to the threats 

they pose to non-renewable resources, local environment and regional climate. These uncontrolled fires 

are a common problem and are widely reported from most coal-bearing countries of the world,  

such as the USA, China, India, Australia, Russia, South Africa and Indonesia, among others (see  

Figure 1) [4–17]. For China, which is the world’s largest coal-producing and coal-consuming country, 

approximately 10–200 Mt of coal reserves are consumed or made inaccessible for further mining 

operations due to coal fires (see Figure 2) [18,19]. In addition to the obvious economic losses of the 

waste of valuable coal resources, these coal fires have also led to health risks and environmental damages 

for the affected regions [15,20–24]. 

The detection of the propagation of coal fire is helpful for predicting their development trends and 

may provide useful information for controlling and extinguishing coal fires. Knowing the coal fire’s 
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spreading direction is valuable for predicting the potential expansion of the hazard that is caused by coal 

fires and provides local firefighters with critical information. Previous literature discussing the coal fire 

spreading direction has been based mostly on various physical methods, such as temperature 

measurement monitoring in boreholes and radon and aeromagnetic measurements [25–30]. 

 

Figure 1. Global distribution of coal fires. 

Remote sensing, as an advance technique and with a long history of application in the exploration of 

resources and environmental monitoring [31–41], has been used to investigate coal fires for nearly 

5 decades [4,5,19,26,42–50]. Although aerial thermal scanners were used in previous studies, in the last 

two decades, studies of coal fire have focused on the use of thermal infrared data from satellites because 

these satellite thermal datasets can be used to retrieve the LST more precisely than ever with the help of 

multi-spectral channels in the thermal infrared region [37,51–53]. 

Various methods for detecting and monitoring coal seam fires using thermal infrared remotely sensed 

data have been developed. A density slicing method was successfully applied to extract coal fire 

information from Landsat-5 Thematic Mapper (TM) data [54–58]. Two complementary automated 

thermal anomaly extraction algorithms were presented to automatically delineate coal fire risk areas 

from multispectral satellite data and to automatically extract local coal-fire-related thermal anomalies 

from thermal Landsat TM and Enhanced Thematic Mapper (ETM+), Advanced Spaceborne Thermal 

Emission and Reflection Radiometer (ASTER) and Moderate-Resolution Imaging Spectroradiometer 

(MODIS) data [14]. The dual-band Dozier method [59] and the multi-temporal analysis method have 

been used by many researchers in recent years [20,57]. Other methods, such as the contextual method 

and fuel mask method, have also been used for coal fire detection [13]. 

Despite these above-mentioned important contributions, no substantial research has yet to study the 

coal fire spreading direction with long time series of satellite data. Considering the coarser spatial 

resolution of satellite data set such as the Advanced Very High Resolution Radiometer (AVHRR) and 

MODIS being not available for delineating some small coal fire spots, multi-temporal Landsat satellite 

thermal data and ASTER data with higher spatial resolution were used in this study to estimate these 
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coal fire spots that were not identified by them. In this study, an attempt was made to identify temperature 

anomalies across the Wuda Coal Field (WCF) to delineate the spatial distribution and spreading direction 

of the coal fires using the TIR remote sensing approach. The detection of the spreading direction of these 

coal fires will be helpful in predicting the velocity of coal fire expansion and the extent of coal fire 

development. These findings will be beneficial for coal mining activities and for enhancing the safety of 

miners. There have been numerous accidents that have been caused by coal fires that have claimed many 

victims, as discussed in the literature cited above [15,20–24]. Moreover, the detection of the spreading 

directions of coal fires will be useful to the local Coal Mine Bureau because available, precise 

information of this type may prove valuable in controlling and extinguishing these fires. 

The period from 1999 to 2006 was selected for our study because coal seam fires began to expand 

more quickly during this time than before 1995, and because until 2006, mining activity was extensive, 

after which the surface of the WCF was devastated. The purpose of this study is to detect the natural 

principle of the coal fire spreading direction and its dynamics from 1999 to 2006. After 2007, many 

small coal fires were mainly caused by manual reasons, such as small mining activities. It is difficult to 

study the natural development and the corresponding spreading direction due to extensive mining 

activities and larger manual devastations to the WCF after 2007. From 1999 to 2006, the coal fires in the 

WCF were expanding naturally, and it is important to study the coal fires during this period of natural 

development without interference from human-induced factors so that the natural signals given off by 

the spread of the coal fires might be observed in the satellite remote-sensing images. 

2. Study Area 

The WCF is located in the Wuda district of Wuhai City, which is divided into three districts, namely 

the Wuda, Hainan and Haibowan districts (see Figure 2b), in the Inner Mongolia Autonomous Region 

in North China (see Figure 2a). Its geographic location extends latitudinally from 39°25′33″N to 

39°35′41″N and longitudinally from 106°33′39″E to 106°54′17″E. Physically, the study area is bound 

by the Yellow River in the east, the Gobi Desert in the north and west, and Helan Mountain in the south, 

with a total area of approximately 35 km2 (See Figure 2). The WCF includes three coal mining zones, 

namely Wuhushan, Suhaitu and Huangbaici, by the mining authority (See Figure 2c), which is 

approximately 10 km long (N-S) and 3–4 km wide (E-W), and its elevation ranges from 1100 to 1300 m 

above sea level. WCF mainly consists of bare rocks and soil and has a typical inland dry desert climate. 

Low rainfall amount (average annual precipitation ranges from 150 to 250 mm), massive evaporation 

and strong wind make this area very dry. In winter, it is very cold, and the temperature difference 

between day and night is very distinct. 
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Figure 2. Study area of the Wuda Coal Field: (a) shows the location of the study area in 

Northwest China. (b) shows the WCF located in the Wuda district, Wuhai city; and (c) is a 

3-D False Color Composite image (generated by coding ETM+7/4/2 in R/G/B) based on 

Landsat ETM+ data that were acquired on 30 August 2000, which is also integrated by coal 

fire map as investigated by the BRSC (Beijing Remote Sensing Com. Ltd, Beijing, China). 

(c) also shows the distribution of the three major local mines in WCF. Projection: UTM, 

zone 48 North, WGS 84. 

3. Dataset and Pre-Processing 

The satellite images that were used in this study were a series of multi-temporal Landsat TM/ETM+ 

thermal infrared images and ASTER data from 8 August 2001. During the data preprocessing, the 

summer or autumn cloud free images from 1999 to 2006 were collected and used, as listed in Table 1; 

these images were imported and converted to a WGS84 with UTM projection and zone 48 for the base 

projection. The ASTER imagery and ancillary data were also converted to the same projection for 

integrated analysis. To validate the results, the coal fire data that were extracted from the long time series 

Landsat TM/ETM+ images were all resampled to the same spatial resolution (90 m) as the ASTER data. 
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Table 1. Dataset used in this research. CFM: Coal Fire Map. 

Data Type Acquisition Time Spatial Resolution 

ETM+ 12 August 1999 60 m 

ETM+ 30 August 2000 60 m 

ETM+ 4 October 2001 60 m 

ETM+ 20 August 2002 60 m 

ETM+ 3 May 2003 60 m 

TM 17 August 2004 120 m 

TM 7 August 2006 120 m 

ASTER 8 August 2001 90 m 

CFM 2002–2003 Scale: 1:5000 

4. Methodology 

The ETM+/TM band 6 data are useful in distinguishing gross thermal anomalies from the background 

of solar warming and can be used to map subsurface coal fires [60]. Using a series of multi-temporal 

ETM+/TM 6 images, we predicted the spreading direction of the underground coal fire. At first, using 

the single-window method [52,61], we retrieved the LSTs from the TM/ETM+ thermal data to extract 

the thermal-anomaly pixels from the background using a threshold technique. Second, using the ASTER 

data, the temperature images were retrieved in combination with a temperature/emissivity separation 

(TES) algorithm [62,63], and then, the LSTs that were derived from the ASTER data were used to  

cross-validate and test the availability of the LSTs from the Landsat TM/ETM+ band 6 thermal data. 

The official CFM that was produced by the field survey was used to validate the results that were 

obtained from the multi-temporal Landsat TM/ETM+ data. During the validation of the results, the 2001 

ASTER datasets (with a spatial resolution of 90 m) were used in an attempt to perform a cross-validation 

analysis and show the degree of consistency of the results that were extracted from the two types of 

satellite data. The coal fires from the 2002–2003 Landsat data were validated using the CFM that was 

developed by the Wuda Local Mineral Bureau, which performed the field work beginning in 2002 and 

finished in 2003. Thus, the field survey data were available for only 2002 and 2003 and were also used 

to validate the results from the two years. Lastly, the coal fire spreading direction was delineated using 

coal fires that were extracted from a longtime series of satellite data set. Figure 3 shows a flow chart of 

the data pre-processing and analysis that were used in this study. This flow chart includes data acquisition, 

preprocessing, analysis, and use of the threshold technique in developing the coal fire map and validation 

of the results using the field survey findings. 

4.1. LST Retrieval from ETM+/TM Band 6 TIR Data 

The first step was to, according to the following equation, convert the raw digital numbers (DN) to 

spectral radiance, Lλ [64], 

 (1)

where Lλ is the spectral radiance, Lmin(λ) = minimum detected spectral radiance for the scene,  

Lmax(λ) = maximum detected spectral radiance for the scene, Qcal = gray level for the analyzed pixel, and 

Qcal ma = maximum gray level. 
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The second step was to establish the relationship between the spectral radiance and the radiant 

temperature for the pixel. The relationship can be described using the following equation: 

1
 

(2)

where K1 and K2 are two calibration constants, and Ti = radiant temperature (K). For the TM thermal 

band 6, K1 = 607.76 W/(m2·sr·um) and K2 = 1260.56 K, and for the ETM+ thermal band 6,  

K1 = 666.09 W/(m2·sr·um) and K2 = 1282.71 K. 

In the final step, we converted the radiant temperature Ti to the surface kinetic temperature T using the 

following equation, 

T /  (3)

where the ελ is the spectral emissivity. According to previous literature, the emissivity values in the spectral 

region of the TM/ETM+ thermal band range from 0.7 to 1.0 for most natural materials. For sandstone, shale 

and burnt rocks, the emissivity can be selected as 0.95 [51,52,65,66]. In the paper, the emissivity was 

estimated at 0.95, which was also used in previous literature in the WCF [67,68].  

 

Figure 3. Flow chart for data pre-processing and study analysis. 
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4.2. LST Retrieval from ASTER TIR Data Using the TES Algorithm 

The multi-spectral sensor ASTER onboard the National Aeronautics and Space Administration 

(NASA) Terra satellite has five channels in the thermal region (8.125–8.475 μm, 8.475–8.825 μm,  

8.925–9.275 μm, 10.25–10.95 μm, and 10.95–11.65 μm), which provides an opportunity for scientists 

to directly estimate emissivity and temperature from the remote sensing data. Recently, researchers have 

developed several methods for extracting emissivity information from the ASTER imagery, including 

the TES algorithm, Emissivity Normalization Method (NEM), alpha-derived emissivity method and 

Reference Channel Method (RCM) [62]. To validate the results that were derived from the  

multi-temporal Landsat TM/ETM+ thermal band 6 data, we used the temperature products that were 

derived from the ASTER data using the TES algorithm that was developed by the ASTER research team. 

The TES algorithm was developed by Gillespie et al. [62] to retrieve temperatures (with an accuracy  

of ±1.5 K) and emissivity (with an accuracy of ±0.015) from the TIR bands of the ASTER imaging 

radiometer. The TES algorithm combines three algorithms that are linked together, as shown in Figure 4. 

 

Figure 4. Basic design of the TES algorithm. The NEM module estimates normalized 

emissivities that are used to estimate the reflected sky irradiance, which is removed 

iteratively, and then estimates the surface temperature T. T is used in the RAT module to 

calculate the normalized emissivities, or β values, which measure the spectral shape. The 

MMD module calculates the Min-Max β difference, from which the minimum emissivity 

εmin is found using empirical regression. The β spectrum is scaled by εmin to give the TES 

emissivities, from which the surface temperature is calculated. Accuracies and precisions are 

calculated from the data characteristics and measures of TES performance. 

TES is an algorithm that was initially developed to retrieve LST and land surface emissivity (LSE) 

from ASTER images [62]. This algorithm hybridizes three mature modules: NEM, spectral ratio (SR), 

and min-max difference (MMD). 

TES first uses the NEM module to estimate the initial surface temperature and the normalized 

emissivities from the atmospherically corrected radiances at ground level. The SR module is 

subsequently used to calculate the ratio of the normalized emissivities to their average: 

∑
      (N is the total number of TIR channels) (4)



Remote Sens. 2015, 7 3096 

 

Although the SR β cannot directly provide the actual emissivity, it describes the shape of the 

emissivity spectra well, even if the surface temperature is roughly estimated. Finally, based on the SR, 

the MMD module is used to find the spectral contrast in N channels: 

MMD min  (5)

To recover the actual values of the emissivities, an empirical relationship between the minimum 

emissivity (εmin) in the N channels and MMD is established: 

0.994 0.687 .  (6)

with 0.994, 0.687, and 0.737 as the sensor-dependent coefficients for the ASTER sensor using the 

laboratory and field emissivity spectra. Once the εmin is estimated, the emissivities in other channels can 

be straightforwardly derived from the SR βi using: 
/     (i = 1, …, N) (7)

LST can then be refined and estimated. More details can be found in [52,62]. 

4.3. Threshold for Coal Fire Delineation Using Landsat TM Band 6 and ASTER TIR Data 

Seasonal variations, climatic conditions, types of surface, intensities and depths of the coal fire 

affected the temperatures retrieved from the multi-temporal thermal images. Therefore, a fixed threshold 

was not suitable for coal fire delineation, but a dynamic threshold was available for use in this study. A 

good review of common dynamic threshold setting techniques is presented by Raju et al. [69]. For 

example, the histogram method is one dynamic threshold-setting technique. In this method, the change 

in the shape of the slope of the histogram is identified, and a hypothetical uniform histogram is projected; 

the value of the point on the x-axis where this projected slope intersects is used as the threshold. The 

moving window algorithm is another dynamic threshold setting method for extracting coal fire 

information. In this method, the histograms are statistically analyzed, and the DN value that represents 

the first local minimum drop after the primary maximum DN peak is set as the threshold. 

Based on the literature pertaining to setting a dynamic threshold and the local climate conditions, we 

used the automated method in our study. The automated method has commonly been used to discriminate 

coal fires. This method uses statistical parameters to detect the coal fires under the condition that the 

satellite data are radiometrically corrected, and the statistical parameters, such as the mean average value 

of the data ā and the standard deviation σ, were used to set a threshold. Using this method, ā + 2σ was 

commonly used to delineate the areas of the coal fires. 

However, certain points resulting from the automated method that are based on thermal anomalies in 

the satellite thermal images may not correspond to true coal fires, e.g., the bulk volume of mining wastes. 

These mining wastes also have a higher temperature than the background due to opencast mining 

activities. Therefore, it is of great importance to remove the coal dump from the results of coal fire 

detection. To address this situation, another factor for a more accurate delineation of coal fires, i.e., 

spectral reflectance was considered. The type of rock material and the nature of soil depend on the 

geological characteristics of the underlying rocks. The mining wastes are the rock fragments of 

associated overlying soil materials and rocks that are piled together in the vicinity of the opencast mining 

area as an overburden dump. These materials and the overburden dump are commonly sandstone-shale 
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surfaces, and their chunks and fragments, often with no vegetation. The overburden coal dump and the 

fresh rock surface provide surfaces of the highest ground reflectance in the area. Subsequently, to remove 

the coal dump to generate a more accurate delineation of coal fires, it is critical to determine an 

appropriate threshold to differentiate the coal wastes from the surface areas that are related to cold coal 

fire (with a temperature less than 150 °C, more details can be found in [68]) using the remotely sensed 

reflectance data. 

The WCF area is mostly an open-cast mine area, and the various ground features are often overburden 

coal dumps, underground coal fires and some scattered surface coal fires. Among these ground features, 

the overburden coal dumps had the highest reflectance value. To determine the appropriate threshold to 

differentiate the coal overburden dumps from the surface areas as related to cold coal fires, the spatial 

profile analysis method was used for long time series of Landsat TM/ETM+ band 7 reflectance data. 

Using the FCC map composed of TM/ETM+ 4, 3, 2 and 7, 5, 3 band combinations, several spatial 

profiles passing through barren exposed materials, coal dumps and underground coal fires were selected. 

First, the spectral reflectance values along these spatial profiles were analyzed on a pixel-by-pixel basis. 

Second, the preselected spatial files were traced on all of the images of the temporal stack data. This 

detailed analysis helped to determine the maximum reflectance value that was associated with 

overburden coal wastes that are piled together near the coal mining area. Then, the maximum reflectance 

value was set as the threshold value, and any value of a pixel higher than the threshold was attributed to 

the overburden coal dumps. 

 

Figure 5. Location of the sampling spatial profiles shown on the 3 May 2003 Landsat TM 

standard false composite image of WCF. 

To determine appropriate threshold to delineate the coal overburden dump to remove these wastes, 

field survey work was carried out from 6 July 2003 to 15 July 2003 by the Shenhua (Beijing) Remote 

Sensing (SBRS) Co. Ltd. and the local Wuda Coal Mine Bureau under the co-project under the frame of 

the Sino-Germany Dragon Program. Selecting the closest-to-the-field-survey-time Landsat TM image, 

the spatial profiles AA’, BB’, CC’, and DD’ were drawn across the 3 May 2003 image (see Figure 5). 
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For these four profiles (AA’, BB’, CC’, and DD’), the spectral reflectance value along these profiles and 

the respective maximum reflectance are shown (see Figure 6a–d). 

  

  

Figure 6. Maximum reflectance along the spatial profiles AA’, BB’, CC’, and DD’ that were 

extracted from the Landsat TM 7 image of 3 May 2003 for WCF. The maximum reflectance 

of approximately 0.25 (25% reflectance) along the profiles: (a) The maximum reflectance 

along the spatial profile AA’. (b) The maximum reflectance along the spatial profile BB’. 

(c) The maximum reflectance along the spatial profile CC’. (d) The maximum reflectance 

along the spatial profile DD’. 

The WCF area is mostly an open-cast mine area, and the various ground features are often overburden 

coal dumps, underground coal fires and some scattered surface coal fires. Among these ground features, 

the overburden coal dumps had the highest reflectance value (see Figure 7). Therefore, taking the spatial 

profile DD’ as an example (see Figure 7(a)), with the help of the image from 5 Oct. 2003 from Google 

Earth TM (see Figure 7(b)) and the field survey photograph (see Figure 7(d) and 7(e)), the pixel 

corresponding to the overburden coal dumps can be marked and delineated with the determined threshold 

(see Figure 7(c)). From Figure 6 and Figure 7, a threshold of average reflectance value of 0.24 with the 

TM7 image corresponded to the overburden coal dumps; therefore, 0.24 was set as the threshold, and 

the average spectral reflectance value of the pixels of the overburden coal dumps more than 0.24 was 

undoubtedly due to coal overburden dumps. 

(a) (b) 

(c) (d)



Remote Sens. 2015, 7 3099 

 

 

   

  

Figure 7. The methodology that was followed in the study to remove coal overburden wastes 

is presented here with a thresholding method using the WCF as an example. (a) The location 

of the selected profile line DD’ on Landsat TM band-7 image of 3 May 2003; 

(b) Underground coal fire location A and B and coal overburden dump location C along the 

selected spatial profile DD’ are shown as a reference on a very high resolution Google Earth 

TM back ground image of 5 October 2003; (c) Maximum reflectance along the spatial profile 

line DD’; (d) Field photograph of a coal fire location B; (e) Field photograph of a coal 

overburden dump at location C. 

(a)

(b) (c) 

(d) (e) 
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4.4. Detection of the Spreading Direction of Coal Fire 

The coal fire spreading direction can be determined based on the dynamics of coal fires and the spatial 

distribution of these fires as identified using the multi-temporal TIR remote sensing data. Based on the 

multi-temporal satellite data, we identified the coal fire spreading direction by stacking the coal fires 

that were identified in the satellite data from every two successive years using the stacking analysis 

technique, which analyzes the images in sequence with the help of the Geographic Information System 

(GIS) software (ArcGIS, ESRI Inc., Redlands, CA, USA). Using specialized GIS software, such as ENVI 

and IDL, we delineated the coal fires using the automated method. Using the specialized GIS software 

and the overlay analysis technique, we performed a comparative analysis of the results of every two 

successive years. Ultimately, we developed a coal-fire spreading-direction map based on the spatial 

distribution of these temperatures that were extracted from the TM/ETM+ band 6 images. 

5. Results and Discussions 

5.1. Validation of the Results of Coal Fires 

The coal fire map was obtained from the long time series Landsat band 6 data and Terra ASTER data 

using the threshold setting technique, and this map was validated using the CFM that was produced by 

the field survey. An attempt was made to perform a cross-validation analysis. Based on the above coal 

fire information, and using ArcGIS software (Environmental Systems Research Institute, Inc., 

Red Lands, CA, USA) and the spatial analysis technique, we performed a quantitative analysis of the 

coal fire dynamics from 1999 to 2006. Subsequently, a comparative analysis of the annual coal fire 

progression and the prediction of the spreading direction were carried out for the period 1999 to 2006. 

5.1.1. Testing of the Continuity of Results That Were Obtained from 2001 ASTER Data and ETM+ 

Band 6 Data 

Because the ASTER data have five thermal bands in the thermal infrared region, ranging from 

8.125 μm to 11.65 μm, the LSTs that were derived using the TES algorithm are more accurate than the 

LSTs that were derived from the Landsat data, which are from a single band in the thermal region from 

10.25 μm to 11.45 μm. Therefore, we cross-validated the assessments of the coal fires based on the two 

types of satellite data. The coal fire assessments were extracted from the two types of satellite data using 

the same thresholding method based on the statistical parameters (described in Section 3.2.3), and before 

the cross-validation, the coal-fire map that was obtained from the 2001 ETM+ data was resampled to the 

same spatial resolution, 90 m, as the ASTER data. 

During the cross-validation, as shown in Figure 8, we found that the coal fire information that was 

extracted from the 2001 daytime ETM+ data coincides with the coal fire information that was obtained 

from the ASTER TIR imagery, which showed a good consistency between the two types of results, and 

that the number of pixels within the intersection region between the two types of results is 90.5 (see 

Table 2), which accounts for 85.3 percent of total coal fires extracted from the 2001 Landsat data. These 

findings indicate a good linear relationship between the results of the two procedures. 
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Coal fire of 2001 based on Landsat data   Coal fire of 2001 based on ASTER data 

Figure 8. Cross-validation of coal fire information that was extracted from 2001 Landsat 

and ASTER imageries, the two-year’s worth of coal fires were stacked for overlay analysis. 

Table 2. Cross-validation of the coal fires from Landsat and ASTER imageries. 

Data Type Acquisition Time Spatial Resolution 
Coal Fires Extracted  

from Satellite Data 

Intersection Part of  

Coal Fires (%) 

ETM+ 29 May 2001 90 m 

90 m 

96 Pixels 

106 Pixels 
90.5 

ASTER 8 August 2001 

5.1.2. Validation of the Results Obtained from 2002 and 2003 ETM+ Band 6 Data Using the Field 

Survey Map 

The field survey map of coal fires was used in the validation of the results from the 2002 and 2003 

daytime data. The field survey was carried out in 2002 and 2003, during which time the coal fires were 

expanding fast and had been burning for nearly 50 years since starting to burn in the 1950s. By 2000, 

the coal fires had received the attention of the central and local governments, and many scientists were 

called on to investigate how to control these fires. The local mineral bureau developed a detailed 

geological survey of the distribution of the coal fires in 2002 and 2003. The resulting coal fire map at a 

scale of 1:5000 was used to validate our data from the same time period. Before the validation, the 

coordinates of the fire map were converted to WGS 84, and the spatial resolution was resampled to 60 m, 

the same as the ETM+ data. 

The results from validating the coal fire information of 2002 and 2003 indicated omission errors of 

21.5 percent and 26.7 percent, respectively, and commission errors of 3.6 percent and 1.7 percent, 

respectively (see Table 3). The low commission errors indicated that the results that were obtained from 

the multi-temporal Landsat data are good for analyzing the coal fire spreading directions. The higher 

omission error may be explained as follows: based on Figure 9, we found that areas I, II, III, IV and V 

were the primary sources of omission errors, and the primary reason for coal fires in these areas going 
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undetected may have been their depth. As is well-known, the deeper the coal fire is, the less heat is 

conducted to the surface. Consequently, temperature differences are less conspicuous, leading to more 

difficulty in discriminating coal files using the remote sensing technique. Another reason for the 

omission error may be that the spatial resolution of the Landsat data is lower, with a pixel size of  

60 m × 60 m, whereas certain coal fires may be so small that they cannot be detected. Areas VI, VII and 

VIII are the primary sources of commission errors. The primary reason for mistaking these areas for coal 

fires may be the influence of solar radiation on the surface temperatures. Another reason may be the time 

lapse effects. The coal fires expanded at an average rate of 5 m per month. Certain points may have been 

true coal fires that appeared in the 2002 results but were burnt out before the CFM was finished, whereas 

other points may have appeared as coal fires in the 2003 results but began to burn after the coal fire 

survey was completed. 

 

 Coal fires of 2002 based on ETM+ data    Coal fires of 2003 based on ETM+ data 

 FSM from 2002 to 2003 

Figure 9. Validation of the coal fire information that was extracted from 2002 and 2003 

Landsat data using the coal fire map by the field survey from 2002 to 2003, with the  

three-year results of coal fires stacked for the overlay analysis. 

Table 3. Validating the results of the coal fires based on 2002 and 2003 Landsat data using 

the coal fire map from the field survey. FSM: Field Survey Map. 

Data Type Acquisition Time Spatial Resolution 
Omission Error  

(%) 

Commission Error  

(%) 

ETM+ 20 August 2002 60 m 
21.5 3.6 

FSM 2002–2003 60 m 

ETM+ 3 May 2003 60 m 
26.7 1.7 

FSM 2002–2003 60 m 
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5.2. Analysis of the Coal Fire Spreading Direction from 1999 to 2006 

Using the automated method on the basis of statistical parameters, the areas of the coal fires were 

extracted from the multi-temporal Landsat TM/ETM+ data from 1999 to 2006 (see Table 4). However, 

it seemed complex and impractical to combine all of the satellite data when performing an overlay 

analysis. Therefore, the coal fires that were extracted from every two adjoining years of data were 

overlaid to investigate the dynamics of the coal fires (see Figures 10–13). To conveniently display the 

coal fire spreading direction, the areas of the coal fire belts were divided into three regions: A, B and C. 

Table 4. Threshold for coal fire mapping and the corresponding area based on satellite data. 

Data Type Spatial Resolution (m) Acquisition Time Threshold (K) Area of Coal Fire (m2) 

ETM+ 120 12 August 1999 316.0 309,600 

ETM+ 120 30 August 2000 313.0 651,600 

ETM+ 120 29 May 2001 316.0 684,000 

ETM+ 120 20 August 2002 308.0 770,400 

ETM+ 120 3 May 2003 315.0 838,800 

TM 120 17 August. 2004 308.0 918,800 

TM 120 7 August 2006 310.0 1,015,400 

The coal fires that were extracted from the 1999 and 2000 Landsat data were overlaid to perform a 

comparative analysis, as shown in Figure 10. In Figure 10, it is clear that fire zones II-1, II-2, II-3 and 

II-4 are in the dotted-line-rectangle B. Most of the coal fires in this area spread north or northeast, 

whereas in the northernmost part of the WCF, region C, the coal fires in zone III-1 were inclined to 

spread southwest. In the southernmost part of the WCF, area A, some coal fires, such as I-1 and I-2, 

were inclined to spread southwest, except for certain points of fire scattered around them. There were 

additional coal fires that were inclined to spread laterally away from a zone of origin to some extent. 

The central line was regarded as an original coal fire belt that had a higher temperature than that of its 

two sides, which caused the coal fires to spread laterally away from the central line. 

The coal fires that were extracted from the 2000 and 2001 Landsat data were overlaid to perform a 

comparative analysis, as is shown in Figure 11. In Figure 11, as was described above, we used a  

dotted-line-rectangle B to describe the middle region of the WCF. In region B, we found that coal fire 

zones V-1 and V-2 tended to spread northwest, whereas the coal fire zones V-3 and V-4 had a tendency 

to spread northeast. In the southern end of the WCF, coal fire zone IV in region A had a tendency to 

expand northwest. In the northern part of the WCF, the double arrow of coal fire zone VI-2 in region A 

was spreading southeast, whereas coal fire zone VI-1 was expanding laterally away from a central line. 

The coal fires that were extracted from the 2002 and 2003 Landsat data were overlaid to perform a 

comparative analysis, as is shown in Figure 12. In this Figure, in region B, it was clear that most of the coal 

fires were expanding outward in three directions: north, northeast and northwest. These fires were developing 

very fast during the period from 2002 to 2003, and the coal fire zones VIII-1, VIII-2, VIII-3, VIII-4 and VIII-5 in 

the middle region B are good examples for interpretations. Based on this figure, we can see that in coal fire 

zone VII in region C, in the southern part of the study area, the double arrow for this fire zone shows the 

spreading direction of coal fires toward both sides, from the middle southwest and northeast. In the 

northern end of the WCF in region C, the double arrow of coal fire zone IX also had a tendency to expand 
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outward in the opposite directions: southeast and northwest. 

 

Coal fires of 1999  Coal fires of 2000  Coal fire spreading direction 

Figure 10. Coal fire map from 1999 to 2000. The results of the coal fires of 1999 and 2000 

were stacked for the overlay analysis, and the coal fire spreading directions were also 

delineated as shown in this image with the 1999 ETM+ TIR band 6 data as the base map. 

According to the spatial distribution of the coal fires, we divided the entire study area into 

three main regions of coal fires. 

 

Coal fires of 2000  Coal fires of 2001  Coal fire spreading direction 

Figure 11. Coal fire map from 2000 to 2001. The results of the coal fires of 2000 and 2001 

were stacked for the overlay analysis, and the coal fire spreading directions were also 

delineated as shown in this image. 
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Coal fires of 2002    Coal fires of 2003     Coal fire spreading direction 

Figure 12. Coal fire map from 2002 to 2003. The results of the coal fires of 2002 and 2003 

were stacked for the overlay analysis, and the coal fire spreading directions were also 

delineated as shown in this image. 

The coal fires that were extracted from the 2004 and 2006 Landsat data were overlaid to perform a 

comparative analysis, as is shown in Figure 13. In this figure, coal fire zone XI-1 in area B was spreading 

approximately northeast, whereas the coal fire zones XI-2, XI-3 and XI-4 were believed to have a 

tendency to spread north. In the northern end of the study area, coal fire zone XII-1 was spreading south 

or southwest, and the double arrow of coal fire zone XII-2 shows the spreading direction of coal fires 

toward to both sides from the middle. When this coal fire burnt out after 2004, the fire was then believed 

to tend to spread east. In the southern end of the WCF, coal fire zone X-1 was predicted to spread outward 

in opposite directions: southwest and northeast. When this coal fire burnt out after 2004, the fire began 

to spread northwest. Within this same area, coal fire zone X-2 was also believed to expand northwest. 

To perform an accurate and convenient comparative analysis and to develop clear conclusions 

regarding the coal fire dynamics that were obtained from long time series satellite data from 1999 to 

2006, the results of 2000, 2002, 2004 and 2006 were chosen, using the 1999 Landsat TIR data as the 

base map to depict the spread of coal fires during that period (see Figure 14). It is important and 

conspicuous that there are 6 primary coal-fire-related thermal anomalies with linear shapes, which we 

called thermal anomaly belts. Considering the intensity and the degree of consistency of coal fire 

distribution (which can be seen by the results of coal fires that were obtained from the Landsat data), 

these coal fire belts were divided into three regions: A, B and C. Coal-fire-related thermal anomaly belt 

I was located in region A. Another four primary coal fire thermal anomaly belts (II, III, IV and V) were 

located in region B, and the thermal anomaly belts VI, VII and VIII were located in region C (see  

Figure 15). The spreading direction of thermal anomaly belt I gradually evolved and developed from 

the original spotty distribution of thermal anomalies. It is clear that the coal fire that was related to this 

thermal anomaly belt had a spotty distribution in 2000 or 2002, until 2004 and particularly 2006, after 
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which it assumed a bilateral spreading direction and expanded to form a band with a definite width. After 

2006, thermal anomaly belt I was inclined to spread north. Belt II was spreading northeast based on the 

2000 to 2006 results. Comparing the 2000 and 2002 data, we found that belt III was spreading northeast 

and that belt IV was inclined to extend northwest or northeast due to its various parts. Belts VI, VII and 

VIII were spreading southwest, southwest and bilaterally away from the belt, respectively, which can be 

seen from the analysis of the 2000–2006 data. Generally speaking, we found that the coal fires in the 

central part of the study area in the WCF were spreading north, northeast, and northwest and that the 

coal fires in the northern and southern ends of the study area were spreading bilaterally in opposite 

directions, except for certain coal fires in region A, which tended to spread north or northwest, and 

certain coal fires in region C, which tended to spread southwest. The results were also validated by later 

work of other scientists. The No. 18 (designations for coal fires were assigned by the Local Mineral 

Bureau) coal fire area, which was located in the central southern district along the boundary between the 

Suhaitu mine and Huangbaici mine (latitude 39°31′22″N to 39°31′30″N and longitude 106°38′00″E to 

106°38′12″E), is a good example of this type of research. The coal fires in the WCF were also studied 

by Kong et al. [70], with funding from a Sino-German cooperative project. Kong found that the northern 

part of the No. 18 coal fire in Wuda coal field was spreading north, the eastern part was spreading north, 

and the eastern and southern parts were extended to the north along the coal seams. The overall trend of 

coal fire development was to the north and east, and the velocity of spreading was 3 to 5 m per 

month [70], which is highly consistent with the results of coal fire spreading direction that were 

generated in the paper. 

 

Coal fires of 2004       Coal fires of 2006      Coal fire spreading direction 

Figure 13. Coal fire map from 2004 to 2006. The results of the coal fires of 2004 and 2006 

were stacked for the overlay analysis, and the coal fire spreading directions were also 

delineated as shown in this image. 
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Coal fires of 2000                      Coal fries of 2002 

Coal fires of 2004                     Coal fires of 2006 

Figure 14. Four years’ worth of coal fires results were chosen from the time range  

2000–2006. To show the coal fire spreading direction directly and simply using the GIS 

software ArcGIS and ENVI, the results of coal fires of 2000, 2002, 2004 and 2006 were 

stacked for the purpose of the overlay analysis, and the coal fire spreading directions were 

also delineated in this image with the 1999 ETM+ TIR band 6 data as the base map. 

 

 Coal fire spreading direction        Coal fire related thermal anomaly belt 

Figure 15. Coal fire spreading direction predicted based on the coal fires that were extracted 

from long-time series satellite data (See Figure 11) and the base map was 1999 Landsat 

ETM+ thermal band 6 data, which was sliced with the color table using the ENVI software. 

The lines of the coal fire spreading direction were drawn using ArcGIS software. 
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6. Conclusions 

In general, the coal fire dynamics analysis addressed the following two aspects: first, the areas of 

change in spatial extent that were affected by the coal fires and second, the propagation of coal fires that 

developed from 1999 to 2006. A marked increase in the spatial extent of coal-fire-affected areas from 

1999 to 2006 was observed in this research. The coal fires have spatially increased by nearly 0.75 km2 

from 1999 to 2006, with an average annual increase of approximately 0.101 km2. The spreading direction 

of coal fires was determined based on the coal fires that were extracted from long time series of satellite 

data. The results showed that the coal fires in the central part of the study area in the WCF were spreading 

in three directions: north, northeast and northwest. The coal fires on the northern end of the study area 

underwent net bilateral propagation, spreading bilaterally in opposite directions: south-north or 

southwest-northeast. The coal fires on the southern end of the study area underwent net bilateral 

propagation, spreading bilaterally and also in opposite directions: southeast-northwest, and some certain 

coal fires in the northern region of the study area underwent net lateral propagation with the intent of 

spreading toward the southwest. 

This study of the direction of coal fire spreading based on TIR remote sensing may be considered 

important as an attempt to investigate the direction of coal fire spreading on the scale of an entire coal 

field. The results showed that the TIR remote sensing is an available technique for detecting and mapping 

coal fires and their spreading direction, particularly in unexplored areas. The non-fixed thresholding 

method is useful and adequate for quantitative coal fire analysis. A geologic map showing the coal 

distribution is very important in investigating the direction of coal fire spreading. However, the climatic 

conditions that vary with the date of acquisition of the satellite data and the variations in environmental 

and terrain factors may have various effects on the data retrieved from satellites. Furthermore, 

the SWIR TM7 is proved to be useful to remove the impacts of overburden coal dumps on the results of 

coal fires, and the threshold of average reflectance value 0.24 appears to work well to delineate the 

overburden coal dumps. In addition, further research is required as some problems and difficulties have 

not been resolved in the paper. For instance, considering the limited spatial extent of the surface and 

subsurface coal fires, with a lower and coarser spatial resolution of Landsat TM/ETM+ thermal data, it 

is difficult to definitely delineate the surface coal fires from the subsurface coal fires because the surface 

coal fires pixel-aggregated temperature did not always attain the saturation temperature of the Landsat 

thermal channel (which is approximately 70 °C). We believe that the multi-temporal nocturnal 

satellite/airborne thermal data with higher spatial resolution may be more useful and yield more accurate 

results than daytime data because nocturnal data are unaffected by solar radiation and the topographic 

effects on thermal radiation may be negligible. In addition, the contrast between a thermal anomaly and 

the background is relatively high and conspicuous, which is helpful in coal fire information extraction. 

The coal fire spreading directions from 1999 to 2006 that were observed and imaged based on the  

multi-temporal satellite datasets were also determined by other environment and climate factors, such as 

the direction and speed of wind and the incidence of rain. Therefore, with the knowledge of the local 

environment, climate conditions and geological and geomorphological and terrain data, it is very helpful 

for us to understand the nature and principle of coal fire dynamics and the corresponding propagation. 
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