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Abstract 

Methane gas emission, accumulation, and explosion are the most important risk factors in underground coal 

mines. Hence, having a knowledge of methane gas emission potential in underground coal mines is of crucial 

importance in preventing the explosion risk, loss of life, and property, and providing miners' safety. The 

purpose of this work is to provide the prediction maps for the C1, C2, and B2 coal seams gas contents, and to 

identify high gas content panels in the Parvadeh No. 1, Tabas coal mine. For this, the data collected from 

exploratory boreholes is put into geostatistical analysis in ArcGIS in order to estimate the coal seams gas 

content in unsampled points using the kriging estimation method. Reviewing the gas content maps has 

revealed that seams of C1, B2, and C2 have gas contents more than 15 cubic meters per ton in about 84%, 

55%, and 22% of the understudied area, respectively. The present work highlights the potential and the need 

for implementation of a methane pre-drainage system, particularly in deeper longwall panels. 
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1. Introduction  

Since 1700ôs, coal mining has started in deeper 

depths in the United Kingdom, and catastrophic 

methane explosions have occurred [1]. A review 

of the statistics of global coal production shows 

that a majority of accidents with fatal outcomes 

are caused by methane gas explosions [2]. Coal 

seam gas represents a potentially significant risk 

to the safety and productivity of coal mining 

operations. The explosion of methane gas in coal 

mines in many cases has caused loss of life and 

property worldwide. For example, in the two 

years to December 2010, more than 561 lives 

were lost in coal mines as a direct result of 

methane gas explosions and outbursts [3]. 

Therefore, awareness on the amount of gas 

content in coal seams before starting mining 

operations has a significant effect on preventing 

the loss of life and property. 

Despite the potential dangers of mining 

operations, coal has many important uses, 

primarily as a fuel and a source of energy in 

electricity generation, steel production, and 

cement manufacturing. Also a closer look into the 

future trends in coal mining indicates that the 

conventional use of coal will continue at least 

until the end of this century [4] but the alternative 

use of coal such as coal-bed methane (CBM) 

production will become a common practice, 

especially from seams that are small, narrow, deep 

or near populated areas [5]. CBM is categorized 

as unconventional hydrocarbon, which is 

produced from coal seams. Research works on 

CBM have started since a few decades ago, 

particularly in the United States. 

Taking into consideration the important role of 

methane gas in mining danger, environmental 

issues, and energy production, particularly in the 

recent years, extended studies have been 

conducted on the mechanism of emission of 

methane gas in coal seams, and identifying the 

factors influencing and predicting the gas 

emission rates. For instance, Karacan [6] has 
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presented a supervised artificial neural network 

(ANN)-based CBM prediction model using a 

database consisting of the ventilation emission 

data obtained from 63 US longwall mines for ten 

years. The author has reported that there are 

various geological and operational factors 

including gas content, coal rank, depth of coal 

seam, panel dimension, cut depth, face conveyer 

and stage loader speed, and coal production, and a 

number of entries influencing the methane gas 

emission in coal mines. Also Karacan et al. [7] 

have employed the sequential Gaussian simulation 

for geostatistical modeling of the gas emission 

zone and gas content in Pittsburgh seam mines. 

Also with a preliminary study on the gas storage 

capacity and gas-in-place for CBM potential in 

Balingian coalfield (Sarawak, Malaysia), Chen et 

al. [8] have reported that the integration of gas 

content data with geological and operational data 

is a suitable method available to estimate the 

methane gas emission in coal mines, and choosing 

the necessary ventilation equipment. Lv et al. [9] 

have investigated the impacts of the dominant 

factors including the burial depth and thickness of 

the coal, gas content, porosity and permeability, 

fracturing effect, and hydrogeological conditions 

on CBM well production in high-rank coalbed 

methane fields using a bivariate correlation 

analysis and gray system theory. By utilizing the 

quantification theory, Hu et al. [10] have 

investigated the correlation between the methane 

content and the influential factors such as depth of 

coal seam, porosity, volatile material, moisture 

percentage, and coal ash. Fu et al. [11] have 

reported that the methane gas content increases 

with increase in the coalbed burial depth. They 

have also found that during the same conditions of 

burial depth, roof sealing, and gas content, the 

thicker the coal seam is, the higher the CBM 

resource potential is. Sarhosis et al. [12] have 

studied the economic modelling of coal bed 

methane production and electricity generation 

from deep virgin coal seams. They have 

concluded that the permeability of coal seam is 

one of the most effective factors directly related to 

the methane gas production rate. More recently, 

Sereshki et al. [13] have evaluated the effect of 

macerals on coal seam permeability. Also in a 

laboratory scale study carried out on the 

specimens taken from Tabas and Shahrood coal 

mines, Taheri et al. [14] have measured the impact 

of coal macerals on the level of methane gas 

emission. They have found that there is a 

relationship between the compositions of maceral 

in a coal specimen and its permeability level. 

Ghanbari et al. [15] have determined coal bed 

methane potential using rock engineering systems 

in Eastern Alborz coal mines. 

The purpose of this work was to estimate the seam 

gas content of Tabas mine coal as a preliminary 

study to evaluate the potential use of methane 

drainage system using the geostatistical analysis 

in the geographical information system (GIS) 

environment. Within coal mining, GIS has been 

used mainly for risk assessment, safety purposes, 

and CBM production potential evaluation. For 

instance, Prakash and Vekerdy [16] have 

employed GIS and remote sensing in order to 

develop a coal fire monitoring and management 

information system named CoalMan, and have 

implemented the system in North China coal 

mines. Johnson et al. [17] have proposed a GIS-

based method for modeling regional hydrogen 

infrastructure deployment using detailed spatial 

data, and applied the method to a case study of a 

potential coal-based hydrogen transportation 

system in Ohio with CO2 capture and storage 

(CCS). ķalap et al. [18] have developed a  

GIS-based monitoring and management system 

for underground coal mining safety in three levels 

as constructive safety, surveillance and 

maintenance, and emergency. In the work 

conducted by Yao et al. [19], the potential for 

CBM production from the Weibei coalfield 

(Chine) was evaluated based on the GIS-based 

AHP model together with evaluating the 

parameters including coal thickness, gas content, 

coal rank, CBM resource concentration, 

permeability, porosity, burial depth, and tectonic 

type. Sutcu [20] has employed GIS to discover the 

potential coalfields in a region in Turkey taking 

into account the formation, geologic age, 

lithology, rock types, depositional environment, 

distance to fault, and slope data of the studied area 

as variables. 

More recently, Vaziri et al. [21] have used 

geostatistical analysis in the ArcGIS environment 

to estimate the coal gas content, and build a gas 

map for the C1 seam of Tabas coal mine. The gas 

content prediction map was then combined with 

prediction maps of 

Coal Mine Roof Rating (CMRR), initial in-situ  

stress state, fault throw, and orientation in an 

integrated GIS-based model for the purpose of 

geohazard risk assessment [22]. This model was 

extended in the present work to evaluate the gas 

content of three coal seams, and its variation and 

relation with seam depth in Tabas coal mine. A 

literature survey has revealed that the gas content 

is one of the most important parameters 
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influencing the gas emission in underground coal 

mines. On the other hand, the impact of adjacent 

seams on gas emission rate in a multi-seam coal 

basin has been the research subject of few studies 

in the literature. Hence, the look into the gas 

content of three coal seams will help find a pass 

way for the potential use of the gas drainage 

technique to be used for the next deeper panels. 

2. Methodology 

In the present work, the gas contents of three coal 

seams in Tabas coal mine, Parvadeh#1, 

includingὅ, ὅ, and ὄ was estimated using the 

exploratory borehole data. For this purpose, a 

database consisting of data from 30 exploratory 

boreholes was developed. The coal seam gas 

contents in unsampled points were estimated 

using the kriging interpolation method in the Arc 

GIS environment. Finally, a zonation of gas 

contents of coal seams throughout the whole 

understudied area was presented. Figure 1 shows 

the methodology and research steps followed in 

this work. The present work made it possible to 

estimate the coal seam gas content prior to coal 

mining operations. 

 

Exploratory statistical 

analysis of the data:

Checking the data 

normality 

Searching the 

Outliers in data

Checking data trend

Data collection

Variogram

 modeling:

Semi-variogram 

diagram

anisotropy analysis

Choosing the best 

variogram

 model

Cross 

validation

Estimation maps of coal 

seams gas content

 
Figure 1. Steps for estimating gas contents of three coal seams in Tabas coal mine. 

 

3. Tabas coal mine  

Parvadeh underground coal mine is situated 

approximately 85 km SE of the city of Tabas in 

the Southern Khorasan province in Iran. The coal 

reservoir was estimated to be about 98 Mt. The 

Parvadeh basin includes five coal seams, 

namely ὅ, ὅ, ὄ, ὄ, and Ὀ. Currently, ὅ is 

under extraction using a mechanized longwall 

system. The Tabas coal basin stratigraphic column 

is illustrated in Figure 2. The average thickness, 

gas content, and geological reserve for each coal 

seam are given in Table 1. 

To the date of the present study, the panels Ὁ, Ὁ, 

ὡ , ὡȟ and ὡ  (of 27 designed panels) were 

extracted. Currently, the Ὁ panel with the 

specifications given in Table 2 is under extraction. 

The geographical location of the Tabas coal mine 

along with the layout of nine panels within the 

studied area is shown in Figure 3. 

 

 
Figure 2. Tabas coal basin stratigraphic column (after Vaziri et al. [22]). 



Mohtasham Seyfi et al./ Journal of Mining & Environment, Vol. 9, No. 3, 2018 

 

670 

 

Table 1. Average thickness, gas content, and geological reserve of Parvadeh coal seams. 

Coal seam 

Parameter 
╓ ╒  ╒  ║  ║  

Average thickness (m) 0.6 0.52 1.83 0.87 0.99 

Geological reserves (ton) 5824000 4696000 37469000 7342000 20873000 

Gas content (m
3
/ton) 8.64 12.42 17.06 12.07 13.04 

 
Table 2. Specifications of panel ╔  in Tabas coal mine. 

Parameter Width 

(m) 

Length 

(m) 

Cutting 

depth (m) 

Cutting 

height (m) 

Panel 

depth (m) 

Dip angle 

(deg) 

Methane recorded in 

exhaust air (%) 

Value 205 1150 0.8 1.9 150 18 1.02 

 

 
Figure 3. Geographical location of Tabas coal mine and panel layouts in understudied area. 
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4. Estimation of coal seam gas contents  

The gas content data gathered during the 

exploration drilling program was used to develop 

a database. A summary of the descriptive statistics 

for the database is given in Table 3. 

 
Table 3. Descriptive statistics of coal seam gas 

content data. 

Coal seam 

Parameter 
║  ╒  ╒  

Minimum  1.06 4.1 11 

Maximum 20.87 17.52 22 

Average 12.07 12.42 17.06 

Median 13 13.4 17.6 

Standard deviation 5.787 3.96 2.53 

Skewness -0.35 -0.64 -0.5 

Kurtosis 2.17 2.777 2.88 

 

In order to estimate the gas contents in unsampled 

areas, the kriging interpolation technique was 

used. The general equation of kriging estimator is 

as follows [23]: 

)1(  ( ) ( )
1=

=ä
n

*

i i i

i
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where ὤᶻὼ  is the estimated value in the ὼ 

point, ὰ is the i
th
 sample weight, and ὤὼ  and n 

represent the measured value of the i
th
 sample and 

the number of samples, respectively. 

Kriging fits a mathematical function to a specified 

number of points or all points within a specified 

radius in order to determine the output value for 

each location. It is a multi-step process including 

exploratory statistical analysis of the data, 

variogram modeling, and creating the surface 

[24].  

4.1. Data processing  
In this work, the gas content data of the three coal 

seams were processed before selecting and fitting 

the most appropriate variogram model. This 

includes the analyses given in step two in Figure 1 

(i.e. checking data normality, outlier analysis, and 

trend analysis). Interpolation techniques are 

dependent on data distribution, and provide the 

best results when the data follows a normal 

distribution [25]. In this work, the distribution of 

coal seam gas content data was checked using a 

histogram tool, as illustrated in Figure 4. As seen, 

the gas content data for the three coal seams 

follows a normal distribution. If the data is highly 

skewed, then linear, box-cox or logarithmic 

techniques are usually utilized to make the data 

normal [26]. 

1 2

3

 
Figure 4. Histogram of gas content data for coal seams 1) ╒ , 2) ║ , and 3) ╒Ȣ 

 



Mohtasham Seyfi et al./ Journal of Mining & Environment, Vol. 9, No. 3, 2018 

 

672 

 

Next, the outlier analysis was conducted to check 

the presence of the local and global errors in the 

coal seam gas content data. The semi-variogram 

cloud plot illustrating the semi-variance between 

paired data values against their distance is shown 

for the three coal seams in Figure 5. As seen, 

there are neither global nor local outliers in the 

three coal seam gas content data. 

The next step is to perform a trend analysis on the 

data to check the presence of global trend, which 

may arise due to topography. Trend, if present, 

should be removed so that the data could meet the 

condition of stationarity, which is necessary for 

using kriging as an interpolation technique. 

Existence of trend in the data was evaluated using 

the Trend analysis tool in ArcGIS, as typically 

illustrated for the gas content data of C1 coal seam 

in Figure 6. As it can be followed in the figure, 

trend is seen in both the NS and EW directions. In 

order to eliminate the effect of trend on the 

following geostatistical analysis, the trend of data 

was removed.   

 

a

b

c

Figure 5. Outlier analysis of gas content data for coal seams: a) ╒ , b) ║ , and c) ╒Ȣ  
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Figure 6. Trend analysis in ╒  coal seam gas content data. 

 

4.2. Variography 

Semi-variogram is a geostatistical tool available 

for measuring the spatial correlation of a regional 

variable. The general equation of the  

semi-variogram is as follows [27]: 

)2( ()
()( )
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where Ὤ is the semi-variogram value, n(h) is 

the number of sample pairs that are in the h 

distance from each other, and ᾀὼ  is the value of 

the variable at point ὼ. 

To actually account for the directional influences 

on the semi-variogram model, the directional 

search tool was used, and the anisotropic  

semi-variogram model was developed. In this 

research work, variography was performed using 

the spherical, exponential, and Gaussian models. 

4.3. Cross-validation 

The cross-validation procedure ignores an 

observation in the dataset, and uses the remaining 

observations to estimate the ignored observation 

using a particular interpolation technique. The 

process is repeated for each observation in the 

dataset to obtain a complete set of interpolated 

values by each technique. Validation should be 

carried out before producing the final surface, 

where it helps in making an informed decision as 

to which model provides the best predictions 

should have [28]. The best-fitted semi-variogram 

model parameters for the gas content data of the 

three coal seams are given in Table 4. 

For a model that provides unbiased predictions, 

the mean prediction errors (MPEs) should be 

close to zero. Again, for a correct assessment of 

the variability, and to check if the prediction 

standard errors are appropriate and valid, the  

root-mean-square prediction error (RMSPE) and 

the average standard prediction error (ASE) 

should be similar, and the root-mean square 

standardized prediction error (RMSSPE) should 

be close to one [26, 29].  

The results of cross-validation and also prediction 

error for each semi-variogram model selected for 

the C1 and B2 coal seams are shown in Figure 7 

and Table 5. As shown in Figure 7, the differences 

between the measured and predicted data values 

are small, indicating a high accuracy level of the 

selected model. 

 
Table 4. Best-fitted semi-variogram model parameters of coal seam gas contents. 

Parameters 

 

Coal seam 
Model 

Nugget 

effect 

Lag size 

(m) 

Number 

of Lag 

Neighbors 

to include 

Include 

at least 

Large diameter of 

anisotropy ellipse (m) 

╒  Spherical 0.076 90 12 11 4 1066 

╒  Exponential 0 100 12 10 5 1185 

║  Spherical 6.8 200 12 14 7 2331 

 

 


