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A B S T R A C T   

The subsidence in coal mines induced by surface and subsurface fires leading to roof collapse, infrastructure loss, 
and loss of lives is a prominent concern. In the study, satellite imagery from thermal and microwave remote 
sensing data is used to deduce the effect of coal fires on subsidence in the Jharia Coalfields, India. The Thermal 
Infrared data acquired from the Landsat-8 (band 10) is used to derive the temperature anomaly maps. Persistent 
Scatterer Interferometry analysis was performed on sixty Sentinel-1, C-band images, the results are corrected for 
atmospheric error using Generic Atmospheric Correction Online Service for InSAR (GACOS) atmospheric 
modelling data and decomposed into vertical displacement values to quantify subsidence. A zone-wise analysis of 
the hazard patterns in the coalfields was carried out. Coal fire maps, subsidence velocity maps, and land cover 
maps were integrated to investigate the impact of the hazards on the mines and their surroundings. Maximum 
subsidence of approximately 20 cm/yr. and temperature anomaly of up to 25 ◦C has been observed. The findings 
exhibit a strong positive correlation between the subsidence velocity and temperature anomaly in the study area. 
Kusunda, Keshalpur, and Bararee collieries are identified as the most critically affected zones. The subsidence 
phenomenon in some collieries is extending towards the settlements and transportation networks and needs 
urgent intervention.   

1. Introduction 

The efficiency of a country’s industries and production largely de
pends on the natural sources of energy. Coal mines are the lifeline for 
electricity generation, accounting for 38.4% of the world’s total elec
tricity production (Bódis et al., 2019; World Energy Outlook, 2018). 
However, contamination of air, water, and soil due to the coal mines 
result in severe health problems for the surrounding neighbourhoods. 
With improper planning and inefficient executions, the issues also 
multiply to include coal fires, land subsidence, and roof collapse, which 
unfortunately has become a frequent scenario. 

Coal fires, ignited by forest fires, lightning strikes, or human actions, 
are significant causes of subsidence in coal mines (Chatterjee et al., 
2007). Coal fires burn the underground coal and create voids leading to 
land subsidence, which in turn aggravates the coal fires by creating 
cracks and fissures at the surface that serve as inlets for oxygen. Also, 
gases formed due to subsurface coal fires create pressure resulting in 
cracks and surface uplift (Rosema and van Genderen, 1995). Mine 

subsidence shows a localized pattern as the mining generally does not 
cover a large area. The order of subsidence varies with the method of 
surface or underground mining employed. Sometimes multiple factors 
such as illegal and undocumented mining, coal fires, illegal settlements, 
type of soils, etc., come together to accelerate the subsidence phenom
enon. When continued for long intervals, this subsidence may lead to 
roof failure and eventually collapse. Coal fires directly impact the 
environment, coal reserves, and coal mine workers and indirectly affect 
the economy of the country and the safety and well-being of society. 
Inundation is also a significant hazard in coal fields, filling the hollow 
undergrounds with water due to the sudden rush of surface water into 
the mines, especially during monsoon season (Bringemeier, 2012). The 
risk due to mine inundation is a threat to mine workers as the sudden 
inrush of water prevents their escape from underground mines and traps 
them. Deng et al., 2017 has identified 105 coal mine risks, out of which 
coal fires and roof collapse are identified as the most severe risks, and 
controlling them could help decrease 26% and 33% of the total risk 
factor, respectively. During 1947–2010, nearly 60% of the disasters in 
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the coal mines in India are due to coal mine fire, explosion, subsidence 
and roof collapse. Roof falls account for more than a quarter of deaths in 
coal mines (Kumar and Pathak, 2001). 

With the increase in demand for coal due to the industrial revolution, 
illegal and unplanned mining also increased in India. Sometimes the old 
and abandoned mines go untraced due to the unavailability of the 
mines’ records (Chatterjee et al., 2016; Singh and Dhar, 1997). This has 
led to several disasters in the mining areas and substantially damaged 
the infrastructure, coal resources, and lives (Gupta et al., 2013; Prakash 
et al., 2010). Jharia Coalfields, the largest and one of India’s oldest 
coalfields, is home to precious prime coking coal in the country. They 
are critically affected by coal fires leading to subsidence due to their 
poor management in the past. In JCF, the first coal fire was reported 
more than a century ago, in 1916 (Pandey et al., 2016). Coal fires are so 
frequent that they consumed more than 2 million tonnes of coal between 
2018 and 2020 (Limited, 2020). Currently, about 70 fires are burning in 
the Jharia coalfield, which is the highest among all coalfields in India 
(Chatterjee et al., 2015; Stracher and Taylor, 2004). There have been 
several incidences of damages due to the coal fires and subsidence. 
Transportation lines are abandoned, houses are affected, and thousands 
of people are displaced. Most recently, in Dec 2020, a woman was burnt 
alive after being sucked into a hole created due to a sudden roof collapse 
caused by fires underneath. Due to the severity of the coal fires and the 
subsidence induced by them, a detailed analysis of these hazards is 
necessary. 

Traditional coal fire detection methods using handheld radiometers, 
thermocouples, Boreholes, temperature loggers, and other geophysical 
methods are time-consuming and require human presence near the 
burning fires and unreachable areas (Gangopadhyay et al., 2012; 
Kuenzer et al., 2008). Alternatively, satellite thermal imagery had 
become a vital tool to identify the fires and temperature changes over a 
large area from a relatively safer distance by exploiting the relation 
between the emissivity and radiant temperature. Using this technique, 
several researchers have identified and quantified the surface and sub
surface coal fires in the mines (Chatterjee, 2006; Saraf et al., 1995; Singh 
et al., 2017; Zhang et al., 2004). 

Simultaneously, DInSAR (Differential Interferometric Synthetic 
Aperture Radar) has become a powerful tool to calculate and monitor 
land deformations caused by various natural and human-made activities 
(Haghighi and Motagh, 2017; Massonnet and Feigl, 1998; Motagh et al., 
2007, 2008, 2017; Rosen et al., 2000). It uses the phase components of 
two or more Synthetic Aperture Radar (SAR) images to generate the 
interferogram and extract the deformation volume and intensity (Cro
setto et al., 2016). SAR technology has taken a new turn with the 
Sentinel 1A and 1B constellation on-board since the data provided is 
open source and covers almost the entire world. However, DInSAR is 
prone to errors due to atmospheric interactions and noise. This can be 
minimized by combining several interferograms and generating time- 
series information. Advanced InSAR time-series techniques such as 
Persistent Scatterer Interferometry (PSI) and Small BAseline Subset 
(SBAS) can measure continuous deformations up to millimetre level 
(Agarwal et al., 2020; Awasthi et al., 2020; Berardino et al., 2002; 
Crosetto et al., 2016; Haghshenas Haghighi and Motagh, 2019). 

Various studies have used advanced DInSAR techniques to estimate 
the coal-fire induced subsidence. For example, Jiang et al., 2011 used 
PSI, stacking and 2-Pass DInSAR techniques to measure the subsidence 
in Wuda coalfield, Northern China using ENVISAT ASAR images. The 
results are compared to the coal fire data obtained from field surveys, 
and the effect of subsidence on coal fire zones is estimated. The results 
also highlight the development of new coal fire areas leading to new 
subsidence zones. Zhou et al., 2013 used ALOS-PALSAR data to calculate 
the deformation in the Wuda coalfields by stacking method and 
compared it with the coal fire maps obtained from fieldwork and found 
several locations affected by both hazards. Liu et al., 2019 has combined 
the Persistent Scatterers (PS) and Distributed Scatterers (DS) to estimate 
the subsidence in Miquan Coal Fire Zone in Xinjiang, China. The sub
sidence results accurately match the coal fire point information obtained 
from drilling technology. Pinto et al., 2014 used a stack of 19 TSX 
Stripmap images for the PS analysis covering the dry season in the Azul 
open pit manganese mine located in Carajás Province, Amazon region 
and detected significant land subsidence over the north waste pile 
region. 

Fig. 1. Jharia Coalfields.  
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Since the 1990s, several studies on coal fires and land subsidence in 
Jharia have been conducted using thermal and radar remote sensing. 
Chatterjee et al., 2010 used InSAR coherence and phase information to 
delineate the un-reclaimed, abandoned or closed opencast mines from 
active opencast mines with spectral signature analysis of optical 

imagery. Chatterjee et al., 2015 has compared the efficiency of ALOS- 
PALSAR (L band), ENVISAT (C band) imagery, GPS, and Precision 
levelling for monitoring the fast-moving and slow-moving subsidence 
regions in the Jharia Coalfield. Mishra et al., 2020 delineated coal fires 
at JCF using iterative techniques with the help of Landsat imagery 

Fig. 2. Land Cover map of Jharia Coalfields.  

Fig. 3. Methodology chart.  
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captured between 2001 and 2016. They observed that even though the 
coal-fire affected area remained the same, only 12% of the coal fires in 
2001 continued burning, meaning that the fires spread to new places. 
Roy et al., 2015 identified that the wintertime Landsat-8 imagery could 
detect the coal fires in JCF effectively. 

In this research, coal fires and subsidence in the Jharia Coalfields are 
investigated using thermal imagery and SAR imagery. For the first time, 
we have estimated the intensity, spatial coverage and temporal evolu
tion of the coal fires and land subsidence in Jharia Coalfields and 
evaluated the correlation between the two hazards. We have used the 
latest satellite remote sensing observations from Sentinel-1 and Landsat- 
8 to overcome the limitations in the datasets used by previous studies, 
such as large temporal baseline and limited acquisitions. The subsidence 
and coal fire phenomenon in the JCF is limited to few locations. Thus, 
we identified the individual collieries based on the hazard patterns to 
highlight the hazard scenario in each zone. Further, we performed a 
deeper analysis of each hazard zones. Our study can form a basis to focus 
on the critical collieries for further studies and in implementing disaster 
management measures. 

2. Study area 

Jharia coalfields (JCF), named after the significant coal-bearing 
town, Jharia, in Dhanbad district of Jharkhand state, India, covers 
about 400 sq. km between 86◦05′ − 86◦30′ East and 23◦35′ − 23◦55′

North (see Fig. 1). Nearly half a million people reside in the 58 villages 
inside the coalfield region. The Jharia coalfields are divided into 18 
administrative zones and 89 collieries. They are home to 9 opencast 
mines and 31 underground mines. The mining techniques used here are 
the board and pillar technique and longwall mining. 80–100 million 
tonnes of coal is produced every year with the help of nearly 50,000 
workforces (Limited, 2020). 

A land cover map of the study area is shown in Fig. 2. Damodar river 
passes through the southern end of the coalfields. Transportation, 
including roads and railways, is predominantly in the northern part of 
the study area. Most of the study area is occupied by barren lands, while 
coal mines lie in the North and East parts. Residential areas are near to 
the mines since most people are employed in the coalfields. Vegetation 
includes farmlands, parks, forests, and reclamation sites that are con
verted into gardens. The topography of Jharia is nearly flat, and hence 
the effect of differential solar heating can be neglected. 

The lower part of JCF consists of exposed Gondwana rocks. The 
crystalline gneiss surrounds Gondwana strata. The strata consist of rocks 
belonging to Talchir and Damuda series. Damuda series include Rani
ganj series, barren measures and Barakar series. In the western part, 
Dolerite dykes, and in the barakar formation, mica-peridotite dykes and 
sills are present (Verma et al., 1979). Barakar series in the North and 
Eastern part of the coalfields are actively being mined and are prominent 
for coal fires. Raniganj series in the south-western part of the coalfields 
have suffered much subsidence, and the mining in this area is now 
highly tricky. The general dip angle of the formation is 10 with up to 70 
at certain places near the southern boundary fault (Borah et al., 2017). 
The strike of the formation is West-Southwest to East-Northeast in 
general (Cell, 2017). The thickness of the coal seams is up to 4.8 m in one 
lift and goes up to 12 m for multi lift and multi-section mining. The 
average depth of the underground workings is 250 m (Saxena, 1991). 

3. Methodology 

For the study, satellite imagery from thermal and microwave regions 
of the electromagnetic spectrum is used. The study is divided into two 
phases to monitor the change in the coal fire and subsidence phenom
enon. Phase-I includes November 2017- April 2018, and phase-II is from 
November 2018 to April 2019. Data from the winter season is used to 
minimize the errors due to differential solar heating and atmospheric 
interactions. A flowchart for the methodology is presented in Fig. 3. 

3.1. Thermal remote sensing 

The thermal Infrared data acquired from the Landsat-8 thermal band 
(band 10) is used to derive the temperature anomaly maps of the study 
area (Table A1). The spatial resolution of the Thermal Infrared Imaging 
Spectrometer (TIRS) is 100 m. 

Upon touching the surface of a body, some part of the incident ra
diation gets absorbed and later emitted from the body depending upon 
the object’s emissivity to maintain temperature equilibrium. Thermal 
remote sensors such as TIRS capture and store the top of the atmosphere 
electromagnetic radiation, which lies between 8 and 14 µm and 3–5 µm 
wavelength region, emitted by the target. The relationships between the 
electromagnetic radiation and the kinetic temperature of the body can 
be exploited to compute the Land Surface Temperature (LST) using the 
emissivity information obtained with the help of Plank’s constant, 
Boltzmann’s constant, and NDVI values of the target area. 

The temperature data from TIRS images, stored as digital numbers, 
are converted to atmospheric radiance values using the emission resis
tance factor. The Satellite Brightness Temperature is calculated from the 
top of the atmosphere radiance values in the next step. Using the NDVI 
image from Red and NIR bands, land surface emissivity is calculated. 
And then, emissivity is calculated from the land surface emissivity 
values. Finally, LST is computed using at-satellite brightness tempera
ture (BT), operating wavelength of the sensor, and emissivity (e) as 
given in equation (1). 

LST =

⎛

⎜
⎜
⎝

BT

1 + λ
(

BT
1.4388

) ∗ ln(e)

⎞

⎟
⎟
⎠ (1)  

3.2. InSAR analysis 

Sixty (60) Sentinel-1 images (Tables A2 and A3) captured in 
ascending and descending directions are obtained for the PSI analysis 
using the Stanford Method for Persistent Scatterers (StaMPS) method 
(Hooper et al., 2012). The PSI method implemented in StaMPS exploits a 
PS selection algorithm using phase characteristics to identify PS in 
natural terrains. Moreover, it does not require a priori deformation 
model (Hooper et al., 2010). 

Several steps are involved in the pre-processing of SAR data. Initially, 
precise orbit files are applied to the Sentinel images. Appropriate bursts 
covering the study area are selected, and TOPSAR Split is carried out. 
Later, the best master image is chosen considering the temporal base
line, perpendicular baseline, and least atmospheric interaction and co- 
registered with all the slave images of the particular phase. This co- 
registered stack is used to generate interferograms by cross- 
multiplication of the master image with the slave images. Further, the 
DInSAR images are created by subtracting the topographic component 
from the interferograms using three arcsec resolution (90 m) Shuttle 
Radar Topography Mission (SRTM) DEM. SNAP (SentiNel Application 
Platform) was used for the pre-processing (Blasco et al., 2019). 

Pre-processing is followed by Persistent Scatterer Analysis as 
implemented in the StaMPS method (Hooper et al., 2012). Initially, an 
amplitude dispersion index of 0.4 is chosen for identifying the perma
nent scatterers. For every interferogram, the phase noise value is esti
mated using the Combined Low-pass Adaptive Phase (CLAP) filter for 
the given filter grid. This is an iterative process. After that, based on the 
noise characteristics estimated in the previous step, the PS points are 
filtered. Some pixels whose amplitude is due to the contribution from 
the neighbouring ground resolution elements are weeded out to reduce 
the noise. Spatially uncorrelated look angle (SULA) is corrected in the 
wrapped phase information of PS points. Phase unwrapping of the PS 
points is done at a grid size of 50 m × 50 m using the 3D unwrapping 
method. Further, spatially correlated DEM error due to the inaccurate 
DEM or imprecise mapping of DEM to the Radar coordinates is estimated 
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and removed. The atmosphere component and orbital component in the 
master image are also calculated in this step. Finally, the atmospheric 
filtering of the unwrapped interferograms is performed. The results from 
the analysis include wrapped and unwrapped interferograms, estima
tions for atmospheric, orbital, DEM errors, velocity maps, and time se
ries maps. 

The interferograms are corrected using GACOS atmospheric model
ling data to minimize the errors due to atmospheric interactions in the 
PSI results. Generic Atmospheric Correction Online Service for InSAR 
(GACOS) by New Castle University provides high spatial resolution 
zenith tropospheric delay maps for the InSAR tropospheric corrections 
(Yu et al., 2018). Atmospheric sounding data provided by the University 
of Wyoming consists of the details of the atmosphere’s physical prop
erties, such as temperature, pressure, wind speed, wind direction, etc., 
twice a day, every day, for selected locations. For the study, sounding 
data of the nearest station, Ranchi, and the GACOS atmospheric 
modelling data covering the study area are collected. Toolbox for 
Reducing Atmospheric InSAR Noise (TRAIN) package is employed to 
performs atmospheric noise removal using GACOS atmospheric model
ling data (Bekaert et al., 2015). Initially, Refractivity, the mean LOS 
delay, and the displacement are computed based on the given processing 
parameters such as the wavelength of the SAR data, look angle and 
sounding data, etc… For each GACOS image, a zenith tropospheric dry 
and wet delay is computed. Interferometric phase delays are calculated 
and subtracted from the interferogram stack using the look angle and 
wavelength. 

The subsidence information obtained from the ascending and 
descending datasets after all the corrections is the line-of-sight defor
mation, meaning that the deformation is either towards or away from 
the side looking satellite. Hence, the information should be decomposed 
into vertical and horizontal deformation values for quantitative analysis. 
Initially, the ascending (dasc) and descending (ddsc) datasets are cross 

multiplied using the header angle (α) of the satellite and incidence angle 
(Θ) of the pixel to generate vertical (dver) and horizontal (dhor) defor
mation maps using Eq. (2). The generated vertical subsidence map 
represents the deformation along the nadir line, while the horizontal 
deformation map represents the deformation along the Earth’s hori
zontal surface. 

dasc
ddsc

=

(
cosΘasc − cosΘascsinΘasc
cosΘdsc − cosΘascsinΘasc

)(
dver
dhor

)

(2)  

3.3. Hazard zonation and vulnerability analysis 

In JCF, each colliery or group of collieries have their mining plan and 
execution methods. Thus, the subsidence phenomenon in each region is 
independent and have no connection with the others. So, to study each 
hazard area more effectively, it is divided into zones. The zones are 
divided based on the results obtained from remote sensing observations. 
Each zone comprises one or more collieries affected by the hazards. The 
subsidence area and velocity are calculated for each phase and 
compared between each other. The effect of these hazards on the 
neighbouring population and infrastructure is discussed. 

The area under the influence of coal fire and land subsidence hazards 
is extracted, and the spatial coverage of both hazards is calculated by 
integrating the land subsidence map and coal fire map. The hazards are 
classified into four: low, medium and high and very high, to provide a 
comprehensible visual interpretation of their distribution. Subsidence 
velocities less than 1 cm/yr are identified as background noise by visual 
inspection. The impact of subsidence beyond 10 cm/yr is dangerous 
even in locations with minimal human presence. The areas with high- 
temperature anomaly are either surface fires or high intense sub- 
surface fires. Information on the classification of hazard levels is pro
vided in Table 1. 

Later, this hazard map is overlaid on the land cover map to identify 
the vulnerable areas. A land cover map (Fig. 2) is prepared using Indian 
Remote Sensing satellite imagery, and a ground survey is regenerated 
using unsupervised classification methods and GIS techniques (Cell, 
2017). The different land cover areas over the different hazard levels are 
calculated to help understand the extent of potential damage. It com
municates the information on vulnerable areas prone to concerning 
hazards. 

Table 1 
Classification of the subsidence and coal fire hazards.  

Land subsidence (in cm/yr.) Temperature anomaly (in ◦C) Classification 

> − 10 >10 Very High 
− 10 to − 5 5 to 10 High 
− 5 to − 1 & > +1 1 to 5 Medium 
− 1 to + 1 <1 Low  

Fig. 4. Average temperature anomaly map of the study area for phase-I.  
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4. Results and discussion 

4.1. Coal fire maps 

The generated LST map represents the temperature of the study area 
at the Earth’s surface. Several such maps for the study period are 
calculated. The difference between the pixel values of LST maps for no- 
fire regions in the winters and the no fire regions in the summers is 
significant due to the difference in Sun’s radiation. For example, in the 
phase-I data from Table A1, the maximum temperature for the study 
area in Dec 2017 imagery was 40 ◦C, while the same in the April 2018 
imagery was 55.6 ◦C. To normalize this, the temperature values in each 
image are subtracted from a reference area with no active fires and 
constant emissivity values to determine the temperature anomaly in the 
study area. Due to the high density of stable features such as buildings 

and infrastructure, the emissivity value of objects in the chosen refer
ence area, Dhanbad city, remains constant throughout. Several such 
temperature anomaly maps are averaged together to generate an 
average temperature anomaly map. 

The results presented in Figs. 4 and 5 show the presence of most coal 
fires in the northern and north-eastern side of the study area where the 
mining is actively taking place. The temperature anomaly range varies 
between − 10 ◦C and +25 ◦C. The negative values belong to the Damodar 
river area, while the coal mines show maximum temperature anomaly. 
The areas with a significant temperature anomaly of more than 10 ◦C are 
considered to be affected by coal fires. Small regions inside these coal 
fire-affected areas portray the zones with the highest temperature 
anomaly of up to 20 ◦C, explaining the intense coal fire phenomenon. 
Due to the large pixel size of TIRS data, each pixel receives information 
from both fire regions and non-fire regions, which explains the lower 

Fig. 5. Average temperature anomaly map of the study area for phase-II.  

Fig. 6. Vertical subsidence for Phase-I in Jharia Coalfields.  
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temperature anomaly values. Areas with the highest coal fires lie in the 
Kusunda, Keshalpur, Mudidih, Katras Choitudih, and Tetulmari col
lieries. The spread of coal fires remained almost the same for the two 
years except for keshalpur and Bararee collieries, where new fire zones 
have emerged. Some collieries like Katras Choitudih, Tetulmari, and 
Gaslitand have seen an increase in the intensity of coal fires between the 
two phases. 

4.2. Subsidence maps 

PSI analysis was carried out on the single-master interferogram 
stack. In phase I, 1,310,826 PS points are identified for the ascending 
dataset, while 764,230 PS points are identified for the descending 
dataset. Similarly, 1,408,333 PS points and 899,497 PS points were 
identified in Phase-II’s ascending and descending dataset. Unwrapping 
of the interferograms and subsequent analysis was executed on these PS 
points. After the images are unwrapped, interferograms severely 
affected by the atmosphere errors were removed using GACOS imagery, 
and line of sight (LOS) velocity maps were computed. A similar analysis 
was carried out for the remaining dataset. These results were decom
posed to generate vertical subsidence maps. The standard deviation of 
the results outside the main deformation zone is computed to check for 
the reliability of the data. We observed a standard deviation of 1.3 cm/ 
yr, which is nearly 20 times less than the deformation range observed in 
the study. We have also analyzed the scatterplots to determine the 
correlation between the ascending and descending results (Supple
mentary Figure 1). The results show a strong positive correlation. 

Figs. 6 and 7 are the vertical subsidence maps for the two phases of 
the study period. Several localized patterns of subsidence are recorded 
in the coalfields. The significant subsidence phenomenon is taking place 
in the northern and eastern parts of the coalfields. Jharia Coalfields is 

subsiding at an average rate of 10 cm/yr to 20 cm/yr. Major subsidence 
points belong to Kusunda, Keshalpur, Tetulmari, Gaslitand, and Bararee 
collieries, where mining is actively taking place. In the southern and 
central part of the coalfields, where the rocky surface is prevalent, and 
the scope of mining is limited, the least amount of subsidence is re
ported. However, the emergence of a new subsidence zone in Bararee 
implies that the subsidence is extending towards the southern parts of 
the coalfield. 

4.3. Zone-wise analysis of coal fires and subsidence 

There are several subsidence zones in different parts of the coalfield. 
Zooming into each zone and analyzing them individually can offer 
detailed information on their subsidence and coal fire phenomenon. So, 
the subsidence maps and coal fire maps are divided into five different 
zones, as shown in Table 2. Each zone comprises one or more collieries 
affected by subsidence. In Phase-I of the study period, three major 
subsidence zones were identified over the Keshalpur, Gaslitand and 
Kusunda mines. All of the zones are in the northern and eastern parts of 
the study area. In Phase-II, two new subsidence zones belonging to East 
Katras colliery of the central region, Bararee colliery in the southeastern 
region, were identified. A different naming convention is given for the 
hazard zones identified in Phase-I (Zones I, II & III) and the hazard zones 
identified in Phase-II (Zones A & B). Vertical subsidence maps and coal 
fire maps of both the phases for each zone are compared to derive the 
relation between them. Time-series graphs for significant points over 
each subsidence zone are prepared for visualizing the intensity of sub
sidence in both phases. 

4.3.1. Zone-I (Ramkanali, Keshalpur, and West Mudidih) 
Zone-I comprises Ramkanali, Keshalpur, and West Mudidih collieries 

(Fig. 8). There is a minimal presence of settlements in the region, and the 
subsidence is limited to coal mines. Some reclamation sites inside the 
coal mine region are also affected. The major part of the subsidence is 
noticeable in the Keshalpur colliery with a velocity of up to 15 cm/yr. 
The subsiding area is spread over 0.8 sq. km, while the coal fires are also 
prominent in the colliery. Though the subsidence zone occupies a 
broader area, it coincides with the coal fire region with a temperature 
anomaly up to 15 ◦C. Between the two phases, the northward movement 
of the subsidence phenomenon with an increased velocity of up to 20 
cm/yr is observed. The coal fire maps show the increase in the extent of 

Fig. 7. Vertical subsidence for Phase-II in Jharia Coalfields.  

Table 2 
Division of collieries according to subsidence zones.  

COLLIERY ZONE 

Keshalpur, Ram Kanali, W. Mudidih Zone-I 
Katras Choitudih, Gaslitand, Angarapatra Zone-II 
Kusunda, Kustore Zone-III 
East Katras Zone-A 
Bararee Zone-B  
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Fig. 8. Spread of coal fire and subsidence hazards in Keshalpur, Ramkanali and West Mudidih collieries.  

Fig. 9. Spread of coal fire and subsidence hazards in Katras Choitudih, Gaslitand, Angarapatra collieries.  
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Fig. 10. Spread of coal fire and subsidence hazards in Kusunda and Kustore collieries.  

Fig. 11. Spread of coal fire and subsidence hazards in East Katras colliery.  
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the coal fires towards Ram Kanali colliery in the second phase. The 
subsiding area in Ram Kanali is also increased. Another subsiding area 
with an intensity of more than 10 cm/yr. broke out in West Mudidih in 
the second phase, partly overlapping with the coal fire area noticeable in 
both phases. 

4.3.2. Zone-II (Katras Choitudih, Gaslitand, Angarapatra) 
Katras Choitudih, Gaslitand, and Angarapatra are three collieries 

that form zone-II (Fig. 9). The major part of the subsidence zone lay in 
Gaslitand and extended towards the other two collieries. In phase-I, the 
subsidence is scattered over the Gaslitand colliery. However, in Phase-II, 
it is more concentrated at the tri-junction of three collieries. Time-series 
graphs show that subsidence velocity shows a slight increase in the 

second phase. Coal fires show an intensified pattern with a significant 
rise in Katras Choitudih in the second phase of the study. The subsidence 
phenomenon is expanding outwards, posing a severe threat to the lives 
of people residing within half a kilometre from the subsidence zone. 
Also, a new temperature anomaly zone is emerging and intensifying in 
the Katras Choitudih, which may lead to subsidence soon. 

4.3.3. Zone-III (Kusunda and Kustore) 
Subsidence zone-III of the study area lies in the Kusunda colliery and 

is also extended to the Kustore colliery along the border (Fig. 10). 
Kustore village lies just beside the subsidence zone. Over 1.5 sq. km of 
area is affected by subsidence and coal fires in this zone. Out of all the 
subsidence zones analyzed so far, this is the most significant one in the 

Fig. 12. Spread of coal fire and subsidence hazards in Bararee colliery.  

Fig. 13. Subsidence velocities in each zone between Phase 1 and Phase 2.  
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study area, with a subsidence velocity of 15 cm/yr in the first phase and 
an increased velocity of 17 cm/yr in the second phase. It poses a sig
nificant threat to the villages nearby, less than 200 m away from the 
subsiding area. The northern part of the Kusunda colliery, where sub
sidence was minimal, but coal fires were prominent in Phase-I manifests 
subsidence in Phase-II. The subsidence phenomenon is also extending 
towards the south. The subsidence velocity increased in the second 
phase while the coal fires continue to burn the coal. 

4.3.4. Zone-A (East Katras) 
This is an emerging subsidence zone in an area with a history of 

active coal fires (Fig. 11). This zone is spread over an area of 0.3 sq. km 
in East Katras colliery in the central part of the Jharia coalfields. The 
affected zone is less than half a kilometre far from the settlements in 
Malkera village. However, there seems to be a minimal immediate threat 
to the settlements. Negligible subsidence is seen in the first phase of the 
study, while there was a notable presence of coal fires. In the second 

Fig. 14. Comparison of Coal fire and subsidence affected areas between Phase 1 and Phase 2.  

Fig. 15. The extent of subsidence and coal fires in Jharia Coalfields.  

Table 3 
Spatial coverage of the subsidence and coal fire hazards over different types of land cover.    

mines settlements transportation Others Total 

Hazard intensity low 93.12 28.60 2.72 144.97 269.42 
medium 17.31 4.15 0.38 18.34 40.18 
high 5.28 0.30 0.04 1.68 7.31 
very high 1.02 0.01 0.00 0.12 1.16  
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phase, time-series graphs highlight that the subsidence was accelerated 
to nearly 11 cm/yr in East Katras. Coal fires have been consistent in both 
phases. 

4.3.5. Zone-B (Bararee) 
Coal fires and subsidence were minimal in the first phase in the 

Bararee colliery, which forms Zone-B (Fig. 12). However, in the next 
phase, both the coal fires and the subsidence are noticeable. Subsidence 
is accelerated from less than 5 cm/yr to 15 cm/yr within a year. The 
subsidence zone is towards the southwest of the coalfields, considerably 
away from the settlements. There is a good correlation between the area 
occupied by coal fires and the subsidence area in the region. Subsidence 
is far more intense than the coal fire phenomenon probably due to 

Table A1 
Minimum, maximum and reference mean temperature over the study area.  

S No Date (Phase-I) Temperature (oC) Date (Phase-II) Temperature (oC) 

Min Max Reference Min Max Reference 

1 06-Nov-2017 23.9 48.9 29.3 09-Nov-2018 21.5 48.0 25.3 
2 22-Nov-2017 20.6 48.8 25.0 25-Nov-2018 20.1 47.0 24.2 
3 24-Dec-2017 18.2 40 21.1 11-Dec-2018 0.6 41.0 20.0 
4 09-Jan-2018 15.6 42.2 19.2 27-Dec-2018 2.2 43.2 18.6 
5 25-Jan-2018 18.0 45.8 23.2 12-Jan-2019 16.3 45.1 19.9 
6 26-Feb-2018 22.8 48.8 30.3 13-Feb-2019 19.9 46.0 24.4 
7 14-Mar-2018 25.5 55.4 36.5 01-Mar-2019 18.7 48.1 23.1 
8 30-Mar-2018 28.3 59 38.8 17-Mar-2019 22.7 47.3 28.5 
9 15-Apr-2018 27.4 55.6 36.9 02-Apr-2019 27.8 54.7 35.6  

Table A2 
SAR data from Sentinel-1 imagery obtained for phase-I PS analysis.  

Descending Data Ascending Data 

S 
No 

Date Baseline 
(m) 

Inc. 
Angle 

S 
No 

Date Baseline 
(m) 

Inc. 
Angle 

1 03- 
Nov- 
2017 

37 55.740 1 12- 
Nov- 
2017 

41 59.110 

2 15- 
Nov- 
2017 

− 17 50.242 2 24- 
Nov- 
2017 

− 28 46.450 

3 27- 
Nov- 
2017 

− 12 45.560 3 06-Dec- 
2017 

126 42.934 

4 09-Dec- 
2017 

− 69 36.670 4 18-Dec- 
2017 

100 39.063 

5 21-Dec- 
2017 

18 36.305 5 30-Dec- 
2017 

149 34.962 

6 02-Jan- 
2018 

− 19 32.210 6 11-Jan- 
2018 

50 37.326 

7 14-Jan- 
2018 

11 30.759 7 23-Jan- 
2018* 

0 45.315 

8 26-Jan- 
2018 

− 58 32.696 8 04-Feb- 
2018 

9 32.625 

9 07-Feb- 
2018* 

0 39.485 9 16-Feb- 
2018 

26 31.727 

10 19-Feb- 
2018 

41 30.423 10 28-Feb- 
2018 

29 32.756 

11 03- 
Mar- 
2018 

64 30.169 11 12- 
Mar- 
2018 

59 35.953 

12 15- 
Mar- 
2018 

21 33.939 12 24- 
Mar- 
2018 

70 38.231 

13 27- 
Mar- 
2018 

− 36 37.860 13 05-Apr- 
2018 

87 44.478 

14 08-Apr- 
2018 

− 49 50.949 14 17-Apr- 
2018 

95 47.636 

15 20-Apr- 
2018 

− 90 37.420 15 29-Apr- 
2018 

93 61.652 

*master image. 

Table A3 
SAR data from Sentinel 1 imagery obtained for phase-II PS analysis.  

Descending Data Ascending Data 

S 
No 

Date Baseline 
(m) 

Inc. 
Angle 

S 
No 

Date Baseline 
(m) 

Inc. 
Angle 

1 10- 
Nov- 
2018 

–22 52.125 1 07- 
Nov- 
2018 

71 42.437 

2 22- 
Nov- 
2018 

− 57 41.666 2 19- 
Nov- 
2018 

− 2 45.038 

3 04-Dec- 
2018 

− 35 38.325 3 01-Dec- 
2018 

− 13 40.114 

4 16-Dec- 
2018 

− 159 27.667 4 13-Dec- 
2018 

33 34.946 

5 28-Dec- 
2018 

− 28 37.165 5 25-Dec- 
2018 

− 55 42.147 

6 09-Jan- 
2019 

− 57 32.953 6 06-Jan- 
2019 

50 35.326 

7 21-Jan- 
2019 

11 34.407 7 18-Jan- 
2019* 

0 42.098 

8 02-Feb- 
2019* 

0 42.229 8 30-Jan- 
2019 

− 31 34.583 

9 14-Feb- 
2019 

− 113 34.192 9 11-Feb- 
2019 

− 19 36.667 

10 26-Feb- 
2019 

− 35 49.698 10 23-Feb- 
2019 

− 66 34.733 

11 10- 
Mar- 
2019 

37 33.206 11 07- 
Mar- 
2019 

− 87 35.491 

12 22- 
Mar- 
2019 

54 31.019 12 19- 
Mar- 
2019 

− 16 40.843 

13 03-Apr- 
2019 

67 31.476 13 31- 
Mar- 
2019 

− 85 40.952 

14 15-Apr- 
2019 

–33 45.495 14 12-Apr- 
2019 

7 50.882 

15 27-Apr- 
2019 

9 46.731 15 24-Apr- 
2019 

− 113 41.296 

*master image 

Table A4 
Area covered by Coal fires and subsidence in various intensities in JCF.    

Coal fires (sq. km.)    

low medium high very 
high 

Total 

Subsidence(sq. 
km.) 

low 126.00 49.40 1.15 0.10 176.65 
medium 93.99 37.56 3.12 0.55 135.22 
high 1.31 2.21 1.15 0.33 4.99 
very 
high 

0.10 0.48 0.53 0.09 1.19  

Total 221.40 89.64 5.95 1.07 318.06  
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combination of different causes. A coal fire zone in the northern part of 
the colliery is consistent throughout the study period. However, the site 
has not subsided. Though this needs further investigation, the possibility 
of subsidence in the future also needs to be considered. 

4.3.6. Subsidence intensity 
In Fig. 13, the graph presents the acceleration patterns for all the 

zones between the phases. All the subsidence zones show considerable 
acceleration. Zone-A and Zone-B have a very high acceleration rate, and 
the subsidence velocity more than doubled in just one year. Zone-I and 
Zone-III show an intense subsidence phenomenon with velocities of 
nearly 20 cm/yr. 

4.3.7. The area occupied by coal fires and subsidence hazards 
A graph comparing the area affected by subsidence and coal fires for 

both phases is shown in Fig. 14. The graph shows a clear association of 
the area affected by coal fires with that of subsidence. In Zone-I, the area 
occupied by coal fires is considerably less than that of land subsidence. 
This can be due to other factors such as undocumented mining, wearing 
out of pillars and weak soils underneath, or the history of coal fires in the 
region. Subsidence and coal fires are spread over a vast area in Zone-II 
and Zone-III and highlight the need for immediate management of the 
collieries. The subsidence in Zone-A, which was almost non-existent in 
phase-I, occupied nearly 0.3 sq. km in the second phase. 

Apart from these five zones, Tetulmari, Mudidih and Kankanee col
lieries are also affected by the subsidence and coal fires. In the Tetul
mari, a small subsidence zone subsiding at 10 cm/yr occupied an area of 
0.4 sq. km. Coal fires are spreading towards the adjacent colliery, Sendra 
Bansjora. Though the subsidence was not visible in Sendra Bansjora, the 
spread of coal fires in itself is a considerable threat. Similarly, Kankanee 
and Mudidih are affected by the coal fires. While the subsidence was 
noticeable in Kankanee, a new subsidence zone emerged in the neigh
bouring colliery, Mudidih, extending the subsidence towards the 
northwest. 

4.4. Hazard zonation and vulnerability analysis 

Fig. 15 provides a visual representation of the areas affected by the 
varying intensities of coal fires and land subsidence in the JCF. Almost 
all major hazard-prone zones are in the northern and north-eastern parts 
of the coalfields. Several residential areas in the immediate vicinity are 
vulnarable to the coal-fire induced subsidence. Out of 318 sq. km. the 
area analyzed in total; areas classified as under high-hazard occupy 7.3 
sq. km. while the 40.2 sq. km. are under medium hazard areas. The rest 
of the 269.4 sq. km. is classified as areas with minimal hazards. The area 
classified as a very high hazard where both the coal fires and land 
subsidence hazards are prominent is 1.2 sq km. Detailed calculation of 
affected areas is given in Table A4. A majority of the hazard-prone areas 
are in and around the five zones discussed above. A significant part of 
medium-hazard zones belongs to residential areas around the severely 
affected coal mine areas. The residential areas, transportation networks, 
and the coal mines belonging to these high and medium hazard-prone 
zones require considerable scrutiny to manage the hazards efficiently 
and provide a safer environment for undisrupted economic activities 
and livelihoods. 

Later, different type of land cover areas under the influence of these 
hazards is calculated and presented in Table 3. The results put forth 
some critical points of concern. First, most of the very high hazard area is 
over the coal mines and slowly expanding towards the neighbouring 
settlements. More than 5% of coal mines are classified as high or very 
high hazard areas. Considering the size of the JCF, 5% is very significant 
in terms of the number of workers, quantity of affected coal reserves, 
and other resources. Transportation lines are not severely affected by the 
hazards. But, transportation lines under medium hazard zones require 
scrutiny as they are crucial for transporting the coal. The other regions 
include water sources, vegetation and forests where the human presence 

is minimal. The majority of these areas are far away from the coal mines. 
The results obtained are in good agreement with the previous studies 

and newspaper reports. In 2014, several houses in the Katras block, 
which covers collieries from Zone-I and Zone-II, subsided after devel
oping cracks over several days (Gupta, 2014). In Dec 2020, a woman was 
sucked into subsiding land in Kusunda Colliery (Network, 2020). Riyas 
et al., 2021 has observed subsidence in several collieries in JCF with 
maximum subsidence of more than 22 cm/yr between 2017 and 2020, 
with a high intense subsidence phenomenon in Kusunda colliery 
showing a good correlation with the observations presented in the 
current study. Recent incidents of damages to houses are reported in the 
Lodna colliery, where subsidence and coal fires are observed in small 
pockets (TelegraphIndia, 2020). 

Roy et al., 2015 has identified Kusunda, Katras-Mudidih, Shatabdi, 
Kujama and Nadkurkhee-Jayramdih as major coal fire areas. Coal fire in 
the Shatabdi mine is confined to small pockets. Das, 2016 has observed 
that Kusunda, Kujama, Bararee and Ena are the major collieries affected 
by coal fires. They noted that the Nadkhurkee fire is controlled by 
dumping fine-grained fly ash to stop the oxygen supply. Bharat Coking 
Coal Limited, which manages the mining operations at JCF, reported in 
2018 that Kusunda, Tisra, Lodna, Katras, Gaslitand and Mudidih were 
most affected by coal fires, as observed from field surveys (Kumar et al., 
2018). The other fire areas, including Block II OCP, Shatabdi OCP, have 
diminished between 2012 and 2017, as reported by them. During the 
same period, the total extent of coal fires is increased by 50% to 3.28 sq 
km. In our study, we have identified the presence of coal fires in almost 
all the locations mentioned above. In addition, we have also observed 
the significant presence of coal fires in Bararee, Angarapatra, Keshalpur, 
Ramkanali and West Mudidih. 

Considering the locations of the new zones, we can infer that the 
hazards are extending beyond the North and north-eastern sections of 
the coalfields towards the southern region. In total, a significant spatial 
correlation between the subsidence and coal fires is observed, with 
nearly 80% of the subsiding area in the coalmines also affected by coal 
fires, pushing the hypothesis of coal fires to be the driving force for the 
subsidence phenomenon in the mining region. Some subsidence zones 
extending towards the settlements, transportation networks, and other 
infrastructure are a matter of concern. Even though most of the areas 
affected by coal fires and subsidence are inside the coal mines, the 
adverse effects of these hazards at such a massive scale can be far- 
reaching. Loss of coal reserves, environmental degradation, dilapi
dated working conditions, and ill effects on the health of the nearby 
population, to mention a few. Our study can form a basis to focus on the 
critical collieries for further studies and in implementing disaster man
agement measures. 

Faster decorrelation and atmospheric interactions in the study area 
restrict the continuous analysis for a more extended period. Hence, the 
dry season is considered the most suitable for the study. There are some 
limitations in the current study. The 100 m spatial resolution of TIR data 
may hide fires in smaller regions and hinder their monitoring leading to 
the densification of new fire zones even before they are noticed. The 
maximum detectable deformation in InSAR is limited to half the wave
length of the sensor. For sentinel 1, this is 2.7 cm between successive 
acquisitions or 42.6 cm per year (Crosetto et al., 2016). Further, any 
unwrapping error would lead to the underestimation of deformation in 
the data. While we do not exclude the presence of unwrapping errors at 
some pixels, we did our best to check the results carefully and removed 
those interferograms exhibiting phase unwrapping errors during PS 
analysis. Besides, the , PS technique assumes that displacement is linear 
between the successive image acquisitions, which is 12 days for 
Sentinel-1. Any non-linearity within 12 days could be masked out by 
InSAR analysis due to limited temporal sampling. Future SAR satellite 
missions with shorter revisit time may overcome this and help capture 
the possible highly non-linear deformation in mining areas. Though 
Sentinel-1 A started its operation in 2014, the datasets for the current 
study area are available only from 2017. However, this can be overcome 
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in the coming years as the data keeps growing. 

5. Conclusions 

In conclusion, we have demonstrated the efficiency of multi-sensor 
remote sensing data to estimate and monitor coal fire-induced land 
subsidence in Jharia coalfields. With thermal anomaly mapping using 
Landsat 8 TIR imagery and Persistent scatterer analysis of Sentinel im
agery using the StaMPS method, we have estimated the intensity, spatial 
coverage and temporal evolution of the coal fires and land subsidence in 
Jharia Coalfields and evaluated the correlation between the two. The 
study is conducted in two phases, each covering a different period, and 
the change in hazard pattern between the phases was analyzed. The 
findings exhibit a positive correlation between the subsidence velocity 
and temperature anomaly in the study area. The coal fires and subsi
dence are spread across northern and eastern parts of the coalfields and 
extend towards the south. The results show several localized subsidence 
zones subsiding at a rate of 10 cm/yr to 20 cm/yr. A significant spatial 
correlation between the subsidence and coal fires is observed, with 
nearly 80% of the subsiding area in the coal mines also affected by coal 
fires. The results show that more than 5% of coal mines are severely 
affected by the hazards, with Kusunda, Keshalpur and Bararee collieries 
being the most critically affected zones in the Coal mines. Several sub
sidence zones close to the residential zones is a matter of concern. Our 
study can form a basis to focus on the critical collieries for further studies 
and in implementing disaster management measures. Further, to un
derstand a complete picture of factors leading to subsidence in Jharia, 
the effect of other causes such as illegal mining, abandoned and aged 
mines, inundation, and geological parameters can be studied. In closing, 
the potential of multi-sensor data in building a safer and sustainable 
ecosystem around the coal mines has been established. 
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