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Abstract
It is prudent to interpret atmospheric monitoring signals in real time for checking the safe limits of the air conditions in
underground mines. In gassy mines, real-time evaluation increases the safety of operations. In all mines, continuous monitoring
and evaluation contributes to maintaining air conditions within healthy and safe limits. Signal interpretation for safety conditions
in mines is difficult for many reasons. An increase in hazardous contaminant concentrations can be predicted by signal pattern
recognition, root cause analysis of rapid changes toward deterioration, and forward prediction in time using algorithms and
numerical models. The paper describes an early warning system for analyzing monitored signal patterns continuously in real time
as well as forward predicting the various environmental and working conditions to recognize dangerous trends that may affect
safety and health in underground mines. A dynamic, numerical ventilation model with heat and gas contaminant simulation
components is used for the analysis of atmospheric data. Methods and test results are discussed with numerical examples for
signal propagation prediction. Several mine examples are studied using controlled, synthetic data for malfunction simulations to
evaluate time delays between the detection time of suspicious signal trends and the time of dangerous threshold crossing marking
an accident scenario. Delay time is found in the order of 20 min in the examples, signifying the useful time period for preventive
intervention between EWS warning and the likely breakout of a following accident.
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1 Introduction

The challenge addressed is to maintain and augment safety and
health of the workers in the extractive industries characterized by
fast-growing scales of operations and increasing mechanization,
automation, and robotics. The rapidly shrinking workforce and
the proportionally diminished direct human feedback may create
new problems in safety and compliance lacking observation and
first-hand information about the safety and health conditions in
industrial settings. Mandated, pre-, and on-shift examinations [1]
will become problematic in automated mines. It is necessary to

rely on the application of monitoring sensor networks and auto-
matic evaluation of the signal streams for worrisome trends with
fewer humans in the loop between problem detection and pre-
ventive management action for intervention. The ever stricter
regulations for safety and health will require better ventilation
design methods and model calibrations and such tasks will re-
quire the use of artificial intelligence (AI) and machine learning
(ML) integrated in the real-time monitoring operation. For the
evaluation of worrisome signal trends, signal evaluationwill have
to include forward predictions for forecasting future outcome
possibilities for preventive measures if necessary. Such an early
warning system (EWS) has been the subject of a technology
concept investigation supported by the Alpha Foundation [2].

The focus area of this paper is the application of continuous
atmospheric monitoring system (AMS) monitoring together
with the use of dynamic simulation models and information
techniques to develop EWS for improving mine safety, related
to hazardous atmospheric conditions in a mine ventilation sys-
tem. Significant improvements may be made in mine safety
and health by the early recognition of hazards caused by heat,
combustible gases, or the accumulation of poisonous gases.
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The recognition of safety hazards by manual evaluation is dif-
ficult because of the complex nature of information and the
large amount of monitored data from measurements by atmo-
spheric sensors such as air velocity, pressure, hazardous gas
contaminants, and temperature. In order to recognize
problem-causing trends, it is necessary to evaluate continuous-
ly measured data from the AMS for time-dependent variations.

It is difficult to foresee the possible outcomes of intertwined
signatures of various problems by continuous human observa-
tion. Information technology (IT) tools with ML and AI are
necessary in addition to the mine-wide monitoring system data
and the dynamic mine ventilation model (DMVM) components
in the EWS design [2]. It has been recognized that information
and modeling technologies must accompany the AMS network
applications [3]. The response to any change in the operation
conditions, either man-caused or natural, must be interpreted by
the EWS to avoid false alarms but not to miss the evolution of an
impending event of safety hazard.

For example, a steady, continuous methane concentration
measurement together with a sharp drop in barometric pres-
sure from the AMS sensors may be a case for worry in future
time due to pressure-induced methane increase from the coal
seam or the gob. Such a future increase can only be foreseen
by a DMVM with its air parameter predictor component. The
effects of barometric pressure variation has been well recog-
nized and studied by numerical models [4–7]. Such time-
delayed trends, however, cannot be seen from the raw mea-
surement data which refer to the past time period only.

Methane is one of the most dangerous gases in mines [1, 8]
and must be kept in the focus of the EWS functions. Methane
emission models are published extensively [4, 5, 9–14].
Computational fluid dynamics (CFD) models such as Cradle
[15] and [16]or Porous-Media Transport (PMT) models, e.g.,
NUFT [17] and TOUGH2 [18] may be used for prediction of
methane release from the strata or the gob area. However, the
CFD and PMT models are both computationally extensive
with a slow response time for real-time, forward prediction
simulations in the EWS application. Either a transport net-
work solver configured for the gob, or a fast-running, surro-
gate model such as a Numerical Transport Code
Functionalization (NTCF) accelerator ([19, 20], 2013) or a
Neural Network (NN) model [10] is necessary to meet the
demand for fast computational response time. Other gas com-
ponents in the mine atmosphere are also predicted as the func-
tion of the mining conditions in the DMVM.

The necessary elements of the EWS are the applica-
tion of AI and ML for AMS signal processing together
with fast-running, real-time, ventilation and contaminant
transport models to support mine management in recog-
nizing warning trends. A new type of DMVM is needed
to represent the mine for regular operations and produce
the expected reference for continuous, automatic com-
parison with the AMS data stream.

The DMVM may stem from [21]which demonstrated the
display of real-time data within simulated dynamic modes
using LiveView™ [22]. Other ventilation software including
[21]Vuma™ [23], or MULTIFLUX™ [24–27] may also be
applicable for DMVM. A new, computational energy dynam-
ics (CED) solut ion technique is implemented in
MULTIFLUX [28] for further increasing computational effi-
ciency, making it preferable for real-time ventilation analysis
and control applications such in the EWS.

Safety improvement can be achieved by the recognition of
early trends which indicate potential safety hazards. Measures
must be taken in adequate time to counteract the interplay of
many causes leading to an accident. The study of past mine
accident scenarios related to mine ventilation [29] shows that
the accidents were preventable. However, worrisome signs of
events must be recognized during their evolution before the
chain reaction of many events may trigger a catastrophic ac-
cident. For such a complex analysis, new methods are needed
using computational model prediction together with the eval-
uation of the monitored data from the AMS by IT tools.

An additional goal of the EWS system is to support opti-
mum ventilation control assistance. Such benefits include a
report for safety factor variations with time at critical locations
for evaluating health conditions and report the occurrence of
under- or over-ventilation for supporting optimum ventilation
control (OVC) or ventilation-on-demand (VOD) control deci-
sions for cost saving without compromising safety and health.

2 Delayed Hazard Mechanisms for EWS
Applications

The time delay between a cause and the mine system’s re-
sponse in hazardous concentration increase is the key element
of EWS. Such a delayed process is shown in Fig. 1a for a
methane concentration pulse traveling from location 1 to lo-
cation 2 in an airway. The methane concentration at location 2
is expected to be lower than location 1 due to advection-
diffusion as the pulse travels with the air velocity and dis-
perses. If the concentration at location 1 is not dangerous,
likewise will be the concentration at location 2. However, if
the traveling concentration front encounters a concentration
build-up from another distributed source, it leads to gas accu-
mulation that may cross the hazard threshold after a delay
time, shown in Fig. 1b. A simple summation of the concen-
tration values from two or three distributed sources can be
performed to determine the concentration build-up at a down-
stream location. A computational model will not be required
in this case. However, the reality in a mine is more difficult.
There are numerous distributed sources with different airflow
rates and velocities which may contribute to gas accumulation
at a downstream location. The mixing equation becomes more
complex than a simple summation and as such it is necessary
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to use a numerical model capable of simulating the dynamic
mass transport processes.

Another delayed mechanism is shown in Fig. 2 depicting
methane inflow from the gob into the airway associated with a
response delay as a result of pressure-driven methane libera-
tion. Although no problem may be caused by methane release
due to slow barometric pressure changes under normal weath-
er conditions, sudden change may induce methane from the
gob into the airway as demonstrated by numerical studies [4];
a summary of the results is shown in Fig. 2.

Gas concentrations in the mine airway always change and
these changes are related to different disturbances. These
changing concentration values might reach a threshold limit
value at any location. A concentration value at a monitored
location might not be critical but the changes which have
caused a below-critical variation may simultaneously result
in a threshold value crossing at a different location other than
at the monitored location.

Threshold crossingmay be due to the continuous downstream
addition of concentration to the increasing level as a result of
cascading. Changes which may trigger continuous increase of
gas levels with a time delay may include sudden gas in-burst,
roof collapse, fan malfunction, barometric pressure changes
causing gob out-gassing, and mine fire. These cases must be
modeled with a DMVM to determine how they affect the dy-
namic signature of gas concentrations in the mine airway.

3 The Concept of the EWS

The new and innovative components in the EWS are as
follows:

a. Forecasting is made in time by the DMVM stemming
from the AMS data in accelerated, simulation time scale
to predict any likely event in the near future in real time
that may compromise safety; and

b. Forecasting is made in space by the DMVM mine-wide,
in order to evaluate safety at any critical working area,
even at a place where no monitoring station is installed.

Figure 3 depicts the schematic layout of monitored and
critical locations for the explanation of the “forecast in space”
concept. The criteria used to determine a critical location is
based on the areas that may have high concentration of gases
that could lead to threshold crossing.

While all nodes are modeled, only a few are monitored; the
critical location (C,m) may not have a monitor and a hazard-
ous concentration may be “sensed” with a model prediction.
This is an innovative element in the EWS system, improving
the limitation in current monitoring systems. Note that a crit-
ical location may not be monitored at the mine but all loca-
tions will always be predicted by the DMVM.
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The schematic diagram for EWS evaluation for accident
prevention is depicted in Fig. 4. The EWS runs five real-
time processes simultaneously, shown in Fig. 4, performing:

a. Interpretation of the AMS signals in comparison with the
DMVM real-time simulator (RTS);

b. Validation and calibration of the DMVM model against
the AMS sensor readings during long periods of regular
mining operations;

c. Identification of unexpected, deviated, AMS signal pat-
terns signifying the beginning of potentially hazard
conditions;
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Fig. 4 Schematic diagram for sensors and EWS evaluation for accident prevention
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d. Identification of plausible reasons for unusual and excessive
differences between the elevated AMS signals and DMVM
model results other than caused by possible noise or sensor
malfunction; and specification of them as root cause devia-
tions in DMVM source terms and/or boundary conditions;

e. Forward prediction with the FFP for extrapolation of the
trend with time until crossing the maximum threshold
value occurs for evaluating the need for an EWS alarm;

f. Production of a warning EWS message (if any) or a status
report to support OVC or VOD ventilation control.

The hazardous condition is checked and the accident scenario
is evaluated during its evolution to display a warning for preven-
tive measure before the “would be” accident happens in order to
avoid it.

The air parameters and their changes are simulated
by the DMVM model in fast forward prediction (FFP)
mode calculat ing gas concentrat ions at cri t ical
(forecasted) locations and critical (forecasted) time in
the near future. The FFP is a subset of the DMVM
for fast-running, short-time applications (APPS). Since
the simulation time is much shorter, by orders of mag-
nitude than the change in mine’s assumed signal at crit-
ical location in real-time, an advantage in time may be
gained for warning message for accident prevention.
The air parameters and the changes are “sensed” by
the DMVM model all over the mine including places
where there are no sensors.

Fig. 5b shows the concept of the EWS for a methane con-
centration example at an unmonitored location that may be a
critical workplace that is different from the AMS location that
triggered the hazard examination. The EWS works similarly
to that in the previous case described in Fig. 5. The only
difference is that the forward prediction is performed by the
DMVM for the unmonitored location.

4 Elements of the EWS

The EWS is designed to be embedded into the infrastructure
of a modern mine with a mine ventilation and control system.
The main components necessary for EWS to function are a
number of atmospheric sensors such as air parameter sensors
for velocity, airflow rate, relative humidity, pressure and tem-
perature, and gas concentration sensors in the order of at least
a few dozen for a mine with a few hundred airways.
Atmospheric sensors in strategic locations must be monitored
real time. Roof stability and operating parameters in the mine
should as well be recorded continuously.

The EWS requires real-time data to be passed from the
mine monitoring system for evaluation and, if necessary, for-
ward prediction. The innovative approach of the EWS is that it

links together the mine ventilation model, the data stream
from the real-time sensors, and an expert system with a fore-
casting evaluation program that provides a warning message,
flagging imminent or near-future safety hazards.

The physical components of the EWS are defined by its
functions as follows:

a. A mine-wide AMS connected to a central data processor,
a DMVM for simulating ventilation and atmospheric air
conditions in the mine, and a communication graphical
user interface (GUI) to set up the EWS;

b. Calibrator of the DMVM RTS against the AMS data
stream after low-pass, integrating filters;

c. Signal comparator to evaluate short-term differences be-
tween the DMVM RTS and the filtered AMS data and to
trigger the EWS evaluation if needed;

d. Root cause analyzer for the explanation of the triggered
event;

e. DMVM FFP (APPS) model element for analyzing the
future outcomes of the triggered event;

f. Communication interface for EWS warning and status re-
port for OVC or VOD.

The EWS is developed for use by operating mines which
already have a mine ventilation model. All modern mines have
advanced, monitoring, and mine information systems and
adopted at least one or sometimes more ventilation models of
their choice, e.g., VnetPC [30] or Ventsim [21]. It is assumed that
any ventilation software can be converted to MULTIFLUX [25,
28] used for both the DMVM and FFP (APPS) components.

The DMVM components in the EWS may be conve-
niently configured through the GUI in Ventsim. The GUI
may also be used to map the sensor system of the AMS
and relate the locations to the layout of the mine airway
system. LiveView provides the external connection of the
data sources from the sensors and displayed them in the
Ventsim GUI [21]. The GUI is an important tool for
manual interactions and tests in Ventsim, but not needed
nor sufficient for the automatic, continuous evaluation of
the AMS data stream against the real-time simulation
results of the DMVM in a continuously modeled mine.

The dynamic simulation modules in Ventsim, applied to
contaminants, gases, diesel particulate matter (DPM), and heat
provide time-dependent simulation results by tracking the
changing ventilation conditions and contaminants throughout
the mine at specific times [22]. However, the difference be-
tween the Ventsim LiveView with the dynamic simulation
modules and the DMVM FFP (APPS) in the EWS is substan-
tial as the EWS includes additional, new components:

– Calibration of ventilation, heat and gas models by inte-
grating filtering. This part is essentially important to de-
press the natural variation of the signals due to
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disturbances from mining operations and perhaps from
changes in the intake parameters; as well as raw differ-
ences between model predictions and measured data.
Comparison examples are shown in Appendix between
modeled and measured data in an operating mine,

justifying the need for automatic model calibration of
the DMVM.

– Continuous monitoring of real-time signals and evaluat-
ing the difference as deviation between model and
measurement.
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Fig. 5 Schematic diagram of a the FFP (APPS) “forecast in time” concept description using methane concentration at a monitored location and b the
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– Automatic, real-time, root cause analysis if the difference
is found beyond tolerance level to determine and verify
the likely cause of the observed difference.

– Forward prediction with the DMVM FFP (APPS) com-
ponent for checking the likelihood of accident threshold
crossing in the near future.

It is noteworthy that the DMVM with its capabilities in the
EWS application is also a desirable software element in the
OMVand VOD control systems.

Figure 6 is a block diagram showing the link between AMS
data, the Ventsim, and the EWS software.

5 Forward Prediction in the DMVM FFP

The DMVM FFP (APPS) predicts all air parameters at all
locations independently from the DMVM model element.
The DMVM and the FFP (APPS) model element run on two
different time scales. The two models share the same baseline
Boundary Conditions (BC) and the airway flow and transport
properties. The FFP (APPS) predictor model is controlled by a
set of BC and source terms, representing the information of
the changing conditions from normal operations. The baseline
BC and source terms for normal mining operations are iden-
tified and tuned by the calibration of the DMVM (and allowed
to change only by the automatic calibration slowly by inte-
grating, low-pass filtering in weeks, days and perhaps even in
shifts but not in hours). The BC and source terms in the trig-
gered EWS evaluation by the DMVM FFP are deviated from
those of the baseline values by the root cause analysis for the
suspicious conditions, checked and corroborated against the
mining operations, including mine production data (MDP),
VOD control data if available, roof stability monitoring data
(RSM), in addition to the AMS data.

Forward prediction algorithms are developed, using the FFP
in predictor mode. Two methods are available: (1) fast, direct

simulation with the DMVM and (2) an innovative, differential
forward prediction algorithm based on the use of the Jacobian
matrices between differential BC parameters and differential re-
sponses for air flows, concentrations of critical mine gas compo-
nents, and heat. Direct simulation deals with the CED solution of
the entire mine model [28] whereas the Jacobian model is a pre-
processed, matrix-vector algorithm. The forward prediction time
with the Jacobian model is short, requiring only matrix-vector
multiplications. However, the direct simulation method is prefer-
able due to the high computational efficiency of the
MULTIFLUX solver engine. For example, the CPU solution
time of a 27,000-branch mine flow network model is 1.6 s in a
laptop computer with a single Intel i7 core [28].

Figure 6 is a block diagram showing the link between AMS
data, Ventsim software, and EWS software.

6 Testing the EWS and Flagging Safety
Criticality Conditions at Critical Location

Data from the sensors are collected at regular time intervals in
real applications. In this study, emulated, synthetic data used
in lieu of real sensor data for two reasons: first, accidents are
rare and not expected, nor desired to occur during the tests of
the EWS; and second, to be able to conduct the tests under
controlled, known initial, and boundary conditions. The syn-
thetic data are emulated using the native DMVM mine venti-
lation model that is assumed to be calibrated. Therefore, no
systematic error is suspected in this study simplifying the need
for the performance validation.

The test comprises of using the “blind” emulated sensor
data; analyzing the trends of the signals for the root cause of
the changes; and forward predict from that point the possible
outcome of the perceived scenario. If threshold crossing for
criticality is found from the DMVM FFP model element, the
test is considered successful for hazard prediction. The critical
elements for success are (a) the accuracy of recognizing the
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root cause of an unexpected signal change, crossing the toler-
ance limit of normal regime, and (b) the timely forward pre-
diction, much faster than real-time of future outcome of the
disturbance riding toward an accident in real time.

7 Concept Demonstration by Modeling
of Hazardous Scenarios

The EWS system is tested by numerical simulations in its ability
to identify hazardous atmospheric events in the ventilating air of
the mine by comparing expected trends from a calibrated, dy-
namic ventilation model with those from monitored signals; and
forecast hazardous scenarios during their evolution but before the
thresholds for accidents are crossed for preventive interventions.

The atmospheric conditions in an operating mine regularly
undergo significant but harmless variations which must be
distinguished from those which may lead to accidents. To
illustrate the challenge, examples are shown in Figs. 14 in
through 18 in the Appendix for the range of expected varia-
tions in air velocity, temperature, barometric pressure, and
relative humidity from mine measurements as well as from
numerical simulation using two different ventilation models,
MULTIFLUX and Ventsim. As shown, the confidence bound
for signal variations may be quite wide and the numerical
simulations, if not continuously calibrated as shown, may
miss even the wide confidence bounds from the monitored
signals [4].

7.1 Description of Dynamic Model Calibration

As part of the concept demonstrations, the necessity of dynamic
model calibration is studied in an example. The DMVM model
in MULTIFLUX is calibrated to match a time-dependent tem-
perature simulation with variable air temperature measured in an
operating mine. The goal of the simulation is to demonstrate the
improvement in the agreement between monitored signals and
the simulated result from the DMVM by model calibration that
can be dynamically performed in real time over a slidingwindow
of time-averaging. The simulation process uses hourly tempera-
ture values for a 32-day time period in the mine. The DMVM is
set up for the vertical intake shaft in the mine, shown in Fig. 7.
The DMVM includes dynamic, thermal-humidity model ele-
ments for advection, convection, and friction heat in the shaft;
heat sources due to the intake fan and auto-compression in the
600m deep intake shaft; and time-variable heat conduction in the
rock strata around the airway.

7.2 Description of Modeled, Hazardous Scenarios

Typical scenarios are modeled and checked in forward-
predicting mode: (1) methane in-burst from encountering a
pocket at the face; (2) airway blockage as a result of partial

collapse of a hazardous roof section in a mine; (3) atmospheric
barometric pressure variations causing methane inflow from
the gob; (4) booster fans malfunction and fan starts or stops
causing barometric pressure variation that may trigger pres-
sure unbalances and methane inflow from sealed areas, seams,
or gob; and (5) fire heat load.

Table 1 summarizes the typical, modeled scenarios using
two coal mine examples. The schematic layouts of mine 1 and
mine 2 are depicted in Fig. 8 and Fig. 9, respectively. Eighteen
selected, observed locations are marked in the models. These
locations are represented in the models using markers called
“dynamic monitors” in Ventsim. The observed locations in-
clude assumed monitoring sensor positions and critical loca-
tions (which are not necessarily monitored), determined by
knowing the dangerous locations in the mine.

The modeling process is performed in two parts. First, the
DMVM model is used and data are generated from it emulat-
ing sensors’ output for a modeled malfunction situation.
Second, the emulated sensor signals at some observed loca-
tions are used as assumed monitored data input to trigger the
EWS system at 0.5%methane concentration. Since the signals
are simulated, there is no need to start at 0.4% concentration as
a first trigger level shown in Fig. 5a and b, nor is it necessary
to re-check the signal trend at 0.6% concentration in the tests.
Once the 0.5% methane concentration threshold limit value is
crossed at any sensor, the EWS is triggered to start with a root
cause analysis, followed by the forward prediction with the
DMVM FFS at all locations. If the forward-predicted values
lead to a threshold crossing of 1% methane for stopping work
in a coal mine [1], an EWS alarm state is reached.

Ven�la�on sha�:
Variable intake air temperature
Auto-compression
Strata heat
Fric�on heat
Time-variable strata heat

ACR5

Produc�on zone

Outside

Fig. 7 The ventilation shaft in the DMVM model calibration example
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The delay time is determined as the time required for the
methane concentration to cross the threshold limit value of 1%
for a particular critical location from the time the sensor triggers
the EWS at 0.5% methane concentration. The delay time minus
the computational time of the DMVM FFP is available as the
advance time for preventive interventions. This approach is used
in all five EWS concept demonstration examples. The DMVM
FFP simulation takes approximately 2min from the time a signal
crosses the 0.5% methane threshold to the time of finishing the
forward prediction reaching the 1% methane concentration
threshold limit value. The simulation time of approximately
2 min has to be deducted from the delay time to determine the
actual time gain for management to take action.

The time-dependent methane concentration results for
each of the five scenarios are presented in three parts:
(a) the native DMVM model simulation results, (b) the
emulated sensor signals from the DMVM RTS used as
monitored data input to trigger the EWS system, and (c)
the DMVM FFP output signals.

The various cases modeled are described as follows with
the corresponding methane sources given in Table 2.

a. Two methane sources (scenario 1A, coal mine example 1)
Gas in-burst is modeled by injecting only two methane

sources: S2 the working face and S3 in the longwall return.
b. Three methane sources (scenario 1B, coal mine example 1)

Gas in-burst is modeled by injecting three methane
sources: S1 at the upstream of the working face in addition
to S2 and S3 with the same concentrations and flow rates as
in scenario 1A. The same sensor locations are used.

c. Three methane sources (scenario 1C, coal mine example 2)
Gas in-burst into the mine airway is modeled by injecting

three methane sources S1, S2, and S3 in the same locations
as in 1B.

d. Airway blockage as a result of partial collapse of a hazardous
roof section in the mine (scenario 2, mine example 1)

This scenario is modeled by blocking one of the intake
airways (branch 758) upstream of S2 and S3 sources, after
10 min into a 2-h simulation. Two methane gas sources S2
and S3 are modeled. In order to mimic an airway blockage,
the resistance in branch 758, which is about 1066.8 m
(3500 ft) away from the longwall face is increased from
0.00170 to 8000 Ns2/m8.

Observed 
location

Fresh air

Return air

Legend

Fig. 8 Layout of coal mine example 1 with methane sources and monitored sensor locations in Ventsim

Table 1 Modeled hazardous
scenarios used in demonstrational
examples

Case Scenario Hazard type Mine layout example

A 1A (Base case for scenarios 2 and 3) Methane in-burst (2 sources) 1
b 1B Methane in-burst (3 sources) 1
C 1C (Base case for scenarios 4 and 5) Methane in-burst (3 sources) 2
D 2 Airway blockage 1
E 3 Atmospheric barometric pressure variations 1
F 4 Fans malfunction 2
G 5 Fire heat load 2
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e. Atmospheric barometric pressure variations causing
methane inflow from the gob (scenario 3,mine example 1)

One methane gas source S2 is modeled in mine exam-
ple 1. The effect of barometric pressure change upon
methane inflow from the gob is modeled using the
NTCF method [4] assuming a 2 kPa (2000 Pa) pressure
drop relative to a previous, steady-state value of 100 kPa
in 20 min and keeping it low for an hour.

f. Fan malfunctioning (scenario 4, mine example 2)
A partial fanmalfunction ismodeled inmine example 2,

by reducing one of the fans’ static pressure by 30% (fan #4
in branch 230) on the surface connected to the return shaft
after 10 min into a 2-h simulation. All three methane
sources, S1, S2, and S3 are kept unchanged.

g. Fire heat load (scenario 5, mine example 2)
Fire load is modeled using conveyor belt fire with

S1, S2, and S3 methane sources at the same locations
as in mine example 2. A conveyor belt fire with an
assumed burning rate of 1000 to 3000 kg/h is
modeled in branch 96 approximately 106.68 m

(350 ft) away from the longwall face in order to
examine its effect on gas concentrations and airflow
parameters. The fire is set up to start from 600 to
3600 s during the simulation period of 2 h.

8 Results and Discussion

8.1 DMVM Model Calibration Demonstration

First, the DMVM is set up from the geometry and input data for a
mine example. Hourly, measured temperature data are used for
the intake air as input to the DMVMmodel from a sensor at the
surface, shown in Fig. 10a. The measured air temperature at the
bottom of the shaft from another sensor, ACR5, is also shown in
Fig. 10a, together with the simulated temperature output of the
DMVM for the same location. As shown, the modeled and mea-
sured temperatures for the same location do not match well but
running nearly parallel to each other with a 2.5 °C shift between
them.Model calibration is necessary for eliminating the effects of
the unknown reasons. The amplitudes and slight phase lags rel-
ative to the outside, intake air temperature are nearly identical,

Observed 
location

Fresh air
Return air

Legend

Fig. 9 Layout of coal mine example 2 with methane sources and monitored sensor locations in Ventsim

Table 2 Methane sources used for modeling

Source
ID

Source location Branch ID
Mine 1

Branch ID
Mine 2

Source type Concentration Flow rate

S1 Long-wall intake 758 249 Point 80% CH4 0.2 m3/s

S2 Working face 761 100 Line load (across drift) 100% CH4 55 l/s in
100 m drift

S3 Long-wall return 760 251 Point 50% CH4 0.1 m3/s
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confirming the proper choices for the thermophysical and geo-
metric parameters in the model setup.

However, for eliminating the 2.5 °C vertical shift, model cal-
ibration is necessary. The choice for calibration is the application
of a line heat source in the DMVM model. The need for such a
heat source is plausible as the variable virgin rock temperature
distribution along the vertical shaft was not exactly known for
correctly setting up the model without calibration in the example.
The trial-and-error source calibration (that can be automated in
the EWS) of a few hundred W/m heat source elevates the tem-
perature variation at the end of the shaft to match the monitored
temperature variation, shown in Fig. 10b.

Although beyond the present scope, higher order methods
may be considered for model calibration using integrating
filtering to depress unknown biases and disturbances from
mining operations and from the natural variation of the intake
parameters.

8.2 EWS Forecast Concept Demonstrations
for Intervention Assistance

The time-dependent DMVM simulation results are shown only
for selected locations where significant changes in methane con-
centration are obtained. The DMVM FFP results for methane
concentration for scenario 1B are depicted in Fig. 11. The emu-
lated sensor signals used as monitored data input to trigger the
EWS system is shown in Fig. 12. This approach is used for all
scenarios modeled in mine example 1 and mine example 2.
However, only scenario 1B is demonstrated for brevity in
Figs. 11 and 12.

Figure 13 depicts the DMVM FFP results for observed
locations 15 and 17 triggered by the 0.5% methane concen-
tration crossing at the location of sensor 15.

The results for scenario 1B show increased methane concen-
trations in branch 760, which is a return airway downstream of

a) Comparisonof air temperature varia�ons between measurement and un-calibrated DMVM simula�on. 

b) Comparisonof air temperature varia�ons a�er DMVM calibra�on.
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Fig. 10 a Comparison of air
temperature variations between
measurement and un-calibrated
DMVM simulation. b
Comparison of air temperature
variations after DMVM
calibration
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themethane sources. Sensor 17 crosses the threshold and reaches
a maximum concentration of 1.12% compared with that of a
peak at 0.8% in the previous scenario 1Awhere only two meth-
ane sources are used. This indicates that there is a possibility of
threshold crossing from unknown methane source accumulation
as the air flows downstream. A threshold limit value of 1%
methane for stopping work is used in this analysis. The air pa-
rameters (airflow, velocity, and absolute pressure) are unaffected
by the increase in methane sources.

The delay time in methane front arrival can be estimated
as the time difference between the start of the forward pre-
diction triggered by monitoring sensor 15 in branch 742
(which is a sensor at a location just at the end of the active

face) and the threshold crossing time at 1% as a reference.
Branch 742 crosses 0.5% in 21 min from the start of the
methane in-burst, and branch 760 reaches 1% in 52 min as
illustrated in Fig. 13a. Therefore, the delay time after aware-
ness and before branch 760 crosses the threshold is 31 min
(52 min minus 21 min). The useful delay time must be
lowered by the 2 min of forward prediction time to see the
1% threshold crossing in the simulation time scale, giving
29 min in the real time scale for preventive interventions
after the EWS alarm is issued.

Scenario 1 shows that gas accumulation can result in a
predictable delay time to evaluate and to be used for preven-
tive interventions. Similarly, methane in-burst at the face that

Observed loca�on 17 loca�on (not 
necessarily sensored); and not needed 
for star�ng EWP predic�on 

Assumed monitoring 
sensor 15 tripping the 
threshold for EWP 
forward predic�on

Observed loca�on 16

Observed loca�on 2

Fig. 12 Emulated CH4 concentration sensor signals used as assumedmonitored data input to trigger the EWS system in scenario 1B (shown in thick lines
with confidence bounds). Assumed sensors 15, 12, 16 (and 17 if installed) trip threshold for EWS forward prediction

Observed loca�on 17 

Observed loca�on 15 

Observed loca�on 2

Observed loca�on 16

Observed loca�on 18

Fig. 11 Results of methane concentration at selected observed locations from native DMVM simulation in scenario 1B. Selected locations with
significant changes only are plotted
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may be below-critical can also reach criticality for threshold
crossing downstream with a well-predictable delay time.

Similar calculations are made for scenarios 1A, 2, and 3,
shown in Fig. 11b and c, respectively. The forward predicted
signal for location 17 in branch 760 is used again in scenarios

2 and 3 for EWSwarningmessage evaluation, whereas the AMS
signal from sensor 15 is used to trigger the EWS evaluation.

The result for scenario 2 in Fig. 13b shows that methane
concentration increases to 1.1% from 0.8%. This is due to the

(a)

(b)

(c)

Fig. 14 FFP model forward prediction at selected observed locations in
real-time and in fast simulation time scales for a scenario 1C, b scenario 4,
and c scenario 5 in mine example 2. Only two selected locations are shown

Threshold limit value crossed 
to trigger EWS warning

Forward predicted signal at observed loca�on 
17 loca�on (not necessarily monitored)

Assumed monitoring sensor 15

EWP starts with root-cause analysis
and APPS forward predic�on

APPS forward predic�on 

Threshold limit value crossed to 
start EWP forward predic�on

(a)

(b)

(c)

Fig. 13 FFP model forward prediction at selected observed locations in
real-time and in fast simulation time scales for a scenario 1B, b scenario 2,
and c scenario 3 in mine example 1. Only two selected locations are shown
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reduction in airflow as a result of the airway blockage. The
airway blockage signals are assumed as step changes. The shape
of the signal trends may be used in order to identify airway
blockage as a root cause. The future effect of reduced airflow
in scenario 2 is methane concentration increase that can be
counteracted by dilution. A gas accumulation model, in the form
of a fast-running FFP, is an adequate method for this example.

The result for scenario 3 in Fig. 13c shows that methane
concentration increases to 1.18% from 0.8%. The type of
methane increase shows a dynamic, delayed signal trend.
The process is too complex to be described by a simple FFP
model. Therefore, an NTCF predictive model as a dynamic
Jacobian gobmodel is used [4, 19] to simulate such a scenario.

Similarly, all the scenarios modeled in mine example 2
(scenarios 1C, 4, and 5) use this approach. The DMVM FFP
model results are depicted in Fig. 14a, b, and c showing the
forward predicted signal for location 18 for scenarios 1C, 4,
and 5, respectively. The results for scenario 4, shown in
Fig. 14b, indicate that a delayed mixing process has decreased
dilution and increased methane concentration to 0.91% com-
pared with that of the base case of scenario 1C with 0.8%
value. However, no signal crossing with the 1% concentration
threshold level is predicted.

No significant methane concentration change is seen from
the face due to fire at a different location, shown in Fig. 14c.
However, immediate action must be taken as soon as a signal
indicates the occurrence of fire in the mine and it is confirmed.
There is no need for further forward prediction for the other
gas concentrations since the mine is placed in an alarm state in
a real mine fire.

The detailed results are summarized in Table 3 for maxi-
mum concentrations as well as the delay time in methane front
arrival from the forward prediction for all the scenarios based

on the concentration values at sensors’ locations (i.e., 15 and
17 for mine example 1; and 13 and 18 for mine example 2).

T1, threshold value (0.5%) crossing (Hazard Detection
time) to trigger EWS forward Prediction; T2, forward predic-
tion simulation time;Max. CH4, maximumCH4 concentration
from forward prediction; T3, safety threshold value (1%)
crossing time to trigger EWS alarm; T4, delay time required
for CH4 concentration to cross the threshold limit value of 1%;
T5, actual gain time for management to take action.

9 Conclusions

& The results show that concentration of methane in
the airway might be less than the threshold limit
value at monitored locations but it may reach critical
concentration at un-monitored locations downstream,
detect-able by the DMVM.

& A fast-running DMVM FFP in the EWS can forward pre-
dict the concentration values downstream of monitored
locations everywhere before hazardous changes may
cause critical threshold crossing, giving advance time for
preventive interventions to avoid the accident from
happening.

& The EWS concept is tested against typical, simulated sig-
nals for potential hazard scenarios under controlled condi-
tions. Significant time gain, in the order of 20 min, is seen
in the examples between the hazard detection time and the
critical threshold crossing time at critical locations.

& If credible, it is prudent to use the EWS warning for pre-
ventive interventions and not to wait for the safety thresh-
old crossing when the mine has to stop operation or evac-
uate miners at the instant of violating the safety limit value
for critical gas concentrations.

& The functionality and credibility of the EWS must
be tested in computer simulation as safety violation
scenarios in an operating mine are very rare and
testing the EWS under such scenarios is impractical
and retroactive.

& Monitoring sensors which sound alarm at a lowered
threshold value can be used for preventive interventions
only if the EWS is operated in real-time cooperation for
signal evaluation enhancement with a fast-running
DMVM FFP for forward prediction to exclude frequent
false alarms.

& To offset the cost of the software and hardware in-
volved in the EWS, it is prudent to use its “deep
learning” capabilities for evaluating the conditions
for OVC and VOD control. For example, the
DMVM provides output values for safety factors for
health and safety conditions from which the condi-
tions of over-ventilation can be readily evaluated.

Table 3 Detailed results from the forward prediction for maximum
concentration as well as the delay time in methane front arrival for
all scenarios

Scenario T1
(min)

T2
(min)

Max. CH4

(%)
T3
(min)

T4 = T3-
T1
(min)

T5 = T4-
T2
(min)

1A 21 2 0.80 33* 12* 10*

1B 21 2 1.12 52 31 29

1C 7 2 0.80 17* 10* 8*

2 23 2 1.10 46 23 21

3 19 2 1.18 42 23 21

4 9 2 0.91 19* 10* 8*

5° 8 2 0.78 17° 9° 7°

* No alarm is triggered since methane concentration is less than 1% and
therefore, immediate action is not needed.

No alarm is triggered in terms of methane concentration increase;, how-
ever, action must be taken as soon as a signal indicates the occurrence of
fire in the mine and it is confirmed.
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Appendix

Uncertainty Range as Confidence Bound ofMonitored
Signals in an Operating Mine

Agreement and measurement uncertainty in an operating mine
are evaluated between monitored signals and mine ventilation
model results fromMULTIFLUX and Ventsim. Measurement
data at 57 locations are collected in an operating mine over a
period a few days.

Figure 15 shows the comparison between the confidence
bound for measured velocities and the results from the

MULTIFLUX and Ventsim models. The confidence bound
for velocity measurement is ± 2.2 m/s. As shown, the uncer-
tainty in the air velocity is quite wide, due to variations with
the drilling and blasting mining operations and rubber-tired
haulage. Since the air flow rate is a primary variable affecting
concentrations, temperatures, and humidity distributions in
the mine, it essential to include the fan control signals and
some mine production data in the BC and source terms in
the DMVM used in the EWS.

Figure 16 shows the comparison between and the temper-
ature results from the models of MULTIFLUX, Ventsim, and
the confidence bound, representing the variation of data over
several measurements. The wetness factor was set to 0.2 and
0.05 in Ventsim and MULTIFLUX, respectively, for achiev-
ing best match between measured and modeled results. The
confidence bound for temperature measurement is evaluated
as ± 2.5 °C from the scatter of the repeated measurements
taken at different times during the day of the working shift.
The high uncertainty in temperatures is due (a) to the cross-
effects from the velocity uncertainties as well as (b) to the lack
of the input temperature variation data in the BC of the
MULTIFLUX and Ventsim models in the example. Note that
the input temperature in the BC of the simulation models was
set to constant value during the modeled time period.

Figure 17 shows the comparison between the confidence
bound for barometric pressure from measurements and from
the MULTIFLUX model at measurement locations. The con-
fidence bound for the barometric pressure is ± 342 Pa from
measurement observation. Note that the outside barometric
pressure was set to a constant value.

Figure 18 shows the comparison between confidence
bound for measured humidities and the results from the
MULTIFLUX and Ventsim models. The confidence bound
for relative humidity measurement is ± 15%.
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