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ABSTRACT 

Underground mine fires are a threat to the safety and health of 
mine workers. The timely determination of the location and size of an 
underground fire is of great importance in developing firefighting 
strategies and reducing the risk of any injuries. Machine learning was 
used in this paper to develop a predictive model for fire location and 
fire size in an underground mine. The ventilation data were obtained by 
simulating different mine fire scenarios with MFire. The ventilation data 
of all airways were used as features to predict the fire location. Based 
on the feature importance, five airways were selected to monitor, and 
the airflow data of the selected airways were used to predict the fire 
location and fire size. An accuracy score of 0.920 was obtained for the 
prediction of fire location. In addition, in-depth analyses were 
conducted to characterize the wrong predictions with the purpose of 
improving the performance of the random forest model. The results 
show that the occurrence of fire at closely connected airways at some 
locations can generate misleading ventilation data for each other and 
the model performance can be further improved by grouping them. Fire 
size is another factor affecting the model performance and the model 
accuracy increases with increasing fire size. The result from this study 
can help mine safety personnel make informed decisions during a 
mine fire emergency. 

INTRODUCTION 

The number of fire-related injuries in mining has been decreasing 
in the past decade; however, mine fire remains a safety and health 
threat to underground miners. The occurrence of fire in underground 
mines can significantly affect the ventilation network in the form of 
increasing airway resistance, changing airflow quantity, changing 
airflow direction, and unexpectedly contaminating fresh air escape 
routes. An underground mine fire can also produce a large amount of 
toxic gases and smoke and release significant levels of heat 1,2. 

Prompt determination of an underground fire location and its 
condition is of great importance for developing firefighting strategies in 
underground mines. The occurrence of an unknown fire can be 
detected by the presence of smoke and gases such as carbon 
monoxide (CO). Currently, the fire location determination is based on 
the visual reports of smoke or measured hazardous gases. The 
increasing availability of monitoring data from the Atmospheric 
Monitoring System (AMS) sensors make it possible to automatically 
determine the potential fire source airways(s) 3–5. The AMS uses 
environmental and air-quality sensors installed in underground mines 
to monitor atmospheric parameters. These parameters have been 
used to detect fires in underground mines.  

However, the AMS, especially CO sensors, are normally installed 
in the entries where fires likely take place, for example, in belt entries. 
The sensors cannot cover the whole mine. If a fire occurs in a location 
that is not covered, it is very likely that the fire cannot be detected 
promptly. This disadvantage makes way for machine learning. Machine 
Learning (ML) is a powerful tool for solving complex problems. Using 
computational methods, ML models “learn” information directly from 
data without relying on a predetermined equation as a model. They 
adaptively improve their performance with increasing training data. ML 
has been used to address various mining problems, including 

equipment mechanical failure prediction, production optimization and 
ore body delineation 6. Regarding the monitoring of mine fires, ML can 
be used to optimize the distribution of the sensors and to predict 
underground mine fires with the monitored data.  

The application of ML to monitor an underground mine fire 
requires training a ML model with ventilation data and using the trained 
ML model to predict mine fires with real-time monitored data. Since ML 
learns from experience, a good ML model needs to be trained with the 
ventilation data under a broad range of fire scenarios, like different fire 
locations and fire sizes. However, it is not practical to collect the real 
ventilation data for a specific ventilation network under different fire 
scenarios. An alternative approach is to use the simulated ventilation 
data. An attempt has been made to train a ML model with the 
simulated ventilation data under different fire scenarios to monitor the 
occurrence of underground mine fires 7. Different ML algorithms 
commonly used by other researchers were employed to determine the 
fire location with simulated ventilation data and their performance was 
evaluated based on model accuracy and the time of training and 
prediction.   

In this study, a detailed analysis of using ML to predict fire 
location and fire size in underground mines with simulated airflow data 
was conducted. First, a database with fire location and fire size, as 
output/target, and airflow data, as input/feature, were generated by 
simulating different fire scenarios with a calibrated ventilation network. 
The training dataset with the airflow data of all airways was then used 
to train a Random Forest classifier to classify the fire location. Based 
on the feature importance, the five most important airways were 
selected to monitor, and the classifier was further trained with the 
airflow data of the selected airways. In addition, the training dataset 
with the airflow data of the selected airways was used to train a 
Random Forest regressor for the fire size prediction. After training the 
models, detailed analyses were conducted on the wrong predictions to 
investigate the reasons with the purpose of improving model accuracy. 

DATASET 

The same dataset as in the previous study was used in this study, 
and it is briefly described here 7. The ventilation network of the Safety 
Research Coal Mine (SRCM) at Pittsburgh Mining Research Division 
was used. The layout of the facility is shown in Figure 1. A total of 166 
airway segments exist in this network. A simplified ventilation network 
setup in Ventsim is shown in Figure 2. The ventilation model is based 
on a well-calibrated network from the previous work of NIOSH 
researchers 5. 

This model is manually converted to a model input file that can be 
used by MFire fire simulation software within MATLAB 8. Within the 
ventilation network, the airway number was used to label each airway 
so that the fire source location and the airflow data in the dataset could 
be easily identified. Forty-two airways with very low airflow, shown in 
light blue in Figure 2, were excluded from the dataset. These airways 
are typically the ones that are closed off. The focus of the model is on 
the active airways with numerical significance. After excluding the 42 
inactive airways, the remaining 123 active airways were considered as 
the potential fire source in this study. 
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Figure 1.  Layout of SRCM at Pittsburgh Mining Research Division. 

 
Figure 2.  Simplified ventilation network for SRCM. 

The ventilation model input was fed to an automated macro to 
build a large set of fire scenarios of different fire sizes placed in each 
airway of the network. Twenty fire size scenarios were randomly 
selected from a range of 50 Btu/min and 147,860 Btu/min for each 
airway. A total of 200 fire scenarios were generated. After running the 
fire simulations using MFire software, the results of each scenario in 
terms of airflow in every airway, fire location and fire size were 
recorded in a tabular form with each scenario data being placed in one 
row. Each row of data represents one case, and they form the 
database. The database contains 24,600 cases with fire location and 
fire size as targets and with airflow data of 123 airways as features.  

The database was divided into two datasets with the ratio of 75% 
- 25%, 75% for training and 25% for testing. The split of the training 
and testing dataset was conducted at the beginning and was kept for 
all the following learning, testing and analyses. 

FIRE LOCATION PREDICTION WITH ALL AIRFLOW DATA 

Python was used for ML, and the Random Forest (RF) model 
from the Scikit-Learn package was used for the classification of fire 
location and for the prediction of fire size 9. Due to fast processing 
speed and good accuracy, the RF model has been widely used in ML 
projects for mine safety and health 10–13. As an ensemble approach, it 
has been identified as one of the best models in the previous study 7. 

The fire location prediction is a classification problem, and the RF 
classifier needs to classify the 123 potential fire locations based on the 
airflow data of the 123 airways. The classifier was trained with the 
training dataset, representing 75% of all data, and was tested with the 
testing dataset. The default model hyper-parameters were used. The 
result shows there are 129 wrong predictions with 6,150 cases in the 
testing dataset, leading to a model accuracy of 0.979.  

Even with the airflow of all the airways being monitored, the fire 
location cannot be predicted with 100% accuracy, and there were still 
129 wrong predictions. Why? A histogram plot of the wrong prediction 

is shown in Figure 3. The airways with a large number of wrong 
predictions were analyzed. By comparing Figures 2 and 3, it was found 
that the airways with a larger number of wrong predictions are 
connected somewhere within the ventilation network. Airways 18 and 
165 with the largest and third largest number of wrong predictions are 
the same airway, as shown in Figure 2. The influence of fire within 
these two airways can be misleading, which makes it difficult to 
differentiate them. This is the same situation for airways 94 and 95, 
which are further connected with airway 97. The third group of airways, 
including airways 147, 104, 7, 148 and 149, also have a higher wrong 
prediction rate than others. All these airways are connected and the air 
flows from one airway to another. The occurrence of fire in either 
airway may have a similar influence on the airflow distribution, 
potentially making it difficult to differentiate from the change in airflow. 

 
Figure 3.  Histogram plot of the wrong prediction of the RF classifier 
trained with all airflow data. 

However, it is impractical to obtain all airflow data in an operating 
mine by monitoring all the airways, especially when there is a large 
ventilation network with hundreds of airways. A practical approach is to 
select a few “important” airways and use the airflow data of the 
selected airways to predict the fire location and fire size with the loss of 
certain model accuracy. 

FIRE LOCATION PREDICTION WITH THE AIRFLOW DATA OF 
SELECTED AIRWAYS 

Feature Selection and Model Training 
The training of the RF model with the airflow data of all airways 

provides the feature importance, a parameter that can be used to 
assist the selection of important airways. The feature importance 
represents the usefulness of features in classifying the fire location. A 
high feature importance value can be obtained if one feature is 
frequently used in the RF model to classify the fire locations, and as a 
result, using a few important features will only lead to minor loss of 
accuracy. Different numbers of important features were used to predict 
the fire location. After a few trials, it was found that the model accuracy 
can be above 0.900 when five most important airways were selected. 
The drop of one more airway will lead to an accuracy less than 0.900. 
The selected airways, including 61, 34, 12, 101, and 128, are marked 
on the simplified ventilation network in Figure 2. It is noticeable that the 
five selected airways do not concentrate in specific areas but rather 
are distributed evenly within the network. 

During the training of the classifier with the airflow data of the five 
selected airways, the method of grid search with cross-validation was 
used to tune the model hyper-parameters. The process is shown in 
Figure 4. There are various hyper-parameters for a RF classifier, such 
as the number of decision tree, the criterion to split the data, and the 
minimum amount of data for a split. These hyper-parameters control 
the training process and affect the performance. The grid search cross-
validation method allows the search of the best hyper-parameters by 
exploring different combinations of the hyper-parameters. The cross-
validation method involves randomly splitting the training dataset into K 
groups (5, by default). For each iteration, one group of data is used as 
the validation dataset, while the remaining groups are taken as the 
training dataset. The classifier with one group of hyper-parameters is 
fitted with the training data and is evaluated with the testing data to 
obtain an evaluation score. After K iterations, the average evaluation 
score is used to quantify the performance of the hyper-parameter 
combination. After comparing the average evaluation score for all the 
hyper-parameter combinations, the best hyper-parameters can be 
selected and the RF classifier with the best performance can be used 
as the trained classifier. 
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Figure 4.  Grid search with cross-validation to tune hyper-parameters. 

RESULTS AND DISCUSSIONS 

The loss of model accuracy was expected after dropping 118 
features. The results show that there were 495 wrong predictions of 
the 6,150 cases within the testing dataset. An accuracy score of 0.920 
was obtained with the airflow data of only 5 selected airways. 

In order to understand the reasons for wrong predictions and to 
further improve the model accuracy, a detailed analysis of the wrong 
predictions was conducted. A comparison of the airflow at the selected 
airways between the right and wrong predictions was made. The 
potential logic behind the comparison is that the influence of fire should 
be reflected in the airflow data of the selected airways; otherwise, it 
cannot be identified from the selected airflow data. The airflow data in 
the testing dataset was separated into two groups, right and wrong 
prediction. A statistical analysis of these two groups of data was 
carried out, and the results are presented with the bar chart with error 
bar in Figure 5. The error bars represent the standard deviation. It can 
be found that the mean values of the airflows are very close, while the 
right predictions have higher variation than the wrong predictions. 
Higher variation of the airflow data in the group of right predictions 
indicates that the airflow of the selected airways is more significantly 
affected by the occurrence of fire, while the wrong predictions involve 
fire with negligible influence on the airflow of the selected airways. It 
indicates that only when the airflow is affected to a certain extent that 
the classifier can correctly identify the location of the fires. Three 
factors can potentially affect this process. The first one is the number 
of selected airways. As the airflow of the selected airways needs to be 
affected, more monitoring stations increase the possibility of change in 
airflow being monitored. The second factor is the relative distance of 
the fire to the selected airways within the ventilation network. The 
relative distance is not the physical distance of the fire to the selected 
airways. It can be affected by the airflow sequence. If the air of the fire 
location is flowing from or to the selected airways, the airflow of the 
selected airways can be easily affected. The third factor is the fire size, 
which potentially affects the change in airflow and will be discussed in 
the next section. 

 
Figure 5.  Error bar plot of the airflows within the selected airways for 
the right and wrong predictions. 

Figure 5 also shows that the airflow within the selected airways is 
relatively small. A possible reason is that the airways with small airflow 
are more sensitive to the change in airflow than the airways with large 
airflow. However, the potential problem is that they may be too 
sensitive to the change in airflow for real airflow data. If there is airflow 
fluctuation during normal mining operation or sensor error, the change 
in airflow can lead to wrong prediction and even false alarm.  

In addition, a histogram plot of the 495 wrong predictions is 
presented in Figure 6. For comparison purposes, the wrong predictions 
with all airflow data shown in Figure 3 are also included. Figure 6 
shows that, after dropping 118 features, there are increases in the 
count of wrong fire location prediction everywhere within the ventilation 
network. However, significant increases concentrate at certain 
locations and there is only a minor increase at other locations. 

 
Figure 6.  Comparison of the wrong fire location prediction between 
the models trained with the airflow data of all airways (blue) and the 5 
selected airways (orange). 

Three observations can be made from Figure 6 after the dropping 
of most airway data. The first observation is that there are no (or a 
small number of) wrong predictions with either all or selected airflow 
data. This is the dominant case, which leads to the high accuracy of 
the ML model. The second and third situations all involve a significant 
increase in the number of wrong predictions after dropping most airway 
data. Due to the difference in performance with all airflow data, they 
were separated into different situations. The second situation is that 
there are no (or small number of) wrong predictions with all the airflow 
data and the drop of most airways leads to a significant increase in the 
number of wrong predictions. The examples include airways 8, 73 and 
123. For the third situation, the wrong prediction rate was already 
higher than others with all the airflow data and the dropping of most 
airway data made the situation worse. The examples include airways 
18, 94, 95, 147, and 165.  

A detailed analysis focusing on the airways with a wrong 
prediction number larger than 10 was conducted. These airways, 
except airways 123 and 150, were separated into three groups based 
on their location within the ventilation network. The first group includes 
airways 18 and 165; the second group includes airways 73, 86, 94, 95, 
and 97; and the third group includes airways 7, 8, 15, 104, 147, 148, 
and 149. These three groups of airways are marked in Figure 2. It can 
be found that these three groups cover the connected airways with a 
higher wrong prediction rate that was discussed with Figure 3. Due to 
the large number of airways as potential fire locations, it is difficult to 
visualize the results with a confusion matrix. For these three groups, 
the airway ID, total count in testing dataset, number of wrong 
predictions, predicted airway ID, and the count for each predicted 
airway ID are summarized in Table 1. 

Table 1 shows that most predicted fire locations of the wrong 
predictions are within the same group. As shown in Figure 2, the 
airways within each group are connected and the air flows from one 
airway to another. Maybe due to the specific location of these three 
groups of airways within the ventilation network, the fire within each 
group of airways has a similar influence on the change of airflow in the 
monitored airways. The result is that the ML model cannot accurately 
differentiate between the airways of each group. Since the airways of 
each group are connected and are physically close to one another, it is 
reasonable to group them when predicting the fire location. The 
airways presented in Table 1 were merged into three airway IDs. 
Airways 10, 18, and 165 are represented as airway 168; airways 7, 8, 
15, 104, 142, 147, 148, and 149 are merged to be airway 167 and 
airways 73, 85, 86, 94, 95, and 97 are represented as airway 166. 
These three special airways represent three areas. The model was 
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evaluated again after merging these groups of airways. The number of 
wrong predictions dropped to 231 from 495, leading to a model 
accuracy of 0.962. A histogram plot of the wrong predictions is 
presented in Figure 7. It can be found that the large numbers of wrong 
predictions are eliminated. For the wrong predictions summarized in 
Table 1, there are only two left, one for airway 166 (group 3) and one 
for airway 168 (group 1).  It should be noted that the failure of 
differentiating the connected airways potentially occurs at other 
locations. However, due to the small number of wrong predictions, 
attention was not paid to analyze and group them. 

Table 1.  Summary of the wrong predictions for the three groups. 

Group ID Airway ID 
Total count in 

testing 
dataset 

Count of 
wrong 

prediction 

Predicted 
airway ID Count 

1 
18 54 28 165 25 

10 3 

165 49 20 18 12 
10 7 

2 

94 49 27 
95 18 
97 3 
85 6 

73 49 22 86 21 

97 43 21 
94 7 
95 9 
85 5 

86 53 20 73 19 

95 47 19 94 13 
97 6 

3 

147 53 18 104 14 
7 3 

104 45 15 147 12 
7 3 

149 48 15 

148 8 
8 5 

147 1 
104 1 

15 50 14 142 14 

8 45 12 149 9 
148 3 

148 43 12 

149 8 
104 1 
7 2 
8 1 

7 45 11 104 8 
147 3 

 

 
Figure 7.  Histogram plot of the wrong prediction with selected airways 
after grouping. 

FIRE SIZE PREDICTION WITH THE AIRFLOW DATA OF 
SELECTED AIRWAYS 

The fire size prediction is a regression problem and a RF 
regressor was used. The regressor was trained with the airflow data of 
the five selected airways discussed in the previous section. The 
prediction results are shown in Figure 8, and an R^2 value of 0.977 
was obtained. It indicates a good agreement between the predicted 
and actual fire size. As shown in Figure 8, most of the predicted fire 
sizes are close to the actual values, and the data points are located 
along the diagonal between these two triangles. However, there are 
some predictions with larger error, as marked by the two triangles. 

 
Figure 8.  Fire size prediction results with the selected airways (unit: 
Btu/min). 

An analysis was then conducted for the fire size predictions with 
large error. The split of the training and testing dataset was conducted 
at the beginning and was kept for all the training and testing. The 
testing dataset for fire location prediction and fire size prediction is the 
same one. An analysis of the wrong fire location prediction was 
conducted with the fire size prediction. All the wrong fire location 
predictions were collected, and their airflow data were used to predict 
the fire size with the trained RF regressor. The predicted fire sizes with 
wrong fire location prediction are marked with red in Figure 9, and the 
blue ones represent the right fire location prediction. It should be noted 
that there are 6,150 data points in total and 495 (red) data points with 
wrong fire location prediction. There are much more right fire location 
predictions (blue) than the wrong ones (red). Figure 9 shows that, 
within the triangle areas, there are more wrong fire location predictions 
than the right predictions, especially for the ones with a large error in 
fire size prediction. It indicates that the performance of the RF 
regressor is not good when the fire location prediction with the RF 
classifier is wrong, where both models use the same airflow data for 
training and testing. 

 
Figure 9.  Fire size prediction results marked with right and wrong fire 
location prediction (unit: Btu/min). 

At the same time, Figure 9 shows that there are much more 
wrong fire location predictions when the fire size is smaller because 
the red data points are denser with smaller fire size. A histogram plot 
of the wrong fire location predictions with actual fire size is presented 
in Figure 10. It shows that the wrong predictions drop significantly with 
the increase in fire size. The wrong fire location predictions with actual 
fire size less than 10,000 Btu/min represent 32.3% of all the wrong 
predictions. The potential reason for the influence of fire size on fire 
location prediction is that a small fire has limited influence on the 
airflow of the ventilation network. The negligible change in the airflow 
of the selected airways is difficult to use to predict the fire location 
correctly. This further coincides with the results in Figure 5, where the 
wrong predictions of fire location have much lower variation than the 
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right predictions. When the influence on airflow of the selected airways 
is limited, the variation of the airflow is reduced. The model accuracy 
can be further increased if only the cases with actual fire size larger 
than 10,000 Btu/min are used. The confidence in the model prediction 
increases with increasing fire size. 

 
Figure 10.  Histogram plot of the wrong fire location prediction with 
different fire sizes (unit: Btu/min). 

DISCUSSIONS AND CONCLUSIONS 

The application of machine learning to identify the location of an 
underground mine fire with simulated airflow data demonstrates some 
promising results. An accuracy score of 0.979 was obtained with all the 
airflow data, and it dropped to 0.920 with the airflow data of five 
selected airways. The statistical analysis of the airflow in selected 
airways between right and wrong predictions shows that the wrong 
predictions involve airways with much lower airflow variation than the 
right predictions. It indicates that, in order to be predicted correctly, the 
fire needs to affect the airflow of the selected airways to certain extent. 
In addition, the histogram plot of the wrong predictions with the airflow 
data of all and selected airways shows that the airways with a large 
number of wrong predictions were concentrated at specific locations. 
They are normally closely connected airways and the air flows from 
one airway to another. The occurrence of fire in either airway 
potentially has a similar influence on the airflow of the selected 
airways, making it difficult to differentiate between them. When three 
groups of closely connected airways with large numbers of wrong 
predictions for fire location were identified and merged, the accuracy 
score increased from 0.920 to 0.962.  

ML was also used to predict the fire size with the airflow data of 
the five selected airways. A R^2 value of 0.977 was obtained for the 
relationship between the actual and predicted fire size, indicating a 
good agreement between the predicted and actual fire size. However, 
there are a small number of predictions with large error. The 
comparison with the fire location prediction shows that the fire size 
predictions with large error normally have wrong predictions for fire 
location as well. The analysis also shows that fire size is one critical 
factor affecting the fire location prediction. There is a significant 
reduction in the number of wrong fire location predictions with the 
increase in fire size.  

However, there are also some drawbacks with the method of 
using ML to identify underground fire with airflow data. First of all, ML 
learns from “experience” indicating that the trained model will not work 
well if there are some changes making the experience invalid. In this 
study, the ML model learns the experience from the airflow data of a 
specific ventilation network. When there are large changes in the 
ventilation network resulting from the change in mining operations, the 
airflow data used to train the ML model will not fit the new ventilation 
network, making the trained ML model not applicable for the new 
network. This also applied to the situation with two different ventilation 
networks where the ML model trained with a ventilation network could 
not be used for the other one. To overcome these problems, the ML 
model needs to be retrained after the change or update of the 

ventilation network. Second, the data used for training and testing are 
from simulations that are conducted under some simplifications. There 
is significant fluctuation in the real airflow data, potentially affecting the 
ML model performance. Finally, the fire size evolves with time and is 
not a fixed value. At the early stage when the fire is small, the 
performance of the ML model is not good, and the predicted results 
can be misleading. It is only when the fire develops to a certain size 
that we can obtain confident predictions. The study demonstrates that 
a training ML model can be used to provide additional information to 
help mine safety personnel make informed decisions during a mine fire 
emergency. 

DISCLAIMER 

The findings and conclusions in this study are those of the 
authors and do not necessarily represent the official position of the 
National Institute for Occupational Safety and Health (NIOSH), Center 
for Disease Control and Prevention. Mention of any company or 
product does not constitute endorsement by NIOSH. 
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