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It is a machine learning method which consisting of 
interconnected simple processing units, the neurons

Artificial Neural Networks

They have the ability to respond to input signals, learn 
and adapt to their environment

Key features

✓ Adaptability
✓ Generalization
✓ Handling time-evolving situations 

Visualization of a simple neural network

Inputs

• Cross validation set
• Training set
• Test set

Main parameters

• Architecture (topology)
• Training algorithm
• Type Activation function
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Ventilation importance

Ventilation system is one of the most critical modules of an underground project, being 
responsible for the wellbeing and health of all personnel.

Ventilation importance

Main Goal 

➢ Constantly supply of fresh air to the underground space

➢ Successfully dispersion of gaseous pollutants

➢ Control the concentration of airborne particulates
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Ventilation Model Design 

The ventilation network of the underground bauxite mine
initially identified and mapped in detail so as to accurately
depict the underground working and recognize the tunnels

that are used of the ventilation.

Σ617

Σ592

The air is supplied through the north-western access tunnel
(Σ617) and after following this 1,7-km tunnel is then
reaching the central point of the mining area from which is
diverted to the various operational points (working faces).
The airflow’s exit point is through the Σ592 adit

Machine equipment 
• 2 LHD units
• 2 jumbo drills for drilling and 

rock bolting
• 2 underground trucks
• 1 scaler
• 1 lifting platform

 

 

(α) (β) 
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Evaluation

Working Area 1: One Jumbo drill (80 hp) and 2 miners
Working Area 2: One LHD (350 hp) and 1 miner

Stricter standard in effect in Greece

➢ 2,3 cubic meters per second per horsepower (m3/s per HP)
➢ 5,66 cubic meters per second per person (m3/s per person) 

Working Areas Q min Q computed

Working Area 1

(Jumbo)
3.25 m3/s 5.4 m3/s

Working Area 2 (LHD) 13.5 m3/s 13.8 m3/s

Gases Established limits

O2 > 19,5 %

CO2 5000 ppm (0,5%)

CO 50 ppm

NO 25 ppm

NO2 5 ppm

Working Area 2 (LHD)
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Regulator 1

Regulator 2
Sensor 3

Sensor 1

Sensor 2

Artificial Neural Network Model

The aim of the model is to optimise the ventilation system in order to achieve the
minimum flow requirements based on the number of workers and diesel
equipment that working in this section (ventilation on demand). The model for
the prediction of NOx concentration implemented through the use of a feed
forward artificial neural network (FFN) and the algorithm was written using the
Python programming language.

Visualization of neural network model

Dataset
The dataset consists of 229 records, 80% (183) used for the training set and 20%
(46) for the test set. The input data were normalized based on the maximum
value of each because the different measurements units.

➢ Input data: Airflow, Regulator 1 opening, Regulator 2 opening

➢ Output data: Concentration of NOx at the corresponding locations (Working 
Areas 1 and 2)

Best model architecture: 3x45x30x20x10x2

➢ Initially there are 3 input neurons (Airflow, Open1, Open2)

➢ Then there is the first hidden layer with 45 neurons

➢ Also, there is a 20% dropout

➢ Following 3 hidden layers with 35, 20 and 10 neurons each and

➢ Finally, there are 2 output neurons (NOx_1, NOx_2).

MODEL

Train (MSE) 1.6

Test (MSE) 1.7

AVG train error (%) 1.09 

AVG test error (%) 0.97

AVG predicting accuracy (%) 96.36

Table: MSE and average error for both training and test sets and total model accuracy
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Model Results

Average forecast accuracy : 94.75%

Average forecast accuracy : 97.96%
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The complete QTBM method. 

Comparison of steering accuracy between a human operator and an Autonomous TBM 
Operation

Previous Methods and Studies regarding the prediction of PR 
or/and AR and the Complete automatization of TBMs in Tunnels
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Maen Pieve Varzo

Best NN Architecture 3406

1

31040

41

31030102

1

(MSE) Train 0,208 0,181 0,313

(MSE) Test 0.276 0.232 0.333

AVG Accuracy of predictions(%) 82,70% 79.30% 72,20%

Results provided by the models of three Tunnels.

Example of the final Architecture of the FNN in Maen Tunnel(3x40x6x1).

Artificial Neural Network Model
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Generalized behavior for Pieve Tunnel regarding the PR.

Model Results
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Time series main parameters

1. Stationarity: This simply means that time series price fluctuations do not vary

over time. A stagnant time series can have trends, i.e. (slow) changes in its

average value over time

2. Determinism and Stochasticity: All real-time time series contain noise and in

this sense all real time series are thoughtful. The biggest challenge in analyzing

real time series is to investigate and identify or identify the causal part of the

system that produces the time series.

3. Linearity and Nonlinearity: According to the above, these two concepts seem

to be related to causality and thoughtfulness, but can generally be defined

independently of them. The linearity of the system means that the variables of

the system (which we may not be able to observe) interact linearly, Otherwise

the system is non-linear. For the time series this means that for a linear system

we define the evolution of the time series as a linear combination of the

previous observations of the time series, while for a non-linear system we can

define the evolution of the time series more precisely if we consider the

combined effect at different times or the same.

CNN Model Structure

RNN Model Structure
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Model Prediction PR(m/h)

CNN+RNN-window size 5

CNN+RNN window size 1

Combination of CNN and RNN Model Results

Pieve

Window Size 1 5

MSE 0.242 0.260

MAE 0.370 0.390

AVG Accuracy of predictions (%) 78.77% 77.77%
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Conclusions

• The use of advanced artificial intelligence methods, such as artificial neural networks can provide 
engineers with reliable solutions to reduce the economic risk and contribute to the effort of making 
underground works safer.

• It is a flexible system because it can be updated with new data easily and increase its degree of accuracy. 

• It is very easy to use, even by inexperienced users. 

• Its minimum requirements make it possible to use it in the construction environment and do not limit it to 
laboratory conditions only

• NNs can produce forecasts quickly, reliably and with great accuracy
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Thank you for your attention!


