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Abstract: Water withdrawal from aquifers caused by
underground mining can increase surface subsidence. The size
of the subsidence depends on the mechanical and hydraulic
properties of the aquifer and overlying formations. Usually
there are limited possibilities of the drainage measurement in
the piezometers and mining shafts. Surface measurements
allow for analysis of the subsidence as the sum of the impacts of
mining itself and water withdrawal. Therefore the crucial
problem is to distinguish the cause and scale of influence of
those factors on the surface subsidence. This would allows to
improve the reliability of subsidence prediction and thereby
improve the accuracy of risk assessment in urban areas.

The comparison of different models of neural networks in
terms of their efficiency for predicting surface subsidence
caused by water withdrawal has been presented. In the
learning process the data gained from the measurements done
in piezometric boreholes and the properties of the aquifers
have been used. The use of the neural network has been
presented on the example of subsidence prediction caused by
an underground mine. The most efficient model has been
determined and presented.

L.

Conducting mining operations in opencast and deep
mines is associated with the necessity of continuous
drainage of the rock mass, which usually creates an
extensive depression cone in aquifer. The generated pressure
drop in compressible aquifers initiates the compaction
process occurring on the surface in the form of a wide
drainage basin. The phenomenon of subsidence drainage is
often treated marginally in analyses of surface deformations
due to the low values of vertical displacements in relation to
the subsidence caused by direct mining work (Knothe,
1953). However, the failure to consider drainage changes
can affect the reliability and accuracy of surface
deformation forecasts (Hejmanowski, Sopata, Stoch, Wdjcik
and Witkowski, 2013). Therefore, an attempt to
mathematically describe the process of subsidence due to
water withdrawal in order to determine possible vertical
displacements due to compression of the aquifers is of key
importance. Existing models for predicting surface
deformations for porous medium are used mainly in issues
relating to fluid and gaseous deposits (Geertsma and Van
Opstal, 1973; Hejmanowski, 1993; Galloway and Burbey,
2011; Witkowski, 2014). A more detailed review of the
literature on the existing forecasting models is presented
among others in (Hejmanowski, 1993; Witkowski, 2014). In
one of the earlier works, attention was drawn to the
possibility of research into the use of this new approach -
through the use of artificial intelligence tools - towards the
issue of forecasting of indirect influence on mining areas
(Witkowski, 2014). Neural networks - which constitute one
of the tools of artificial intelligence - have been applied in
many fields of technical sciences, which proves their
potential and abilities (Ambrozic and Turk, 2003; Osowski,
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2006; Kim, Lee and Oh, 2008; Zhi-xiang, Pei-xian, Li-li and
Ka-zhong, 2009; Kumar, Raghuwanshi and Singh, 2010;
Lee, Park and Choi, 2012).

II. SURFACE SUBSIDENCE DUE TO WATER
WITHDRAWAL ACCOMPANYING MINING OPERATION

Vertical displacements resulting from compaction of the
porous medium occur throughout the entire area of mining
operations and are associated with the growing depression
cone in aquifers. It should be emphasized however, that the
separation of the impact of direct work from the impact of
changes in drainage on surface subsidence is extremely
difficult (Wilk and Bochenska, 2003). In a handful of cases
it is possible as a result of complex analyses of approximate
development of depression cone and vertical displacements
conducted throughout entire mining area (Hejmanowski,
Sopata, Stoch, Woéjcik and Witkowski, 2013). The analyses
utilised two designated states of the drainage basin falling
for the years 1982 and 2012, and which were observed in
one of the Polish deep mines. In addition data
(Hejmanowski and Witkowski, 2015; Witkowski, 2015)
from the piezometric holes installed in the four aquifers
combined with geological information were used to execute
simulation using artificial neural networks (training data).
The obtained results were compared each time with the
results of measurements from the observation line subjected
only to the impact of water withdrawal (zest data).

II1.

Artificial intelligence tools were used because of their
abilities in the area of adaptability and generalization
(Bishop, 1996; Vapnik, 1998; Osowski, 2006; Steinwart and
Christmann, 2008; Chih-Chung and Chih-Jen, 2011). The
basic unit building artificial neural networks structure is a
single cell called the unit. The most common and commonly
used neural cell is a perceptron with sigmoidal activation
function. There are also other types of processing units such
as Radial Basis Function (RBF) models, Generalized
Regression Neural Networks (GRNN) (Bishop, 1996), and
machine learning methods, such as Support Vector
Machines (SVM) (Steinwart and Christmann, 2008; Chih-
Chung and Chih-Jen, 2011). Grouping individual neuronal
cells into large structures called networks allows obtaining
ability to acquire and generalise knowledge accumulated in
the learning process. The concept of operation of the neural
network is shown schematically in Figure 1.

ARTIFICIAL NEURAL NETWORKS ANALYSIS

A. Multi-Layer Perceptron with one Hidden Layer

The first stage of work utilised a perceptron network
(MLP) with one hidden layer. Executed simulations were
performed for a variable number of neurons hidden in the
range from 2 to 50. In order to assess the quality of the
obtained results simulation was repeated 100 times for each
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network configuration by initializing weight values of
connections in the network. The optimum network structure
was obtained for 17 hidden neurons obtaining Mean
Squared Error (MSE) error for the training data with a value
of 227 mm® and an error for testing data at 75 mm? level.
The effect of network performance is shown in Figure 2
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FIG 1 - Diagram of performance of neural network
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FIG 2 - The results of simulation of MLP network with one hidden layer for the training and testing sets

B. Multi-Layer Perceptron with two Hidden Layers

Calculations performed for a two-layer neural network
were made in the same manner as in the case of network
with one hidden layer. In addition, simulations included the
number of neurons in the second hidden layer from the 2 to
30. Appropriately developed structure of the neural network
is able to adapt to the training data, which can be seen in
Figure 3. Achieving a satisfactory level of generalisation,
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and determining the optimal network structure requires the
use of a test set. Finally, the selected network structure was
based on the 34 and 26 neurons in the hidden layers.
Simulation results for such selected structures are presented
in Figure 4.

The obtained values of MSE errors amounted to 195 mm”
and 71 mm? for the training and test sets.
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FIG 3 - MSE error values obtained for all simulations presented by the median value
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FIG 4 - Results of simulation of MLP network with two hidden layers

C. Neural Network with Radial Basis Functions

The mode of performance of the radial neural networks
involves assigning the function from the centre of a given
point of data hyperspace. Selection of the right amount of
functions (Radial Basis Functions), and the extent of the
impact of such a neuron (spread) determines obtaining
generalisation of knowledge acquired in the learning
process. Executed simulations made it possible to determine
the network structure consisting of 100 radial neurons with
spread parameter with a value of 125. Results obtained for
the training set (MSE = 285 mm?), and test set (MSE =
458 mm?) are presented in Figure 5.
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D. Generalised Regression Neural Networks

Neural networks with radial basis functions constituted an
inspiration for the creation of neural networks implementing
generalised regression (GRNN - generalised regression
neural networks). Performance of the GRNN network relies
on the fact that the learning cases are copied to the neurons
of network hidden layer, and are used to estimate the
network response to the points of the training set by itself,
and to the new points which did not occur in the training set.
In the process of the training of the network, only the
selection of the spread parameter is required. In executed
simulations the best results were obtained for a spread equal
to 90. The values of MSE errors amounted to 1240 mm? and
737 mm” for the training and test sets respectively (Figure
6).
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FIG 5 - Simulation results for selected RBF network for the training and test sets
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FIG 6 - Simulation results for selected GRNN network for the training and test sets
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FIG 7 - Simulation results for selected SVM network for training and a test sets

E. Neural Networks based on Support Vector Machines

The performance of the network based on the SVM
method relies on an approximation of training data in
hyperspace with a minimal margin of error. The best method
for selection of parameters controlling calculation process is
Cross-Validation procedure (Chih-Chung and Chih-Jen,
2011) which allowed researchers to determine the optimal
parameter values with the values of 2€= 5.0, and 2" = -2.9.
The results obtained for the SVM network are presented in
Figure 7. MSE error for the training set amounted to
362 mmz, and for the test set it was 512 mm®.

IVv.

The conducted analyses were designed to determine the
abilities of individually selected artificial intelligence tools
in the concept of forecasting drainage movements in the area
of the underground mine. Calculations utilised a neural
network of perceptron type MLP, based on the radial basis
function RBF, implementing generalised regression GRNN,
and relying on the support vectors machines SVM method.
Utilised computational techniques vary in operation, and
methods of obtain the optimal network structure.

Analysis of the developing depression cones in aquifers,
and increasing lowering of piezometric pressure in the
network of holes has demonstrated correlation with the
growing large subsidence trough recorded by the network
benchmarks. Linking a pizometric pressure drop with
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depressions of surface area was possible via the use of
artificial intelligence tools. Analyses made using the
selected networks can be summarized as follows:

* MLP type networks obtained the desired generalisation

of knowledge in the majority of cases. The quality of
obtained responses and determination of optimal network
design were controlled trough the test data set. Both one,
and two-layered networks were able to determine with high
accuracy the responses in the test set (Fig. 2 and Fig. 3);
Analysis performed using an RBF and SVM networks
yielded poorer results in comparison with the MLP
networks. The course of the projected values from the RBF
and SVM methods was similar in shape to empirical data
differing only in tilting the charts (Fig. 5 and Fig. 7).
Expanding the training database - in the case of these
methods - can improve obtained results, and the degree of
knowledge generalisation, which will be the subject of
further research;
The results obtained using the GRNN network are
characterised by the lowest accuracy which can be
associated with too little amount of learning data or with the
necessity of different representation of the phenomena;

After the present stage of research it can be concluded
that the networks of MLP type faster generalise knowledge
in the learning process. Further research will be conducted
in regard to the method of different presentation of
information which are used in the learning process, and on
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the expansion of the training, and testing data sets in relation
to the operations of deep and opencast mines.
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