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1 Introduction

1.1 Scope

This report aims to describe a dynamic prediction algorithm for short time series and a fault tolerant control
(FTC) algorithm that will be developed for predicting early warning slope failure in an open pit mine. The big
data optimisation concept, which involves complex applications with elements such as predictive models,
statistical algorithms, and what-if analysis, is borrowed, deploying to two mine operation practice use cases
for the Dig_IT project, namely Titania and La Parrilla, as described in Deliverable D3.4. A software package
consisting of a set of efficient algorithms for detecting, classifying, and predicting events/failures and handling
bad data resulting from communication constraints will be demonstrated to pinpoint the detection of the

likelihood of emerging events.

1.2 Project Overview

Dig_IT — A human-centred Internet of Things platform for the sustainable digital mine of the future — is a Horizon
2020-funded project that will address the mining industry's needs to move forward towards sustainable use of
resources while keeping people and the environment at the forefront of their priorities. In order to achieve that,
Dig_IT proposes the development of a smart Industrial Internet of Things platform (lloTp) that will improve the
efficiency and sustainability of mining operations by connecting cyber and physical systems. The platform will
collect data from sensors at three levels: human, assets, and environment, and will also incorporate both

market's real-time and historical data.

The big data optimisation task is to construct a residual signal and compare it with a predefined threshold in
generating alarms in the presence of bad data resulting from limited communication capacity. This is achieved
by achieving fault detection and fault-tolerant control (FTC) under communication constraints feature/event
detection, classification and prediction in large-scale data environments in supervised and unsupervised
modes. Some feature engineering techniques will be adopted to understand the nature of the data. This is
followed by a short time series analysis to establish a model for detecting, identifying and predicting the
events/failures. A useful early warning event prediction model will be demonstrated using a combination of
statistical time series modelling, relevant domain knowledge and intelligent search technique. Finally, a survival
analysis will be carried out to identify the accurate hazard-happening time zone when sufficient hazard data
sets are supplied. A software package will be then developed to realise the functions of (1) making use of the
offline and online datasets to predict the hazards or states of the mining process; (2) identifying the specific
scenarios from the normal situations, and giving effective alarming signals; and then (3) making use of the raw
datasets and predicted results as feedback signals to form the fault tolerant control approaches for the human

decision making. The software package will then be applied to the Titania use case, and La Parrilla use case

8
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for slope failure prediction problems in an open pit mine. Overall the above software aims to upgrade the

integrated processing ability of the system and form a strong Al-based data processing capability.

1.3 Document Organization

The aim of this report is to describe, analyse and characterise the scenario of big data optimisation in mining

operations. Every end user participating in the project has different infrastructures and mine areas to be

analysed due to several reasons — geological and geotechnical characteristics, environment, health and safety

characteristics, and plant and assets characteristics. The document is organised into the following five

sections:

1)
2)

3)

4)

5)

Introduction: This section gives general information about the project and the document itself.
Methodology: This section reviews the open pit mine challenges and focuses on slope failure, which
is one of the main issues in the mining industry. Modern techniques such as Artificial Intelligence,
Machine Learning and Deep Learning that has adopted by recent researchers and practitioners will
be explored to see the gap in the existing techniques. The theoretical background of the big data
optimisation proposed techniques is then discussed, followed by the general framework and its system
architecture within the Dig_IT project.

Use Case 1 — Titania: This section will report the identification of the stability problem for the Titania
use case in supporting the development of a big data optimisation for the Dig_IT platform. This section
will describe the current setup of the Titania use case with its available open pit stability monitoring
dataset, followed by the implementation of the early warning slope failure prediction that could be
implemented using the fault tolerant control algorithm discussed in Section 2. The performance of
prediction results with and without stability failure is presented and discussed further.

Use Case 2 — La Parrilla: This section will report the identification of the tailing dam stability problem
for the La Parrilla use case in supporting the development of a big data optimisation for the Dig_IT
platform. This section will describe the current setup of the La Parrilla use case with its newly installed
Dig_IT sensors at the tailing dam. The datasets are currently being retrieved in the FTP server, but
due to the mine not operating, there is some gap in training the fault dataset for the early warning
slope failure prediction that could be implemented using the fault tolerant control algorithm discussed
in Section 2. The performance of prediction results with and without stability failure is presented and
discussed further. Currently, the effort for the La Parrilla mine is in the initial stage, which will be further
updated in Deliverables 3.9: Big Data Optimisation and Analysis (Final Version).

Conclusion - This section describes the document's current status and concludes the overall

deliverables document.
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2 Methodology

After stepping into the era of Industry 4.0, the surging intelligent technologies have provided a wide spectrum
of advanced solutions for the mining industry. In order to maintain the efficiency of mining operations in the
short and long term, the monitoring system (i.e. piezometers, radars) has been implemented in the mining
scenarios to realize the geotechnical observation, production management, emergency planning, hazard
prevention and safety guidance. This trove of digital datasets presents a significant opportunity for data mining
and machine learning researchers to solve geographical hazard prediction problems, such as early alarming
and risk assessment, identification of the hazard severities, characterization of the slope failure patterns, etc.
These problems are obviously not new, but the success of machine learning and the growing availability of

historical and real-time datasets have sparked widespread interest in early hazard prediction and prevention.

While there has been a steady growth in machine learning research in geographical hazard prediction, several
obstacles have slowed the application of machine learning approaches in the open-pit mining industry. The
main challenge is the uncertainties related to rock mass heterogeneity and complex failure modes, which can
be misinterpreted. For example, different mines may use identical radar equipment or sensor equipment;
nevertheless, the complexity of predicting the same type of hazard may be completely different due to
geographical differences. Additionally, most of the researchers develop new methods when encountering new
mine environments. These methods are often irrelevant to each other, so it is difficult to develop a unified

hazard prediction system.

In this report, a comprehensive two-stage framework is designed to address the above challenges within the
context of slope failure in the open-pit mining industry. A two-stage prediction framework is proposed to tackle
the slope failure prediction problem in different mining environments. This framework supports generating early
hazard warning signals by interpreting real-time radar or sensor data. Then, a survival analysis based on real-
time and historical datasets is carried out. The use case partner provided the multivariate time series, including
the radar system measurements and piezometers measurements suitable for the time series analysis of slope

failure research.

2.1 Open Pit Mining Challenges

Critical hazards are happening every month in large mining environments. The monitoring systems provide
reliable early warning of progressive slope movements that could lead to mine wall failure and allow the
simultaneous mapping of the long-term behaviour of slow-moving slopes. It allows the user to interpret and
react quickly to the information delivered during radar monitoring projects. In order to maintain the efficiency
of mining operations in the short and long term, the monitoring system (i.e. piezometers, radars, UAVS) has
been implemented in the mining scenarios to realize the geotechnical observation, production management,
emergency planning, hazard prevention and safety guidance. This trove of digital datasets presents a
significant opportunity for data mining and machine learning researchers to solve geographical hazard

10
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prediction problems, such as early alarming and risk assessment, identification of the hazard severities,
characterization of the slope failure patterns, etc. These problems are obviously not new, but the success of
machine learning and the growing availability of historical and real-time datasets have sparked widespread
interest in early hazard prediction and prevention. There is an extensive body of studies in mining hazard
prediction, but what is presented here are just a few studies that are closely related to this research. The author

briefly describes their direct inspirations in the open-pit mining hazard prediction method research.

The review paper of Emanuele Intrieri [1] demonstrated a direct comparison between different methods,
including the empirical methods (graph-based), semi-empirical methods (empirical formula-based), and
numerical methods. After the comparison, the author of this paper clearly stated in the conclusion that ‘At
present, the most reliable approach appears to be employing more than one method (including those to
determine thresholds) and making decisions according to the average or safest prediction.” The empirical
methods inspired the two-stage design by introducing the kinematic evolution mechanism, which separated a
slope failure process into three phases (equilibrium-acceleration-collapse or equilibrium-acceleration-new
equilibrium). The methods adopting equations and graphs proved to be useful in practice; however, they are
irrelevant to methods based on deep learning. The paper of Ashkan Vaziri (2010) [2] stated the importance of
creep behaviour (three-phase evolution) of moving slopes as well. Furthermore, it pointed out the difficulty of
this procedure in determining the thresholds. Correspondingly, it correlated velocity and displacement
classification and sensitivity to environmental factors. This greatly inspired the author to believe that a flexible
threshold might satisfy early fault prediction better than a fixed threshold, which has been realised in the
research for the Dig_IT project. Specifically, the evolution of landslides in different slopes may be inconsistent
due to the difference in geological properties, so the real thresholds should be set to be different or the same
value but allow different redundancies. The paper of Graham Dick (2014) [3] presented an early warning time-
of-failure (TOF) analysis procedure for use in real-time with the integration of ground-based radar
measurements, generating an open-pit mine’s trigger action response plan (TARP). TARP is evaluated in
stages of landslide evolution to update and adjust the prediction results in real time. This is another inspiration
of the two-stage design in the work. The above three papers jointly described the strategy of staged modelling
and flexible thresholds, although the focus of the three papers is different. The author has absorbed the
excellent suggestions and built a staged model using relevant methods, i.e. using flexible thresholds and real-

time radar signals to give early warning and perform survival analysis.

The paper of Emanuele Intrieri (2012) [4] described the implementation of a landslide early warning system,
in which warning levels and response activities were designed according to real-world needs. The attention
levels were defined by how much the real-time velocity measurement exceeded the velocity threshold. The
review paper of Emanuele Intrieri (2019) [1] included most of the existing prediction models or early warning
systems, most of which used the displacement threshold and velocity threshold as the main evaluation criteria
of a disaster. Based on this work, the values of displacement, velocity and acceleration are seen as the main
basis in this research in designing the slope failure prediction model. Only displacement and velocity are

chosen as training features in the final version of our prediction model in this research, considering the fact
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that the balance between software efficiency and prediction accuracy is important. In the upcoming context,
the research design and experiments are introduced in detail. And a section on methods is also presented to
clarify more detains in theories or practice.

2.2 Slope Failure

Undoubtedly, agreeing on a definition of a "failure event" is crucial. Speaking from the actual condition of the
mine, defining the failure of the mine refers to an event of a large volume or area that displaces and causes a
rapid downhill. It excludes single rocks (unless they cause injury to human beings or equipment). In other
words, size is an important factor. When these events develop to the brink of failure, the displacement, velocity,
amplitude, etc., will change, obviously. By carrying out the study on this data and on-site investigations, it is
possible to predict if a failure will occur.

Another key factor making this process difficult and unique is that the rock mass is not homogenous. The rock
mass is cut by discontinuities (cracks, etc.), experiences different water pressure levels at each location, has
different slopes, etc. Based on this, it is unreliable to build a predictive algorithm for every potential failure since
every case depends on many variables. What can be done, however, is to find similarities between events that
can show patterns and make trend predictions about when failures are likely to occur. Thus, some data is
ignored; for example, radar can produce false readings due to noise (atmospheric changes, etc.) which can

produce similar data readings that are meaningless and need to be filtered out.

Figure 1 Overview of an Open pit mine

12



Deliverable D3.4

The heterogeneity and discontinuity of the mine lead to a diversity of "failure events", which is in good
agreement with the opinion of the geological experts in references. Noise can cause problems because the
movement from one equilibrium to a new one always happens before a real "failure". However, the
displacement, velocity and image information dataset provides very convincing features for future disaster
development. The event pattern is so important that it can be derived from multiple event datasets. If the
number of failed events is large enough, an early warning system can be generated using the salient features
it produces. The ability of artificial intelligence techniques has been proven in wide real-world practicals,
including in predicting early warning in slope stability failure. Slope failure greatly impacts the overall mining
operation, such as losses of mining machinery, production halt, and even death of humans [5], [6]. Even worse,
the increase in operational cost due to downtime and repair work will cause more challenging for the mine to
operate efficiently. Researchers and mining operation managers have invested in ground-based radar and
remote sensing techniques to analyse slope failure. However, they have some limitations with the
displacement in the surface of ground-based radar and low frequency of acquisition of satellite INSAR
measurements [7]. This is where big data optimization of the radar sensors come in, to intelligently predict the
early warning of open pit instability using machine learning techniques, considering both radar and ground

sensor, which will be further explained in this report.

2.3 Artificial Intelligence

Artificial intelligence has the potential to play a significant role in solving engineering problems, especially those
that involve large amounts of data, complex systems, and uncertain environments. Al technologies like
machine learning and deep learning can help engineers analyse large amounts of data, identify patterns, and
make predictions. This can be particularly useful in designing and optimizing systems, predicting equipment
failures, and improving product quality. It can also be used to develop predictive models to help engineers
make better decisions. Some practical examples include:

1) Predictive maintenance: Al can be used to analyze sensor data and identify patterns that indicate
equipment failure. This can help engineers predict when maintenance is required, preventing costly
downtime and improving reliability [8]—[10].

2) Optimization: Al algorithms can be used to optimize engineering systems such as energy grids,
transportation networks, and manufacturing processes. This can lead to more efficient and cost-
effective systems. Al can be used to optimize manufacturing processes and reduce waste. For
example, machine learning algorithms can be used to predict equipment failures, allowing engineers
to perform maintenance before a breakdown occurs. This can save time and money by preventing
costly downtime [11]-[13].

3) Design and simulation: Al can assist engineers in designing and simulating complex systems, such as
aerospace vehicles or chemical reactors. Al can help engineers quickly generate and evaluate
thousands of design options, reducing design time and costs. Al can be used to analyze large data
sets and identify patterns that may not be apparent to humans. This can be particularly useful in fields
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such as structural engineering, where engineers need to analyze large amounts of data to determine
the strength and stability of structures [14]—-[16].

4) Quality control: Al can monitor product quality during manufacturing, identify defects in real-time and
alert operators to take corrective action [17]-[19].

5) Robotics: Al-powered robots can be used in manufacturing to perform repetitive or dangerous tasks,
such as welding or painting. This can improve safety, reduce costs, and increase productivity. Also,
engineers can train autonomous systems using Al to recognize and respond to different scenarios in

the self-driving car industry, making them more reliable and safer [20]-[22].

As is known, many Al techniques have been applied to evaluate and predict slope stability in recent years.
The advantages of Al techniques have also been demonstrated and compared to the traditional methods, such
as fast computation time and high accuracy [23]. Furthermore, while conventional methods rely on the
mechanism of rock mass and simple physical analysis methods, Al methods can understand the dataset's
properties and their relationships. Figure 2 illustrates the subfield of Al cognitive domains and their application

sub-domains [24].
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Figure 2 Subfields of Atrtificial Intelligence [24]

In the mining industry, Al can be used to develop early warning systems in open pit mines to detect and alert
miners of potential hazards before they become critical and help to prevent accidents and improve safety. Al-
based early warning systems can use a combination of sensors, data analysis, and machine learning
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algorithms to detect potential risks in real-time. For example, sensors can be used to detect changes in
temperature, humidity, air quality, and gas levels. At the same time, machine learning algorithms can analyse
historical data to identify patterns and predict potential risks in near real-time. As a result, early warning
systems can help prevent accidents and disasters by detecting potential hazards and alerting mine operators

and workers in advance. Some practical examples include:

1) Monitoring equipment performance: Al can be used to monitor the performance of mining equipment
and detect anomalies that could indicate a potential equipment failure. Early detection of equipment
issues can help prevent accidents and downtime [25].

2) Analysing data from sensors: Open pit mines use sensors to monitor various conditions such as
temperature, humidity, and gas levels. Al algorithms can then analyse this data to identify patterns
indicating potential safety risks, such as a build-up of toxic gases [26].

3) Predictive modelling: Al can be used to create predictive models based on historical data to identify
potential hazards, risks of accidents and their likelihood of occurrence. These models can be used to
develop early warning systems that alert mine operators and workers before any incidents occur [27].

4) Image recognition: Al can analyse images captured by cameras mounted on mining equipment to
identify potential hazards, such as unstable terrain or the presence of unauthorised personnel in the
mining area [28].

5) Computer vision: Al can analyse video footage of the mine in real-time. This could involve monitoring
for changes in the behaviour of equipment or workers or identifying potential hazards such as loose
rocks or unstable ground [28].

6) Equipment failure detection: Al algorithms can be trained to detect abnormal behaviour in mining
equipment, such as excessive vibration or temperature changes, which may indicate a potential
failure[25].

7) Weather monitoring: Al algorithms can analyse weather data to predict potential hazards, such as
heavy rain or strong winds, which can impact mining operations [29].

8) Slope stability monitoring: Al algorithms can analyse sensor data to identify changes in slope stability

and issue early warnings to miners [30].

Overall, the use of Al in the engineering and complex mining industry has the potential to increase efficiency,
reduce costs, and improve product quality. It has a huge potential to enable engineers to use it to solve
problems previously considered too difficult or time-consuming. In addition, Al-based early warning systems
have the potential to significantly improve safety in open pit mines by providing miners with real-time
information about potential hazards. By detecting and alerting miners to potential risks before they become
critical, these systems can help prevent accidents and improve the overall safety of mining operations. As Al

continues to evolve, we can expect to see even more innovative applications in engineering field.

15



Deliverable D3.4

2.4 Machine Learning

Machine Learning (ML) is one of the game-changing technologies which is used in our day-to-day life. Every
day, numerous ML technology developments have occurred in different areas, including the mining industry.
Recent studies show that ML can be used as a part of an early warning system in open pit mines to help
detect and predict potential hazards. ML-based early warning systems can be used to monitor various aspects
of mining operations, such as slope stability, equipment performance, and weather conditions. One of the key
benefits of using ML in early warning systems is its ability to adapt and learn from new data. As more data is
collected, the ML model can continuously improve its accuracy and provide more reliable predictions. This can
help miners make more informed decisions and take appropriate actions to prevent accidents. Depending on
the specific application and data available, various machine learning algorithms can be used in early warning

systems in open pit mines. Some practical examples include:

1) Decision Trees: Decision trees can be used to classify different data types and detect patterns in
environmental data. For example, the Decision tree can be used to predict slope failures by analysing
historical data on slope stability, ground movement, slope angle, vegetation cover and other
environmental factors [31].

2) Random Forest: Random forests are an ensemble learning method that can be used for classification
and regression tasks. They can be used to analyse data from multiple sensors and make predictions
based on the combined information. It is particularly useful for analysing multiple input variables, large
amounts of data and identifying correlations between different variables [32].

3) Support Vector Machines (SVM): SVM is a supervised machine learning algorithm that can be used
for classification and regression tasks. For example, SVM can detect abnormal equipment behaviour
and predict potential equipment failures using anomaly detection and classification of events based
on multiple factors on hauling machine [33].

4) Neural Networks: Neural networks are a type of machine learning algorithm that can be used for
various tasks, such as classification, prediction, and pattern recognition. They can be used to analyse
real-time sensor data to detect slope failure and predict potential hazards [34].

5) Deep Learning: Deep learning algorithms, such as Convolutional Neural Networks (CNN) and
Recurrent Neural Networks (RNN), can be used to analyse images and time-series data collected from
sensors and cameras to detect potential hazards [35].

6) Clustering Algorithms: Clustering algorithms like K-means group data into clusters and detect outliers.
It can be used to identify abnormal behaviours in mining equipment and predict potential failures in
large datasets of sensor data, such as detecting abnormal gas concentrations or temperature changes
[36].

7) K-Nearest Neighbours (k-NN): k-NN can predict slope failures based on historical data and identify
similar patterns in real-time sensor data [37].

8) Gaussian Process Regression (GPR): GPR can be used to predict the probability of slope failures

based on historical data and environmental factors [38].
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9) Bayesian Networks: Bayesian networks can be used to model relationships between variables and
make predictions based on observed data. They can predict potential hazards based on historical data
and environmental factors. Bayesian networks are a probabilistic graphical model that can analyse
complex relationships between variables to predict potential hazards [39].

10) Hidden Markov models (HMM): HMMs can model temporal data and make predictions based on
observed patterns. It can predict potential hazards based on historical data and changes in

environmental conditions [40].

One advantage of using ML in early warning systems is its ability to handle large amounts of data. ML
algorithms can analyse data from multiple sources and provide early warnings to miners based on the analysis
of this data. ML also can adapt and learn from new data. As a result, the ML model can improve its accuracy
and provide more reliable predictions as more data is collected. This can help miners make more informed

decisions and take appropriate actions to prevent accidents.

Mining practitioners widely adopt radar-based technology in open pit mines to detect potential hazards. Radar
sensors use electromagnetic waves to detect objects. It can be used to detect the movement of rocks or sail,
changes in ground conditions, and other potential hazards in mining operations. When encountering objects,
the radio waves are reflected back to a receiver, making it a good monitoring device. The system can determine
the distance, speed, and direction by analysing the reflected waves. When a potential hazard is detected, the
radar-based system can warn miners early, giving them time to evacuate the area or take other appropriate

safety measures. This can help prevent accidents and improve safety in the mine.

Radar-based early warning systems can be installed on the open pit's walls or on equipment such as trucks
or excavators. These systems can detect the movement of rocks or soil, as well as changes in the slope of the
pit walls. One of the key benefits of using radar technology for early warning in open pit mines is its ability to
operate in all weather conditions. In addition, unlike other sensors, such as cameras, radar sensors can detect
hazards, even in low visibility conditions. Various radar sensors can be used in open pit mines, including
ground-penetrating radar, synthetic aperture radar, and interferometric synthetic aperture radar. These
sensors can be mounted on trucks, drones, or other mobile platforms to provide a comprehensive view of the

mining area.

Overall, using radar technology as a part of an early warning system in open pit mines can help improve safety
by providing miners with real-time information about potential hazards. By detecting and alerting miners to
potential risks before they become critical, these systems can help prevent accidents, improve the overall

safety of mining operations, and give miners time to take appropriate safety measures.
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2.5 Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of recurrent neural network that can be used for time-series data
analysis and prediction. It is particularly useful for processing and predicting sequences of data. It can be used
in an early warning system in open pit mines to help predict potential hazards based on historical data. LSTM
can be trained on a large dataset of sensor data collected from the mining area to learn patterns and
correlations between variables such as temperature, humidity, gas levels, and ground movement. The use of
LSTM involves collecting data from various sources, such as sensors (piezometers sensors, radar sensors,
vibration sensors, temperature sensors, and gas sensors) and weather stations. The collected data is then
used to train the LSTM model to recognise patterns and predict potential hazards. The LSTM model is then
used to predict future sensor data based on the patterns in the historical data. If the LSTM model detects a
pattern indicating a potential hazard, the miners can be issued an early warning. Some practical examples
include:

1) Slope failure prediction - LSTM can be used to predict slope stability by analysing historical sensor
data and identifying patterns associated with slope failures. The LSTM model can then monitor real-
time sensor data and issue early warnings to miners when it detects potential risks [41]-[43].

2) Equipment failure prediction — LSTM can be used to predict equipment failures by analysing sensor
data from mining equipment, such as trucks and excavators. By detecting abnormal behaviour or
changes in sensor readings, the model can issue early warnings to miners before the equipment fails
[44], [45].

3) Potential hazard prediction — LSTM can be used to analyse real-time sensor data to detect and predict
potential hazards. For example, sensors can be used to detect changes in temperature, humidity, and

gas levels, and the LSTM model can analyse the data to predict potential risks [46], [47].

One advantage of using LSTM for early warning in open pit mines is that it can detect subtle changes in sensor
data that may not be immediately apparent to human operators. The LSTM models are trained to recognise
patterns unique to a particular mine or mining operation, which can improve the accuracy of the early warning
system. LSTM also can handle time-series data, which is essential for monitoring mining operations. LSTM
models can analyse data over a period of time, allowing miners to detect potential hazards before they become
critical. However, it is important to note that LSTM models require a large amount of historical data to train
effectively. In addition, the model's performance may be affected by changes in the mining environment or

other factors that are not captured in the historical data.
Overall, using LSTM in early warning systems in open pit mines can help improve safety by providing miners

with real-time information about potential hazards. By detecting and predicting potential risks, these systems

can help prevent accidents and improve the overall safety of mining operations.
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2.6 Theoretical Background

The core contribution of this research is the design of an early warning system that gives early warning before
a slope failure disaster and then analyses the survival probability afterwards. The output of the regression
model is a value between 0 and 1, which is converted into an alarm signal once it exceeds a threshold value.
Instead of using a fixed threshold, the threshold can be adjusted according to the size of historical datasets
and the expertise suggestions. The objective is to increase the tolerance ability of early warning through a
relaxed warning threshold and carry out survival analysis after giving this early warning signal. The importance
of ‘how early’ is higher than ‘how accurate’ in the first stage; however, the importance of ‘how accurate’
increases afterwards. In other words, the false alarm rate can be sacrificed in the first stage to gain a high rate
of early alarm. In the second stage, the survival analysis is adopted to predict a relevant, precise hazard

happening time range. The two-stage strategy is considered to be more realistic than a single-target method.

2.6.1 Artificial Neural Network

Machine learning is a subfield of artificial intelligence. Deep learning is a subfield of machine learning, and
neural networks make up the backbone of deep learning algorithms. In fact, the number of node layers, or
depth, of neural networks distinguishes a single neural network from a deep learning algorithm, which must
have more than three. Neural networks are the brain of artificial intelligence. They are the computer systems
which are the replica of the neural connections in the human brain. The corresponding artificial neurons of the
brain are known as the perceptron. The stack of various perceptrons joining together makes the artificial neural
networks in the machines. Before giving a desirable output, the neural networks gain knowledge by processing
various training examples. With the use of different learning models, this process of analysing data will also
give a solution for many associated queries that were unanswered previously. The earlier kinds of neural
networks were composed of one input and one output and upmost only one hidden layer or a single layer of
perceptron only, as illustrated in Figure 3 [48].

output layer

hidden layer

input layer

Figure 3 Artificial Neural Networks (ANN) [48]
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Artificial neural networks (ANNs) are mimics of a human brain through a set of algorithms. At a basic level, a
neural network is comprised of four main components: inputs, weights, a bias or threshold, and an output.

Similar to linear regression, the algebraic formula would look something like this:

m
Z w;x; + bias = wyx; + wyx, + wix3 + bias (0]
i=1

2.6.2 Deep Neural Network

Deep learning in association with neural networks can unfold the multiple layers of hidden data, including the
output layer of complex problems and is an aide for the subfields like speech recognition, natural language
processing, and computer vision. Deep neural networks are composed of more than one hidden layer between
the input and output layers. Therefore a deep learning process is required to unfold the hidden layers of the
data unit. In deep-learning of neural networks, each layer is skilled in a unique set of attributes based on the
output features of the previous layers. The more you get into the neural network, the node gains the ability to
recognize more complex attributes as they predict and recombine the outputs of all the previous layers to
produce the more clear final output. The “deep” in deep learning refers to the depth of layers in a neural
network. A neural network consisting of more than three layers—including the inputs and output—can be
considered a deep learning algorithm. This is generally represented using the following diagram in Figure 4
[49].

Deep neural network
Input layer Multiple hidden layers Output layer

Figure 4 Deep Neural Network [49]
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Most deep neural networks are feed-forward, meaning they flow in one direction only from input to output.
However, you can also train your model through backpropagation, moving in the opposite direction from output
to input. Backpropagation allows us to calculate and attribute the error associated with each neuron, allowing

us to adjust and fit the algorithm appropriately.

Deep learning is merely a subset of machine learning. The primary ways in which they differ are in how each
algorithm learns and how much data each type of algorithm uses. Deep learning automates much of the feature
extraction piece of the process, eliminating some of the manual human intervention required. It also enables
the use of large data sets, earning itself the title of "scalable machine learning" in this MIT lecture. This
capability will be exciting as we explore using unstructured data more, particularly since 80-90% of an
organisation’s data is estimated to be unstructured. Classical, or "non-deep", machine learning depends more
on human intervention to learn. Human experts determine the hierarchy of features to understand the
differences between data inputs, usually requiring more structured data to learn. "Deep" machine learning can
leverage labelled datasets, also known as supervised learning, to inform its algorithm, but it doesn’t necessarily
require a labelled dataset. It can ingest unstructured data in its raw form (e.g. text, images) and automatically
determine the set of features that distinguish one component from another. Both machine learning and deep
learning are considered subsets of Al. Although deep learning has received more media attention recently,
neither type of algorithm is necessarily better than the other. Data scientists frequently experiment with both
types to determine a practical algorithm that fits a specific use case. Deep learning is considered more scalable
than machine learning, using large data sets to eliminate some of the human intervention required within
machine learning. In machine learning, an expert needs to determine the hierarchy of features within the
algorithm, while deep learning automates this aspect of the process. This is likely why deep learning is ideal

for use cases such as data management and classification.

2.6.3 Recurrent Neural Network

The RNN is one of the foundational network architectures from which other deep learning architectures are
built. The primary difference between a typical multilayer network and a recurrent network is that rather than
completely feed-forward connections, a recurrent network might have connections that feed back into prior
layers (or into the same layer). This feedback allows RNNs to maintain the memory of past inputs and model
problems in time. RNNs consist of a rich set of architectures (we'll look at one popular topology called LSTM
next). The critical differentiator is feedback within the network, which could manifest itself from a hidden layer,
the output layer, or some combination thereof. RNNs can be unfolded in time and trained with standard back-

propagation or by using a back-propagation variant called back-propagation in time (BPTT).
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Figure 5 Recurrent Neural Network [50]

2.6.4 Long Short-Term Memory

An LSTM network is a recurrent neural network (RNN) that can learn long-term dependencies between time
steps of sequence data. The LSTM can be applied for regression or classification in the time series analysis.
The LSTM was created in 1997 by Hochreiter and Schimdhuber, but it has grown in popularity in recent years
as an RNN architecture for various applications. LSTMs can be found in products you use daily, such as

smartphones. IBM applied LSTMs in IBM Watson® for milestone-setting conversational speech recognition.
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Output

LSTM memory cell

Output gate
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Forget gate
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Figure 6 LSTM Networks [50]

The LSTM departed from typical neuron-based neural network architectures and instead introduced the
concept of a memory cell. The memory cell can retain its value for a short or long time as a function of its
inputs, allowing it to remember what's important and not just its last computed value. The LSTM memory cell
contains three gates that control how information flows into or out of the cell—the input gate controls when
new information can flow into the memory. The forget gate controls when an existing piece of information is
forgotten, allowing the cell to remember new data. Finally, the output gate controls when the information that
is contained in the cell is used in the output from the cell. The cell also contains weights, which control each
gate. The training algorithm, commonly BPTT, optimises these weights based on the resulting network output
error. In this specific Dig_IT application, the LSTM RNN network includes a sequence input layer followed by
an LSTM layer, then connected by a fully connected layer and a regression output layer. The LSTM layer
architecture is shown in Figure 7. The input and response sizes are 2 and 1, respectively, representing the
input channels for displacement and velocity and the output channel of the labelled sequence. The number of
hidden units is set to 200. The Max-Epochs is set at 4000, and the Gradient-Threshold is set at 0.001.

|nput Xt-l Xt Xt+1

Hidden state

LSTM
Cell

LSTM
Cell

Cell state

LSTM Cell

Figure 7 The structure of LSTM with Dig_IT application
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Feature Generation

This study generates the training features from the radar monitoring datasets (displacement, velocity,

acceleration) and piezometer detection datasets. The sampling period of the radar system is 4 minutes, while

the sampling period of the piezometer is 4 hours. If multiple types of datasets appear in one application

simultaneously, adopting the ‘time window’ mechanism is necessary to unify the training features' sampling

frequency. The model is targeted landslide prediction, so the selected features only include displacement and

velocity. These two types of raw data belong to radar sampling and have a unified sampling frequency. In

addition to real-time data detection of the prediction system, several types of features deserve attention:

1)

2)

3)

2.6.6

Static features. It certainly includes the lifetime of each slope of an open-pit mine because each slope
is developed at a different time. For example, if development mainly occurs in the southern part of the
mine, the lifetime of a southern slope is probably shorter, while the northern slope is longer. Therefore,
the area of each slope needs an accurate definition. The number of historical slope failures is also
important.

Historical slope failure events. No one wants more slope failures in one open pit mine; however, more
historical data records help to develop a more accurate model. Since the focus is on predicting future
events, observing historical data should focus more on analysing a time series with events rather than
on a stable period. A regression model or mathematical model could usually be possibly found. The
happening time, zones, and recording pixels are always interesting.

The feature importance and accuracy. The feature is more important when it correlates more with the
predicted result. This is commonly accessible in development tools. At present, our feature number is
relatively small and clean, so we adopt an empirical feature selection. If the number of candidate
features increases sharply, it is necessary to use feature importance judgments instead of empirical
analysis. The accuracy of the feature depends on the researcher's understanding and utilisation of the
data. For example, selecting the early warning threshold in survival analysis requires a more
comprehensive understanding of mine safety. This is beyond the scope of the author's knowledge, but
it deserves further discussion with Titania AS collaborators once the model is ready to be deployed in

the Dig_IT platform.

Survival analysis

The historical datasets should have included all the slope failure information, from which the survival time of

each event is precious in the real-time prediction of the survival probability of a slope.

1
2)

3)

The Survival Time of each slope after early alarming is indicated by the variable "Time";

Event is indicated by the variable "Event". 'LIVING' represents the status before a complete slope
failure, while 'DECEASED' means the completion of a slope failure.

The group represents the slope categories which can be divided into well-maintained (‘Good') or poorly

maintained (‘Poor"). 'Good' maintenance usually extends the useful time of a slope.
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Time (Hours) Event Group
23 'LIVING' '‘Good'
34 'LIVING' '‘Good'
19 'DECEASED' 'Poor’
12 'DECEASED' 'Poor’
17 'LIVING' '‘Good'
38 'LIVING' '‘Good'
32 'DECEASED' '‘Good'
16 'LIVING' 'Poor’
25 'LIVING' 'Poor’
26 'DECEASED' '‘Good'
29 'DECEASED' '‘Good'
28 'DECEASED' '‘Good'
21 'LIVING' 'Poor’
32 'LIVING' '‘Good'
40 'DECEASED' 'Poor’
35 'LIVING' '‘Good'
14 'DECEASED’ '‘Good'
27 'DECEASED' 'Poor’
24 'DECEASED' 'Poor’
10 'DECEASED' '‘Good'
7 '‘LIVING' 'Poor’
9 '‘LIVING' '‘Good'
17 'LIVING' 'Poor’
14 'LIVING' '‘Good'
37 '‘LIVING' '‘Good'
12 '‘LIVING' 'Poor’
14 '‘LIVING' 'Poor’
27 'LIVING' '‘Good'
36 'DECEASED' 'Poor’
34 'LIVING' '‘Good'

2.6.7 Labelling of Slope Failure

Table 1 Datasets by Survival Time

to the training sample or according to the advice of experts.

All time points annotated as ‘slope failure’ were labelled as ‘1’ if the feature values increased above threshold
values; otherwise ‘, 0’. The function of the label is to provide training data for the prediction of a slope failure,
and the range of the label depends on the time range of disasters within the historical datasets. The thresholds

of displacement and velocity are used to determine the label range. The threshold can be adjusted according
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Deliverable D3.4

Big data optimization and analysis are mainly concerned with feature/event detection, classification and

prediction in large-scale data environments in both supervised and unsupervised modes, which can be

achieved in the following three stages:

Dig_IT Platform
(Market Data, Commodity Prices, Sensor Data)

l loT Middleware Layer

WRP3.4: Big Data
Optimization and Analysis

Existing Data
= Events

= Patterns
= Model

Generate

based on the
presence of
Bad Data

Time-Series

LSTM-RNN

Training

Survival
Analysis

Fault Tolerant
Control (FTC)
under
communication
constraints

FTC module
e 4 Which serve
as Al-based

decision
making tool.

Figure 8 Big Data Optimization Task

Stage 1 involves a common understanding of the nature of the data and the problems it presents. All the

existing event (e.g. failure) signatures, patterns or models will be revisited. The main idea is to construct a

residual signal and compare it with a predefined threshold to generate alarms in the presence of bad data

resulting from limited communication capacity. To achieve fault detection and fault-tolerant control (FTC) under

communication constraints, BRUNEL will provide a key method for distinguishing between genuine and false

events in order to support process operators’ decision-making. A series of novel algorithms for FTC problems

with network-induced phenomena and a package of design and analysis tools for researchers and engineers

dealing with networked FTC systems will be developed. A series of novel algorithms for FTC problems with
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network-induced phenomena and a package of design and analysis tools for researchers and engineers

dealing with networked FTC systems will be developed.

Stage 2 is concerned with developing and integrating complementary techniques to understand the nature of
the data and establish a model for detecting, identifying and predicting the events/failures. This will be achieved
through (i) Feature engineering work for event detection. Feature engineering work will include the analysis of
historical data sets and online datasets, then the main features are analysed, and an important analysis will
be carried out to identify the correlation between events and observed signals. The feature engineering
methods include the Pearson correlation coefficients, Lasso Feature Selection, and relevant data processing
approaches; (ii) time series analysis for event prediction. Early event prediction will probably make the
corresponding data traffic time series short. This will provide the ground for demonstrating useful models that
can be learnt from short time series using a combination of statistical time series modelling, relevant domain
knowledge and intelligent search techniques using a combination of statistical time series modelling, relevant
domain knowledge and intelligent search techniques. Long Short-Term Memory Recurrent Neural Network will
be applied to realise the predictive model training using historical data sets observed from sensors and radar
systems (e.g., displacement, velocity, amplitude, and weather data sets for hazard prediction). (iii) The
Survival Analysis will be carried out to identify the accurate hazard-happening time zone when sufficient hazard

data sets are supplied.

Stage 3 focuses on the fault-tolerant control (FTC) problem under communication constraints (i.e., to identify
bad data received by sensors due to harsh environment, terrain, and communication constraints and to
eliminate their impact on the analysis before it takes place) in response to an increasing demand for higher
performance, higher safety and reliability standards. The main idea is to construct a residual signal and
compare it with a predefined threshold to generate alarms in the presence of bad data resulting from limited
communication capacity. The FTC module will use the historical datasets and the predicted results as inputs,
which will serve as an Al-based decision-making tool. The software packages will be developed to realise the
functions of (1) making use of the offline and online datasets to predict the hazards or states of the mining
process; (2) identifying the specific scenarios from the normal situations, and giving effective alarming signals;
and then (3) making use of the raw datasets and predicted results as feedback signals to form the fault tolerant
control approaches for the human decision making. Overall, the above software aims to upgrade the integrated

processing ability of the system and form an Al-based solid data processing capability.

2.7.1 General Framework

The framework focuses on building an early warning hazard prediction model as a human-decision assistance
tool. The objectives include (1) To design a prototype machine learning model for hazard prediction with a
limited amount of data sets; (2) collecting complete data sets, then continuing feature engineering work; (3)
training and testing the updated models; (4) To design efficiency/accuracy evaluation metrics. The following

Figure 9 shows the hazard prediction machine learning pipeline framework.
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Machine Learning Pipeline: Hazard/Fault Prediction
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Figure 9 Machine Learning Pipeline Framework

In this framework, An LSTM RNN (Long Short-Term Memory Recurrent Neural Network) is adopted to realise
early prediction of slope failure of open pit mines to maintain a high safety standard in hazard early warning
and prediction. Simultaneously, a Survival Analysis model was applied once the early warning signal was

confirmed to predict failure happening time accurately.

2.7.2 System Architecture

Figure 10 is the proposed Industrial Internet of a Thing platform (lloTp) architecture for the Dig_IT project. The
big data optimisation is positioned under the intelligent layer and will have direct access to the data in the
aggregator via the lloTp. The software package will run on a local machine that can access new and historical
data from the aggregator via MQTT. The following is the detailed system architecture for the big data
optimisation software package. The local machine will extract the data from the Data Warehouse (DW) and
run it using its local machine CPU capacity. This is to reduce the computational effort in the Dig_IT platform
and avoid overused memory. The output, which comprises a prediction output, will be updated to the DW via
the MQTT protocol, later presented in the Decision Support System (DSS) Dashboard Suite for mining operator
decision-making.

The following Figure 5 shows the IloTp system architecture, which maps the position of the big data
optimisation in the intelligent layer. A detailed explanation of the Dig_IT platform is available in Deliverables
3.1
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lloTp Architecture
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Figure 10 Dig_IT lloTP Architecture

*(Figure 10 Source: Dig_IT Deliverable 3.1)

Figure 11 illustrates the detailed system architecture for the Dig_IT platform and big data optimisation FTC

software package. The prediction output will be sent to the ICCS platform using the MQTT broker, which is

later pickup by LIBRA using the Timescale DB or KAFKA for the DSS Dashboard Suite.
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Figure 11 Dig_IT Detailed System Architecture for Dig_IT Platform and Smart Scheduling Tool

(Figure 11 Source: Dig_IT Deliverable 3.1)

2.7.3 FTC Software Package

The FTC software package is described in Deliverable 3.3. This includes the source code and manual
instruction for the proposed slope failure prediction. The software package is built on Python 3 with standard
libraries such as NumPy, pandas, matplotlib, seaborn, Keras, and sklearn. A decent machine with a good
CPU/GPU with the installed Python libraries can be used to train the model. The model output from the
prediction model will be updated in the Decision Support System (DSS) via the MQTT protocol that has been
established between the CPU and the Dig_IT Platform. The following Figure 12 illustrates the big data
optimisation communication system architecture. All legacy and Dig_IT sensors have been assigned a
dedicated topic in the MQTT protocol. Each sensor will publish new values depending on its sampling
frequency, and when a new value from the sensor is published to the MQTT broker, all subscribers, including
the machine that runs this software package, will receive this new value and feed into (1) the model and (2)
the local data logger. The prediction output from the model then publishes to the MQTT broker for the Dig_IT
platform to pick up and display in the DSS system.
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Figure 12 Dig_IT Big Data Optimization Communication System Architecture

On the other hand, a data logger is introduced to store future data to ensure the model is continuously updated.

A detailed explanation of the DSS is available in Deliverables 5.6. Table 2 presents the DSS data sources

description for big data optimisation.

Data Source Number of Data measurements Data model description REINES
different frequency
sources/devices

Big Data One slope at One prediction every 4 A prediction. A number Time series

Optimization the moment. minutes. ?'0”9 _With a timestamp prediction to
identifier for hazard, )
type, mine, (location if predict a
possible) hazard.

Table 2 Decision Support System Data Sources

2.8 Use Case Validation

As stipulated in the Grant Agreement, the Big Data Optimization was initially planned to validate its proposed
Dig_IT technology on three (3) use cases Marini, Titania and Sotkamo. A map of the use case scenario
validation chart is shown in Table 3 below. During the 1st reporting period, BRUNEL has worked on defining
the goal and scope by setting up a number of meetings with the use cases to clearly define the problem and
formulate those problems into the relevant big data optimisation problem. During this meeting, BRUNEL
reviewed and investigated the current setup and discussed the issues experienced by the use case partner.
In addition, other sources, such as semi-structured interview outcomes (Deliverables WP1.5) and Virtual Tour

Meetings, were considered to gain more information.
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Table 3 Dig_IT use-case scenario validation chart (retrieved from Table 1-4 in GA)

From the discussion and email exchange between BRUNEL and the use case partner, use case Titania are

interested in finding a solution for a real-time early warning for their open pit mine stability problem. Currently,

the use case Titania monitors the open-pit mine manually using the radar and ground piezometers. Both

systems, separated from each other, need human intervention and continuous monitoring to ensure the

stability of the open-pit mine is in acceptable condition. There is a need to integrate these sensors into a Unifi

system. A huge amount of historical data from the radar and piezometer sensor has been retrieved for the

purpose of the training dataset; however, there is a lack of failure dataset due to the event of failure rarely

happens, but it is crucial to get an early warning before the real incidents occur.

On the other hand, there are no datasets available for the MARINI and SOTKAMO use cases. As a result,

some amendment has been proposed to the use case validation as follows:

1) To replace the Marini use case with La Parrilla use case for stability monitoring at the tailing dam, in

2)

line with the geotechnical digital twin by Subterra. At the moment, La Parrilla has installed some

piezometer sensors and total pressure cells, which could provide information on the tailings dam's

stability. These two measurements are very useful and associated with each other for the geotechnical

assessment. In addition, the data is retrieved online via the FTP server, which will later be linked to

the Dig_IT platform. This server could retrieve the measurement hourly in terms of frequency, which

will be useful for Brunel to apply for big data optimisation.

To transfer the LSTM-RNN model, which has been developed for early prediction of slope failure, with

the survival analysis for the early warning signal to the La Parrilla tailing dam. To ensure the transferred

model works well with the new environment, further assessment of the available sensors and the mine

characteristics are needed to confirm the current specific detection and prediction targets.
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3) To further improve the LSTM-RNN model for the Titania use-case with the updated data from the
mines. The updated data contains a new registered fault event currently retrieved from the Radar and
Piezometers sensors. To ensure the model predicts accurately, a number of fault events are required

from the datasets, which Titania will provide.

2.9 Summary

This section has introduced the artificial intelligence family, which focuses on an applied machine learning
algorithm for predicting hazard stability in an open pit mine. The slope failure challenges in a typical open pit
mine setup were reviewed, and the gap in the existing traditional and modern techniques has been discussed.
A general framework focusing on building an early warning hazard prediction model as a human-decision
assistance tool was explained to fill the gap. The framework adopted an LSTM RNN to detect slope failure
early to maintain a high safety standard in the mining industry. Simultaneously, a survival analysis model was
applied to accurately validate the event of failure. The system architecture and communication protocol
between the FTC software package with the Dig_IT platform and how the output from the model was also

discussed followed by use case validation and its challenges in the Dig_IT project.
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3 Titania Use Case

3.1 Background

Titania AS (Norway) is a part of Kronos Worldwide Inc (US) producer and marketer of titanium dioxide (TiO2)
pigments. Titania operates a 2.7 km by 0.6 km open-pit mine, which is 300 m deep and located in southern
Norway. The mine was opened in 1960 and is estimated to be operational until around 2080. limenite-norite is
extracted and processed into ilmenite concentrate, which is a raw material for pigment production. The
geological bed from which ilmenite ore is extracted also contains anorthosite. This is defined as a waste rock
transported to a landfill at the border of the mine to allow access to the ilmenite ore. The mining operations
include mapping, monitoring, drilling, blasting, loading, and transporting ore and waste rock. Titania has a
relatively high number of equipment and vehicles compared to the mass of ore that is mined. This is because
the ore quality differs across the reserves, so the ore is constantly taken out from several locations to achieve
a product with low variations in quality. The mineral processing plant at Titania consists of comminution, gravity
separation, magnetic separation, flotation, and drying infrastructure. By-products from the mineral processing
are magnetite concentrate and sulphide concentrate. All products are dried and stored in silos close to the
quay, from which the products are shipped. Titania owns and operates a hydropower plant which delivers
approximately % of its electricity needs. The rest of the electricity demand is bought from the electricity net.
Process water is taken from Tellenes lake, and most of this water is recycled in the process. Overflow from
the thickeners is returned to the lake. Underflow contains tailings and is pumped to the tailings pond. New

water influx to Tellenes lake comes from the tailings pond and other lakes in the area.

Figure 13 shows Titania’s overall value chain of an open pit mine. There are five mining stages involved onsite,
starting from extracting the Ilmenite Norite (Titanium) and Anorthosite (Waste Rock) from the mine and
transferring those ores to the Mineral Processing Plant using a set of trucks and loader machine. In this stage,
the ores will go through five main processes: crushing, milling, gravimetric, wet magnets and flotation. Then,
the output from the flotation will be transported to the drying plant for the leaching and drying processes before
it turns into ilmenite concentrate and two by-products known as Sulphide and Magnetite. Finally, the products

are transported using shipping and trucks based on the order from the client.

Mineral Drying Plant End Product Transportation

Processing Plant eFlotation/ Leaching elllmenite-concetrate Shipping
«Crushing *Drying (44%Ti02) *Trucks
*Sulphide

(by-product)
*Magnetite

(by-product)

*Milling
*Gravimetric
*Wet Magnets
*Flotation

Figure 13 Titania’s Overall Value Chain of an Open Pit Mine.
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Figure 14 below explains the detailed processes comprising six stages, extraction and mining, comminution,

mineral processing, drying, loading and waste disposal.
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Figure 14 Titania’s Detailed Processes.

Titania aims to strengthen the industry's social presence within the local community by establishing a

relationship of trust regarding environmental compliance. To comply with that, Titania plans to control and

improve its water discharge monitoring from the mine, the processing plant and the landfill. Titania also takes

slope monitoring one step further by integrating data from various sources and sensors into one unified system

that can be updated in real-time. They aspire for an overall integrated agile system to obtain critical information

on time for scheduling production regarding asset maintenance, energy consumption, production quality,

environmental performance and overall operation relevant to the mine value chain. Integrating the information

from different data sources within the value chain, Titania aims to have timely insight into preventing

unexpected production delays by optimizing the maintenance windows of its critical assets.

*(Figure 14 Source: Dig_IT Deliverable 5.2)
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3.2 Open Pit Stability Problem

The main challenge in slope stability, in general, is the simultaneous fulfiiment of (i) personnel safety and
equipment security, (ii) production sustainable continuation, (iii) optimum annual budget allocation and (iv)
planning regarding prevention and/or remedy. The current setup in Titania shows that the company has
invested in high-quality Interferometric Ground-Based Synthetic Aperture Radar (GB-SAR) with a weather
station that monitors the slope's movement at the frequency of every 4 minutes. This is then supported by the
installation of 36 piezometers in 12 boreholes and extensometers that collect data processed in various periods
(from real-time to weekly) to gain insights on the slope stability status. However, data collection requires on-
site inspection, and the data analysis process requires an effort that causes delays to the mine risk-map
update. Moreover, the volume of raw data obstructs retrieving timely insights, thus resulting in large-scale data

unsynchronized among departments.

Titania aims to take slope monitoring one step further in integrating data from various sources and sensors
into one unified system that can be updated in real-time. Understanding the response of the open pit walls or
the tailings dam to a variety of event-controlling parameters is fundamental for Titania staff to make medium
or long-term decisions. A geospatial environment that will allow visualization of information acquired from the
monitoring instrumentation in an integrated way, regardless of hardware or software provider in one system,
is vital for mining decision-making effectively regarding geotechnical risk management and planning. During
the extraction phase, the excavation sequence implies developing artificial slopes on which stability is a crucial
factor both for safety and financial viability, which are critical components for risk management practices in

slope stability [51].

Pit wall failures in open pit mines are one of the leading causes of fatalities in mining operations. Unanticipated
failure of mine pit walls can create hazardous conditions that may endanger lives, destroy mining machinery,
block roads, halt mine production, and, more severely, result in the full closure of the mine. Slope failures are
affected by factors such as slope geometry, rock mechanic characteristics, geological structure, lithology,

groundwater, mining method and dynamic forces (i.e. rainfall affecting rock pore pressure).

Understanding groundwater and flow pattern behaviour are related to flow through porous granular media. It
is a well-known fact that pore pressure reduces the stability of the slopes due to the reduced shear strength of
potential failure surfaces and increases the forces that induce sliding [52]. In an environment where the
temperature regularly decreases below the water freezing point, freezing of groundwater cause wedging in the
water-filled joints. Freezing of water surface on slopes also blocks drainage path resulting in a build-up of

pressures in the slope, which considerably reduces the stability.
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Fracture surface roughness can significantly affect flow's linearity, but the laminar and viscous flow is often
approximated to flow between smooth parallel plates. The interconnection between rock discontinuities and
their spacing, aperture size, orientation and roughness decide the porosity and permeability of rock masses.
Discontinuities like faults, joints or cracks generally develop due to tectonic activities, provide important clues
on surface features, and are responsible for the infiltration of surface runoff into sub-surface and movement
and storage of groundwater [53]. Discontinuities structures play an important role in slope stability and may
trigger a slope failure. A reliable slope stability model — needs discontinuity information from different sources
— slope mapping, borehole logging data, remote sensing, aerial images, and geophysical investigations. All
these sources are analysed and correlated to identify the typical orientation of the fracture system in terms of

dip and dip direction.

In the mining environment, stability is assessed using classification systems such as Rock Mass Rating (RMR),
Geological Strength Index (GSI), Q-System, and Slope Mass Rating (SMR). These approaches are commonly

used to categorize rock mass conditions. Various rock mass classification systems have been proposed since

the early '60s, and the most extensively adopted is the rock mass rating (RMR), initially developed by
Bieniawski [54].

el s B
Rock Class Quality Min Max Min Max Min Max
1 Very good to excellent 100 1000 85 100 90 100
2 Good 10 100 65 85 70 90
3 Fair to Good 4 10 56 65 61 70
4 Poor 1 4 44 56 49 61
5 Very Poor 0.1 1 35 44 40 49
6 Extremely Poor 0.01 0.1 20 35 25 40
7 Exceptionally Poor 0.001 0.01 5 20 10 25

Table 4 Rock mass classes used for classification (Panthi, 2006)

The RMR system utilizes a total of nine parameters; Uniaxial Compressive Strength (UCS), Rock Quality
Designation (RQD), Spacing of discontinuities, Condition of discontinuities (persistence, aperture, roughness,
infilling, weathering) and Groundwater conditions to assess rock mass quality. The rating values of these
parameters vary between a minimum and a maximum. Minimum values account for conditions to be met in a
weathered/deteriorated/highly fractured rock mass. Therefore, the overall rating of the RMR index varies from

a minimum of 0 to a maximum of 100.
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Label Description Min Max

Uniaxial Compressive | Samples from lab test 0 15

Strength (UCS)

Rock Quality Core logging (directly) 3 20

Designation (RQD)

Joint Spacing Total no of joint set & FFm. If there is no joint, then it is assumed 5 20
to be more than 1

Joint Persistence Common value based on 15 m height of bench 6

Joint Aperture Core logging (directly) 6

Joint Roughness JRC core logging (directly) then transforms into RMR (Barton & 6
Choubey, 1977)

Joint Infilling Derived from alteration number — core logging. 0 6

Joint Weathering Assessed directly from the exposed open joint walls. 15

Groundwater The rating is assumed to be wet. 8 100

Table 5 Details of RMR rating values

SMR [55] takes into account the orientation of the discontinuities and re-adjusts the RMR value by applying

four correction factors, and the stability classes are determined in the following Table 13:

Class | | [ I IV v
SMR 81 - 100 61 - 80 41 - 60 21-40 0-20
Rock Mass Description | Very Good | Good Normal Bad Very Bad
Stability Completely | Stable Partially Stable Unstable Completely
Stable Unstable
Failures None Some Planar along some Planar or Big Planar,
Block Joints or many Big Wedge | soil-like or
Failure Wedges Failure Failure circular
Table 6 Stability classes according to SMR values (Romana, 1985)

F1: parallelism of the s

Where:

SMR = RMR — (F1-F2-F3) + F4

trikes of the discontinuities and slope face

0 (%(w -17))

3
F, = o5 ——arctan

500

A = a; — a, (dip direction of joint & slope for planar failure)

A = a; — a, (dip direction of the line of intersection & slope for wedge failure)

A = a;j — ay — 180 (dip direction of joint & slope plus 180 for topping failure)
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Ajdg N

(a)

(b)

Figure 15 Slope Face Failure: (a) Planar Failure, (b) Wedge Failure, (c) Topping Failure, (d) Circular Failure [56]

F2: dipping angle of the discontinuities

Fo— 9 1 " <17 IB] 5)
2 = g~ 195 2retan {155 )

Where B is equal to dip f; of joint for planar failure and toppling and to the dip of line of intersection for wedge

failure.

F3: relation between slope face angle (B,) and the dip of discontinuity ()

1
F; = —30§arctan(C)
where:
C = p; — Bs(difference of dips of joint & slope for planar failure)

C = B; — Bs(difference of dips of line if intersection & slope for wedge)
1
F; = —13;arctan((3 —120)

where:

C = B; + Bs(sum of dip of joint & slope for toppling failure)

F4:correction factor based on excavation method:
Natural Slope = +15,

Presplitting = +10,

Smooth Blasting = +8,

Blasting or Mechanical = 0,

Deficient Blasting = -8
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3.2.1 Slope Monitoring using Ground-based SAR

Interferometric synthetic aperture radar, abbreviated INSAR, is a radar technique used in geodesy and remote
sensing. It is an assessed remote sensing system that provides 2D radar images and estimates small
displacements at a distance through differential interferometry processing. This technique has been widely
used in many applications, such as monitoring landslides, glaciers, urban sites, open pit mines, bridges, and
dams [56]
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Figure 16 Monitoring the Displacement and Velocity using ground-based SAR monitoring.

*(Figure 16 Source: Dig_IT Virtual Tour Slides Presentation)

This geodetic method uses two or more synthetic aperture radar (SAR) images to generate maps of surface
deformation or digital elevation, using differences in the phase of the waves returning to the satellite. The
technique can measure millimetre-scale deformation changes over spans of days to years. It has applications
for geophysical monitoring of natural hazards, such as earthquakes, volcanoes and landslides, and structural

engineering, particularly subsidence and structural stability.

Titania has invested in two (2) high-quality Interferometric Ground-Based Synthetic Aperture Radars (GB-SAR)
that provide reliable early warnings on progressive slope movements that could potentially lead to a failure and
simultaneously guarantee the long-term mapping of slow movements. The innovative radar solution is able to
continuously measure slope movements with sub-millimetre accuracy over wide areas and long distances (up
to 4km operating range). It also has high spatial resolution and long operating distance, enabling it to effectively
track all the scales of potential slope instabilities (from slope to sub-bench movements) to properly manage
geotechnical risks.
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The radars record a variety of data. They detect displacement (pit-wall movement) by measuring the phase
shift between the signal sent from the transmitter and received by the receiver. The signal strength and
sensitivity are also classified for each recorded pixel. One of the radars is also equipped with a weather station
measuring humidity, precipitation, pressure and temperature. All these data are sent from the radars to the
master computer in the office for real-time data. The radars also record system status internally (system

batteries, generator status, camera, generator fuel etc.).

Radar units are used effectively for safety-critical slope monitoring to provide alerts in the event of progressive
movements that could potentially lead to slope failure and, therefore, assess worker safety and increase mine
productivity. The capability to relate each pixel of the radar displacement map to the geographical coordinates
of the pit, together with the capability to handle long-term datasets (months of monitoring data in a single
project), may allow geotechnical engineers to integrate the radar data into a wide variety of geoengineering

analyses.

Data acquired through the use of radar can also support geotechnical engineers in estimating the runout
distance of a potential failure mass through estimation of the volume of material involved in the movement (this
typically involves combining information about the extent of the moving area with the main geological structures
of the pit). More advanced applications of radar could help predict the most likely failure mechanisms by
matching the deformation field identified by the radar with the outcomes of structural modelling or calibration

of numerical geotechnical models for the analysis of the slope safety factor and deformation behaviour

The use of slope monitoring radar is a well-established practice for safety-critical monitoring of pit walls to
provide alarms in case of impending slope failures. However, there is limited experience in using such powerful
technology for other purposes in mining operations, such as interpreting slope behaviour, assessing and
validating geotechnical models and identifying the most likely failure mechanisms. On the other hand, some
real-aperture type radar limited horizontal field of view, which is bounded by the antenna's horizontal beam
width (equal to about 80°). Such a limitation is significant for short-range open-cast mine monitoring
applications where a reduced horizontal coverage turns out in a smaller covered area because of the elliptical
shape of the open pit slope [56].

3.3 Stability Dataset

The data are mainly from the actual condition monitoring of the mine since January 2018. In addition, fault
events that occurred during the 2018-2019 Christmas holiday are also captured. Unfortunately, no video or
image data from that period were monitored. The monitoring area needs to have good radar coverage and

minimal construction/mining activity.
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3.3.1 Normal Dataset

Over time, current projects running on radar software in the region began exporting data from 26 January - 7
September 2021). The area is 602.84 square meters. The data includes displacement data for the area, slope
acceleration for the area, slope speed for the area, signal amplitude, and weather data for the time period

(including humidity, temperature, pressure, accumulated rainfall, wind direction, and rainfall).

The data for displacement, acceleration and velocity are averaged over all monitoring units contained within
the area. Positive values indicate movement/velocity/acceleration towards the radar; negative values indicate
away from the radar. Although the data represent regional averages, each parameter of each DTM cell was
also measured individually. There are pros and cons to viewing one area or just one DTM unit. When looking
at just one cell, you can get accurate data for a precise location, but it's easy to be fooled by fake data from
outside sources -- potentially missing the big picture of what's really going on. When looking at larger areas, it
is less likely to be fooled by external noise affecting the data, but smaller instabilities may be missed. Often

they are used in combination when examining an area.

3.3.2 Fault Dataset

From the image below, you can see a small section of the mine being monitored and different regional
characteristics. The attached data is from TH95_120 1017. The same area is marked on the photo. The

benches here are covered with dozens of centimetres of loose materials (gravel, rocks, sand).
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Figure 17 Titania’s Radar DTM segment based on TH95 120 1017 .
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As shown in Figure 18 below, the failure event is in the deformation's final "regression" phase, where the
velocity is continuously decreasing. Most of the displacement occurred in two separate events. The last
regression phase ends again with a steady trend. This stage is similar to the concepts of ‘foreshock’,
‘mainshock’ and ‘aftershock’ in the earthquake prediction, actually, this has led to the failure events labelling
similarity which is an innovation or contribution in the slope failure prediction.
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Figure 18 Monitoring the Displacement movement.

Whether understanding the displacement in different periods is correct directly determines whether the
judgment of the real failure differs from the false failure. Two distinct phases record the displacement of this
particular area. When the distance between the radar and the monitored area increases, this can often be a
sign of a malfunction. But if you look at the weather data for the same time period (such as around March 10-
March 12, 2021), it's a period of heavy rain and warmer temperatures. The image below shows a stitched
panorama of our mine at 09:00 on March 11 (albeit in poor quality), indicating the challenging atmospheric
conditions at that time. This suggests that the displacement is not a true ore body displacement, which means
that the following conditions may be possible: (1) The increase in temperature causes the snow to melt. As the
snow gradually melts, this causes the distance between the radar and the slope increases physically. (2)
Excessive rainfall. From March 10 to March 11, the weather station recorded nearly 170 mm of rainfall. (3)
Abrupt change in the amplitude data. This case is a good example of how measuring displacement and
predicting failure is not a straightforward task and requires understanding the whole situation, including
different parameters recorded by radar and archiving work.

43



Deliverable D3.4

Figure 19 Snapshot of a Typical Open Pit Mine

Radar systems record a lot of displacement, but how much of that is real movement and how weather
conditions affect it must be further explored. Rainfall, snowmelt, and amplitude seem more likely to reflect more
real movement. The graph below shows a gradual trend with respect to the relationship between amplitude
change and displacement events. Although showing more irregularity, perhaps it is one of the essential

features.

As a special feature of measurement equipment, amplitude is a signal strength measurement. The closer the
amplitude is to 0, the stronger the reflected signal is. The amplitude is, as many other parameters are, too,
affected by the atmospheric conditions (most important rainfall and air pressure). The orientation of the bench
surface relative to the radar sensor (e.g. perpendicular, parallel and in between) is also an important factor to
the amplitude. The reason for explaining the signal amplitude is that it is a potentially important feature

indicating a real slope failure; it is the only feature that avoids using means since it is not stationary.

Firstly, the explanation of the feature importance of the weather datasets (i.e. rainfall and snow) should reflect
which features should be chosen. The weather and other outside factors do affect the stability of a slope. The
factors that may work on the mine, including weather conditions and human beings' operations, should be

considered.

Then, as a predictive model, it should be able to predict hazards in advance and work well when its warning
signals are needed as a human-decision assistance tool. It is understood that engineers may classify a real
failure into something that is visible. However, the model should respond as an effective assistance tool before
it is visible or real. The tool's effectiveness must be verified using real failure records that have been visually

observed or manually confirmed.
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Figure 20 Early Prediction of a Slope Failure Hazards

The "early prediction” for the slope failure hazard should be early enough for taking safety procedures and
transferring people and property. This means any early sign of a hazard should be considered, especially
those data that show specific characteristics, which are the features of a prediction model. The definition of a

failure for the modelling cannot be exactly the same as the engineering definition; the modelling may need
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feature engineering work or relaxed thresholds to abstract early hazard features for the training.
Simultaneously, prediction errors are inevitable. A hazard which is not a rock-mass fall (large area or minor
parts) or invisible can be predicted as a failure because (1) the features are recognised by the trained 'early
prediction' model or (2) the false alarm happened (which is aimed to be reduced by the algorithms). Therefore,
the model's effectiveness will be evaluated by its sensitivity (successful prediction rate of real failures) and
specificity (rate of false alarms). The model should predict more failures with a smaller number of false alarms.
In other words, a balance between sensitivity and specificity has to be reached, though we will try to optimally

use the features available to minimize the false alarm rate and reduce the human resource burden.

The research focus on (1) looking for reliable features as indications of fault in any kind of mining scenario and
(2) verifying the effectiveness of the model based on all historical failures.

46



Deliverable D3.4

3.3.3 Details of the Stability Datasets

Description: This dataset consists of open pit monitoring using Ground-based Synthetic Aperture Radar (SAR) and ground Piezometers.
Details of each variable are as follows:

Acceleration (mm/h?): this represents the acceleration of the slope movement of the open pit mine.

Amplitude (dB): this represents the amplitude of the slope movement of the open pit mine.

Displacement (mm): this represents the displacement of the slope movement of the open pit mine.

Velocity (mm/hr): this represents the velocity of the slope movement of the open pit mine.

Humidity (%): this is the humidity measured at the weather station.

Pressure (m bar): this is the pressure measured at the weather station.

Temperature (°C): this is the temperature measured at the weather station.

Rainfall (mm): this is the rainfall measurement of the weather station. It accumulates the rainfall hourly, daily, monthly & cumulative.
Wind Direction (2): this is the wind direction measured at the weather station.

Wind Speed (km/hr): this is the wind speed measured at the weather station.

Pressure (deg): this represents the pore water pressure in the open pit mine.

Temperature (°C): this represents the temperature of the soil in the open pit mine.

m Gb-SAR: 2018 — 2021 ; Piezometer: 2014 — 2015; 2020 — 2021

Gb-SAR: Every 4 Minutes; Piezometer: Every 30 Minutes/4 Hours

Continuous/Discrete : Continuous

Longest Streak 27 Jan 2021 — 6 Sept 2021 (Timeseries data — overall event): 8 months

24 Dec 2018 — 4 Jan 2019 (Timeseries data — Failure event): 11 Days

13 Sept 2019 — 16 Sept 2019 (Timeseries data — Failure event) : 3 Days

25 June 2014 — 12 Jan 2015 (Timeseries data — every 4 hours): 7 Months

12 Jan 2015 — 11 June 2015 (Timeseries data — every 30 minutes): 5 Months
2 Feb 2020 — 5 Nov 2021 (Timeseries data — every 4 hours): 21 Months

Quality of Data Good. However, we may need more data on failure events to accurately train the models.

Potential New Scopes This dataset is currently used in Task 3.4 for Early Warning Hazard Prediction Model and Task 5.1 for Multi-Objective Optimization.

47



3.3.4 Overall Statistics of the Stability Datasets

Ground-Based-Synthetic Aperture Radar

Ground-Based- Synthetic Aperture Radar

Weather Station

Deliverable D3.4

Acceleration Amplitude Displacement Velocity Humidity Temperature Pressure Cumulative Wind
Rainfall Direction

(mm/h)  (dB)  (mm) (mm/h) [%] [oC] [mbar] [mm]
MAX 291.67 -95.19 49.60 12.03 97.00 27.17 1041.72 1164.40 359.00
MIN -295.61 -124.54 -0.03 -11.12 25.00 -10.67 972.13 0.00 4.00
AVG 0.00 -98.44 26.28 0.01 74.84 9.83 1013.62 680.94 196.09
Piezometer

Piezometer Pore Pressure (kPa) Piezometer Temperature (degC)

Sensor-1 Sensor-2 Sensor-3 Sensor-4 Sensor-1 Sensor-2 Sensor-3 Sensor-4
MAX 1.91 1.36 0.89 0.43 19.90 19.80 20.00 19.70
MIN 0.00 0.00 0.00 0.00 7.07 3.59 7.00 6.13
AVG 1.64 1.07 0.57 0.22 8.89 6.90 7.45 6.48
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3.4 Slope Failure Hazard Prediction Modelling

The radar system of Titania AS provides the original slope failure events, which provides valuable data for
research. Understanding data and labelling events is the beginning of a pipeline. Therefore, two benchmark
tasks were designed:

1) Early slope failure prediction and warning — realizing the real-time prediction of hazard based on the
radar system measurements and generating early warning signals based on flexible variable
thresholds.

2) Survival analysis is based on the historical time series to tell real hazards happening in the time range
for a specific event.

This image is a screenshot of the recorded displacement in an area in the mine over 24h, projected on a DTM
(digital terrain model, see Figure 21). White areas on the measurement are covered and surveyed by the radar,
blue areas are outside of the scope of the radar. Red polygons with the corresponding white label are the
location of previous blasts. Over 95% of the recorded and visualized displacement is noise. The single pixel
data is recorded within the blue circle from a single point. Similarly, all ‘pixels’ in the measurement record the
same type of data (displacement, velocity, acceleration, amplitude). Not all types of datasets are chosen as

modelling variables. In this research, only displacement, velocity and acceleration were considered.

Figure 21 Digital terrain model (DTM) of an Open Pit Mine
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The selected variables, measured by Titania radar system, are described in Table 7. They are believed to be

the most reliable and trustable datasets in the training hazard prediction model. The displacement and velocity

measurements are used as modelling features in most of the existing applications.

Variable Type

Displacement Continuous
Velocity Continuous
Acceleration Continuous
Amplitude Continuous

Table 7 The selected radar system measurements

The framework design for accurate hazard prediction and early warning was designed using the LSTM RNN

and the Survival Analysis method. Figure 22 shows this framework mainly includes two parts: (1) the LSTM

RNN model uses historical and real-time data. The dataset is pre-processed and then used to train a deep-

learning model that generates real-time warning signals. (2) SA needs historical data only in training the model

and can be run to obtain a confidence interval for the time of the disaster by learning the time series information

between the early warning and the occurrence of disaster with the historical datasets.

Historical datasets
on slope failure

-

» Data pre-processing

=  Feature extraction

* Labelling

=  Supervised learning of
LSTM RNN model

= Verification metrics

I3t

Online datasets
from Titania Radar
system

—

Early prediction based on
thresholds of main features

I3t

Survival analysis is triggered
after early warning

1

= Update feature store
= Retrain the model

locty
>
{
g

Neow limit oquilibrium
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Figure 22 Framework design for the slope failure prediction
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Feature Generation

This study generates the training features from the radar monitoring datasets (displacement, velocity,

acceleration) and piezometer detection datasets. The sampling period of the radar system is 4 minutes, while

the sampling period of the piezometer is 4 hours. If multiple types of datasets appear in one application

simultaneously, it is necessary to adopt the ‘time window’ mechanism to unify the training features' sampling

frequency. The model is targeted landslide prediction, so the selected features only include displacement and

velocity. Both of these two types of raw data belong to radar sampling and have a unified sampling frequency.

In addition to real-time data detection of the prediction system, there are several types of features that deserve

attention:

1

2)

3)

Static features. It certainly includes the lifetime of each slope of an open-pit mine because each slope
is developed at a different time. For example, if development mainly occurs in the southern part of the
mine, the lifetime of a southern slope is probably shorter, while the northern slope is longer. The area

of each slope needs an accurate definition. The number of historical slope failures is also important.

Historical slope failure events. No one wants more slope failures in one open-pit mine. However, a
larger number of historical data records help to develop a more accurate model. Since the focus is on
predicting future events, the observation of historical data should be more focused on analysing a time
series with events, rather than a stable period. A regression model or mathematical model could

usually be possibly found. The happening time, zones, and recording pixels are always interesting.

The feature importance and accuracy. The feature is more important when it has a higher correlation
with the predicted result. This is commonly accessible in development tools. At present, our feature
number is relatively small and clean, so we adopt an empirical feature selection. If the number of
candidate features increases sharply, it is necessary to use feature importance judgments instead of
empirical analysis. The accuracy of the feature depends on the researcher's understanding and
utilization of the data. For example, the selection of the threshold of early warning in survival analysis
requires a more comprehensive understanding of mine safety. This is beyond the scope of the author's
knowledge, but it deserves further discussion with Titania collaborators once the model is planned to

be deployed.
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Figure 23 Feature Generation of a Slope Failure Prediction on Radar Sensor
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Figure 24 Feature Generation of a Slope Failure Prediction on Weather Station Sensors

3.4.2 LSTM RNN

A well-trained LSTM RNN model obtains real-time datasets from the radar system and generates early
alarming signals by adopting suitable thresholds if the slope failure hazard is meant to happen. This threshold
is called a ‘flexible threshold’ since it can be adjusted for different mining environments. Therefore, it is possible
to generate a unified early warning system. Once the early warning is triggered, the accurate failure happening
time is more interesting to most of the researchers. Inspired by the thought of multiple phase design which
was mentioned in the relevant work, the author uses the SA in predicting a hazard happening time range rather
than give a so-called ‘accurate time of failure’. Expert experience suggests that accurate time is not always
accurate, so a direct time range prediction is more reliable at the moment.

The training features depict the training features and labelling of a failure from one of the failure events. They
include displacement, velocity, acceleration, and hazard labels. The labelling work is based on the empirical
record from the mining companies, taking into consideration of displacement threshold and the velocity
threshold.
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Figure 25 Training Features for Deep Learning
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The prediction result shows an early prediction of a slope failure hazard. The prediction result can be

understood as a warning signal representing the danger of slope failure at that moment, though there must

usually be a time interval between real failure and predicted failure. In other words, predicting the hazard

happening time should be earlier than the fact. By adjusting the interval of the label and the value of thresholds,

the prediction can be compatible with different monitored cases. The real alarming time will change

accordingly. The empirical threshold values are currently used in the model because the empirical record of a

real failure is still the most important.
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3.4.3 Feature Selection

The feature selection method aims to remove the variables irrelevant to the prediction target in the input
variables, and only keep the most useful variables for the prediction model to predict the target variable. An
excessive number of irrelevant variables may slow down the development or training of models while requiring
a large amount of system memory. Additionally, the performance of the model degrades when including
irrelevant input variables. In the following three correlation analysis graphs, each graph is composed of several
mini-graphs. A mini-graph is drawn using any variables corresponding to the X-axis and Y-axis, visually
measuring the correlation between the two variables. The features representing slope movement and weather
are processed in two separate graphs since the weather conditions represent natural causes, and the
movements represent consequences. However, both subsets of monitoring results contribute to the predictive
model.
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Figure 27 Feature Selection Data Exploratory on Radar Sensor
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Figure 28 Feature Selection Data Exploratory on Weather Station Sensors

Choosing features from correlation analysis is difficult if the number of features surges. Therefore, the lasso

regression model is used in feature importance analysis—lasso regression targets to optimize the cost function

reducing the absolute values of the coefficients. Lasso regression will automatically select the more important

features to minimize its cost function, discarding the useless or redundant features. In Lasso regression,

discarding a feature will make its coefficient equal to 0.
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Figure 29 Lasso Coefficient as a Function of Alpha

3.4.4 Survival Analysis

Survival analysis is the second stage of the whole early warning and survival analysis system. The main
objective of this method is to realise the online calculation of survival probability and related time after early
warning. Survival analysis is a collection of statistical procedures for data analysis where the outcome variable
of interest is time until an event occurs. In the case of slope failure prediction and the relevant survival analysis,
the duration between the moment of early warning and the time of a real slope failure is chosen as the variable
of interest.

The historical datasets should have included all the slope failure information, from which the survival time of
each event is really precious in the real-time prediction of the survival probability of a slope.
1) The Survival Time of each slope after early alarming is indicated by the variable "Time";
2) Event is indicated by the variable "Event". 'LIVING' represents the status of before a complete slope
failure, while 'DECEASED' means the completion of a slope failure.
3) The group represents the slope categories which can be divided into well-maintained ('Good") or poorly

maintained ('Poor"). 'Good' maintenance usually extends the useful time of a slope.
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Time (Hours) Event Group
23 'LIVING' '‘Good'
34 'LIVING' '‘Good'
19 'DECEASED' 'Poor’
12 'DECEASED' 'Poor’
17 'LIVING' '‘Good'
38 'LIVING' '‘Good'
32 'DECEASED' '‘Good'
16 'LIVING' 'Poor’
25 'LIVING' 'Poor’
26 'DECEASED' '‘Good'
29 'DECEASED' '‘Good'
28 'DECEASED' '‘Good'
21 'LIVING' 'Poor’
32 'LIVING' '‘Good'
40 'DECEASED’ 'Poor’
35 'LIVING' '‘Good'
14 'DECEASED' '‘Good'
27 'DECEASED' 'Poor’
24 'DECEASED' 'Poor’
10 'DECEASED’ '‘Good'

7 '‘LIVING' 'Poor’
9 'LIVING' '‘Good'
17 'LIVING' 'Poor’
14 '‘LIVING' '‘Good'
37 '‘LIVING' '‘Good'
12 '‘LIVING' 'Poor’
14 'LIVING' 'Poor’
27 'LIVING' '‘Good'
36 'DECEASED’ 'Poor’
34 'LIVING' '‘Good'

Table 9 Datasets by Survival Time

All time points annotated as ‘slope failure’ were labelled as ‘1’ if the feature values increased above threshold
values; otherwise ‘, 0’. The function of the label is to provide training data for the prediction of a slope failure,
and the range of the label depends on the time range of disasters within the historical datasets. The thresholds
of displacement and velocity are used to determine the label range. The threshold can be adjusted according
to the training sample or according to the advice of experts. The innovative point is that the simulation result
is improved by labelling the failure event as a state variable within a certain time zone before the real slope
failure instead of predicting the time of happening. That means predicting how far along the time series of
slope movement is easier than predicting an exact time. This has helped to remove the effect of the prediction

of rare cases in the ML limits.
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After considering the progress of the Dig_IT project and the potential datasets from the mining companies, the
author regards that this method is reliable at the early stage of this project. The experiment result is obtained
using virtual datasets considering the real-world situation. As shown in Figure 30, the good curve in red shows
that a well-maintained slope survived after a sliding activity and achieved equilibrium after some displacement;
the blue curve represents the real-time survival probability from early warning to the moment of slope failure
of a bad maintained slope of an open-pit mine. At the current stage, the historical data is not enough for doing
the survival analysis. Therefore, this result is based on virtual datasets.

1 —t
- - I_1=|—l—l—| : Groups
= 0.8 |—|— I—v—l_‘ —— Good
e
®© 1 —Poor
5 06- ' |
o .
2047
% |
® 027 5 =019
HR = 0.601 (0.187 - 1.93)
0 I I I I I I I
0 5 10 15 20 25 30 35 40
Time (Hours)
Good| 17 16 12 7 0
Poor| 13 12 6 2 1
[I) WID ZID B'ID 4ID

Figure 30 Survival Analysis after Early Hazard Alarm

3.4.5 Early Warning and Evaluation

This research's core contribution is designing an early warning system that gives early warning before a slope
failure disaster and then analyses the survival probability afterwards. The output of the regression model is a
value between 0 and 1, which is converted into an alarm signal once it exceeds a threshold value. Instead of
using a fixed threshold, the threshold can be adjusted in accordance with the size of historical datasets and
the expertise suggestions. The objective is to increase the tolerance ability of early warning through a relaxed
warning threshold and carry out survival analysis after giving this early warning signal. The importance of ‘how
early’ is higher than ‘how accurate’ in the first stage; however, the importance of ‘how accurate’ increases
afterwards. In other words, the false alarm rate can be sacrificed in the first stage to gain a high rate of early
alarm. In the second stage, the survival analysis is adopted to predict a relevant, precise hazard happening

time range. The author considers the two-stage strategy more realistic than the single-target method.
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3.5 Results

In this section, the results of LSTM for failure prediction are displayed. The LSTM model is trained on the
Titania stability dataset and makes a prediction of each input sample point in terms of the probability of slope
failure at the current sample point.

In the stability dataset, the “Acceleration”, “Amplitude”, “Displacement”, and “Velocity” data are used to train
four independent LSTM models, respectively. Take the “Displacement” data as an example; the
implementation of the LSTM training and prediction process is given as follows:

1) The CSV formatted file of the “Displacement” data is read and reconstructed as time series data. There
are 5 CSV “Displacement” files available; we randomly take 4 for training and the other for testing.

2) The LSTM architecture is constructed using open-source code on the Python platform.

3) The time steps are set to 20, and the output dimensions are 4. In other words, the LSTM iteratively
takes 20 samples as input and sequentially predicts 4-time steps ahead. For example, given the
sample points of (1, 2, 3, ..., 20), the LSTM model will predict the real values of the points (21, 22, 23,
24). Then, given the sample points of (2, 3, 4, ..., 21), the LSTM model will predict the real values of
the points (22, 23, 24, 25).

4) Following step 3), the LSTM model can be trained by iteratively moving one point ahead until it reaches
the final point. This process is run on the training sets.

5) After training the LSTM model, the testing sets are used to test the performance. The prediction is the
real value of each time step.

6) To further predict the probability of slope failure, an adaptive thresholding method is used to capture

the outliers of the time series data.

Figure 31 shows the prediction results on the normal data without failures, where the real value prediction and
failure prediction results are obtained from steps (5) and (6), respectively. The blue line is the true historical
data, and the red line shows the predicted future states. It can be seen that the predicted data are well-fitted
with the true historical data, which indicates the good performance of LSTM. It is also obvious that the
estimated probabilities of failure at all the time steps are less than 20%. This suggested that it is highly

impossible to see a slope failure at this period, which is well matched with the historical data.
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Figure 31 Real value prediction and failure prediction on the normal data (no failures) based on the LSTM model and the
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Figure 32 shows the prediction results on the failure data. The best failure prediction results are obtained by

the “Displacement” data, where the probability of failure at real failure event points is relatively higher than

normal. Therefore, this method can effectively detect the failure with the “Displacement” data.
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3.6 Summary

This section demonstrated the applicability of the proposed early-warning hazard prediction model framework
using the real industry historical dataset. The dataset was retrieved from the ground-based synthetic aperture
radar (SAR) and weather station for the period of 21 months (from 2018 — 2021) with the interval of every 4
minutes. However, it is important to highlight that the slope failure occurence is less than ten events, which
reduces the accuracy of the prediction model. Four (4) LSTM models have been successfully trained
independently with this fault dataset limitation. As a result, the prediction model has successfully predicted four
(4) time steps ahead of the fault events. In other words, it has predicted 16 minutes ahead of the actual fault.
This is acceptable, as the early warning notification could be triggered in the DSS system, making it sufficient
time for the mining operator to make a quick decision. In fact, the second, third and fourth warning notifications
could be triggered every four minutes, ensuring the alarm is still valid. However, it is important to train this
model with more fault datasets to increase the accuracy of the prediction. As a mitigation plan, further
development of the model that incorporates the least number of faults is ongoing progress to ensure high
prediction accuracy. The details of the new development and performance accuracy for both techniques will
be compared in the upcoming Deliverable 3.9. This includes outcome results of the final system integration

with the Dig_IT IloT platform in near real-time via the MQTT protocol.
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4 La Parrilla Use Case

4.1 Background

La Parrilla mine (Spain) is located in Caceres province (Extremadura). It is owned by W Resources, a
European mining company focusing on long-term tungsten production, owning five mines in Spain and
Portugal. Iberian Resources Spain SL(IRSSL), which has provided the Dig_IT consortium with a Letter of
Support, is the wholly owned subsidiary of La Parrilla mine. La Parrilla is an open-pit, large-scale (4.9 million
mtu), low-cost (€86/MTU), long life (11+ years) Tungsten and Tin mine that could be considered of worldwide
significance due to its geological qualities and ore reserve quantity. It is a brownfield project that reopened and
started production in 2018, already establishing financing and key contracts. The ramp-up phase, i.e. to mine
2 million tonnes per annum (mtpa) of Run of Mine (ROM) and produce approximately 2,700 tonnes (t) of
tungsten concentrate and 500t of tin (Sn) concentrate per annum, is currently near completion. La Parrilla is
also significant for the Dig_IT partnership, as Tungsten is the highest ranked (nearly 7.5) element in terms of
economic importance for the EU included in the list (2017) of Critical Raw Materials (CRMs) that are of great

importance for the European economy.

The reopening of the La Parrilla mine for production involves several pit design and monitoring challenges.
The former open pit condition combined with lack of maintenance and surveillance during closure time add
uncertainties over the initial mechanical behaviour of the pit slopes, especially in areas associated with risk of
weak wedges, weathered rock and discontinuities, and high pore pressure due to the undrained conditions.
Another key factor affecting both productivity and safety is the overall slope angle: lower angles result in larger
waste removal and land occupation; however, they lead to higher safety factors for slope stability. An optimal

equilibrium among safety, production sustainability and resource allocation have aspired.

For a relatively new brownfield project currently in the design and construction phase, it is vital to document
the initial conditions of the ground, which will decisively impact the overall design and production plan. The
open pit must be safely and effectively adapted to new conditions and production requirements. La Parrilla
aims for an advanced monitoring system to follow geometrical and geotechnical conditions that change along
the excavation progress, emphasising instability-prone areas as critical for establishing optimal production
planning. Monitoring would include significant ground parameters, i.e., horizontal and vertical displacements
of benches, spoil heaps and retaining walls; pore pressure evolution in pits and spoils; total pressure in
significant locations. La Parrilla intends to prevent instability episodes and reduce uncertainties in the
infrastructure behaviour. They could highly benefit from a predictive feature of the system, allowing them to
exploit the ore under safer conditions. Moreover, intelligent insights for making decisions regarding production
planning, the pit's geometry, and early alerts would optimise their decision-making time both on-site and at the

office.
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4.2 Tailing Dam Stability Problem

The use case in La Parrilla is primarily focusing on the Dig _IT Geotechnical DT component and related DSS
of the Dig_IT IloTp to i) optimise the geotechnical monitoring system, ii) improve mine planning with the
deployment of 3D geological mapping, iii) calculate the stability of the pit slopes and spoil heaps. In La Parrilla
mine, Subterra will use the results of modelling to give feedback to geometrical control aiming to establish
different thresholds to predict ground and structure geomechanically behaviour via aerial and terrestrial
monitoring. Subterra will monitor the main parameters determining slope behaviour, installing several sensors
in rock faces and dam walls such as inclinometers, piezometers, total pressure cells, and performing surface
displacement monitoring using aerial and terrestrial methods. Libra will provide the framework for decision-

making based on La Parrilla and Subterra requirements. All systems will be integrated into the Dig_IT lloT

platform.

Focus Area

Verification

 Dig_IT Target

Productivity More than 5%
Increase
Energy Savings | More than 10%,

Less fuel
consumption for

inspection

Near real-time monitoring of pit slope response and respective

inter-bench angle leads to optimising production and reducing
waste excavation. This could mean savings of up to €10 million in
material removal and treatments during ten years of the mine life.
In addition, real-time Geo-DTs will reduce the number of vehicle
routes of respective surveyors that have to measure every installed
device.

Better work

environment

More than 10%,
less exposure to
hazard areas

Dig_IT remote sensing, UAVs, and Geo_DT will significantly reduce
the need for staff in hazardous areas, i.e. surveyors collecting
measurements from offline dataloggers leading to less manual

work in areas with higher risk.

Safer
operations:

Early Warnings

More than 20%
overall incident

reduction

Early warning based on Geo-DTs and advanced monitoring will
pave the way for new safety and quick response procedures,
preventing accidents and losses by adapting production plans or

clearing out staff from hazardous zones early.

Environmental
performance:
landslides/ dam
collapses risk

mitigation

More than 15%

reported reduction

Sustainable mining operation requires strict controls over tailing
dam stability and spoil heap design and maintenance. Their
minimisation is the key goal to promote safer operations within the
mining industry. Less energy and fuel consumption in geotechnical

control and monitoring leads to a lower environmental impact and

carbon footprint.

Table 10 La Parrilla Focus Area and Dig_IT Target
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4.2.1 Slope Monitoring using Piezometers
<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>
4.3 Stability Dataset

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.3.1 Normal Dataset

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.3.2 Fault Dataset

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.3.3 Details of the Stability Datasets

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.3.4 Overall Statistics of the Stability Datasets

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.4 Slope Failure Hazard Prediction Modelling

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.4.1 Feature Generation

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

442 LSTM-RNN

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.4.3 Feature Selection

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.4.4 Survival Analysis

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>
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4.45 Early Warning and Evaluation

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.4.6 Challenges

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

45 Results

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>

4.6 Summary

<THIS SECTION WILL BE UPDATED IN DELIVERABLE 3.9>
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5 Conclusion

This work has been elaborated within the framework of the Dig_IT project, which is funded by the European
Union’s Horizon 2020 Research and Innovation Programme under Grant Agreement No 869529. In this
context, Deliverable 3.3, “FTC software package”, and Deliverable 3.4, “Big data optimisation and analysis”, is

developed within Task 3.4 “Big data optimisation and analysis.”

Section 1 introduced the report, highlighting the scope and project overview, followed by the documentation

organization for the whole document.

Section 2 focused on introducing the framework for big data optimization, which uses a prediction model to
predict open-pit mine slope failures. The mining hazard prediction's theoretical background was discussed,
highlighting the gap in the existing literature. A comprehensive two-stage framework was proposed to fill in the
gap, aiming at accurate hazard prediction and early warning. The section concludes with the general

framework and system architecture for implementing the software package within the Dig_IT IloT platform.

Section 3 focused on implementing the slope failure prediction on the Titania use case. First, the section
introduced Titania's open-pit mining background, followed by its daily operational challenges. Then, the
historical data from the radar sensors and weather station was applied to the early-warning hazard prediction
model framework and successfully predicted 16 minutes ahead of the actual slope fault events, which is
acceptable with the least amount of fault datasets. Further development of the slope failure prediction model
and system integration with the Dig_IT platform will be further explained in Deliverable 3.9: Big Data

Optimization (Final Version).

Section 4 focussed on implementing the slope failure prediction on the La Parrilla tailing dam. First, the section
introduced La Parrilla's open pit mining background, followed by their daily operational challenges. However,
because the mine is not operating, there is a gap in retrieving the fault dataset, making it challenging to deploy
the proposed early-warning hazard prediction model framework. However, as a mitigation plan, there is an
ongoing collaboration with Subterra digital twin model output. The Dig_IT digital twin model will simulate a
slope instability event for model training purposes, making this Dig_IT project more relevant. From there, the
proposed early warning prediction model will be validated. Details of this mitigation plan and further
development of the slope failure prediction model and system integration with the Dig_IT platform will be

discussed in Deliverable 3.9: Big Data Optimization (Final Version).
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