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Abstract

Tailings dams represent one of the most environmentally sensitive infrastructures in the
mining industry. To address the need for continuous and accurate monitoring, this pa-
per presents an adaptive forecasting framework that combines Internet of Things (IoT)
technologies with machine learning (ML) models to detect early signs of structural and
ecological risks. The proposed system architecture is modular and scalable and enables
the automated training, selection, and deployment of predictive models for multivariate
sensor data. Each sensor data flow is independently analyzed by using a configurable
set of algorithms (including linear, convolutional, recurrent, and residual models). The
framework is deployed via containers with a CI/CD pipeline and includes real-time visual-
ization through Grafana dashboards. A use case involving tiltmeters and piezometers in an
operational tailing dam shows the system’s high predictive accuracy, with mean relative
errors below 4% across all variables (in fact, many of them have a mean relative error below
1%). These results highlight the potential of the proposed solution to improve structural
and environmental safety in mining operations.

Keywords: IoT; deep learning; risk detection

1. Introduction
The mining industry is a key engine of growth in many countries, since it is essential

to obtain raw materials for the industrial, technological, and agricultural sectors, among
others. However, it usually has a negative image mainly due to the environmental impact
strongly linked to the mining operations, such as those created by the generated waste
and acid mine drainage, which if not properly treated can contaminate water, soil, and air.
The mining industry relies heavily on Tailings Storage Facilities (TSFs) for the long-term
confinement of mineral waste. In this context, the tailings dam, the physical barrier that
retains the waste, is a critical aspect because its failure can cause serious environmental and
social damage [1]. To support continuous supervision, TSFs are increasingly instrumented
with geotechnical sensors and integrated monitoring systems [2,3]. Indeed, IoT systems
enable real-time data collection and analysis, which is crucial to optimize operations and
ensure personnel safety and asset efficiency [4,5]. However, processing data from tailings
dam sensors, including inclinometer and piezometer measurements, remains a major
challenge. In operational settings, these sensor streams are often non-stationary, with
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outliers and missing values due to harsh environments and intermittent communication,
which complicates reliable forecasting and automated supervision.

Given these challenges, machine learning and deep learning (ML/DL) methods have
been explored for predictive modeling, forecasting, and anomaly detection to support dam
monitoring and early-warning applications [6,7]. Related IoT research has also leveraged
deep reinforcement learning to maintain timely data delivery under energy and bandwidth
constraints [8]. However, to the best of our knowledge, end-to-end solutions that unify
sensing and analytics while automating per-sensor model selection, supporting retraining,
and ensuring robust containerized CI/CD deployment on noisy, non-stationary operational
streams remain scarce.

To address these limitations, this paper proposes an end-to-end framework whose
main contributions are

1. An adaptive IoT-based forecasting framework integrated into a modular monitoring
architecture for TSFs.

2. An automated training and model-selection workflow that evaluates multiple time-
series models (linear and deep learning families) and deploys the best-performing
option for each sensor stream.

3. A container-based deployment approach (with CI/CD) that enables reliable operation
and real-time visualization dashboards.

4. Validation on data from operational tailings dams using tiltmeters and piezometers,
showing low forecasting errors (below 4%). Forecasts provide a baseline, and de-
viations between observed and predicted values can be used as early indicators to
support risk-oriented supervision.

The rest of the paper is organized as follows: Section 2 reviews the state of the art.
Section 3 introduces the proposed system architecture, and Section 4 describes the deploy-
ment strategy. Results are included in Section 5, and finally, conclusions are mentioned in
Section 6.

2. Review of the State of the Art
In recent years, IoT systems have been utilized to improve the safety of facilities

and personnel in many different mining environments. In this regard, Zhang et al. [5]
provide an exhaustive review of recent advances in IoT applications in underground mines
for environmental parameter monitoring. Other mining IoT deployments also address
workforce safety and health monitoring [9,10]. In particular, the application of this type
of technology in tailings dams represents a significant advance in monitoring. A relevant
example may be found in [11], where the authors implement a safety monitoring system
in a tailings dam environment to collect real-time information on key aspects, such as
tailings dam deformation, seepage, water level, and rainfall, thus changing the traditional
procedure for information collection and transmission. Han et al. [12] establish a real-time
monitoring system based on IoT technology in a tailings dam at Okdong Mine to observe
the structural deformation and leachate outflow characteristics over time.

Tailings dams generate continuous data from many different sensors (pore pressure,
displacement, tilt, seepage, water level, rainfall, etc.). However, in practice, this data can
contain noise, extreme values, gaps, irregular sampling, communication outages, and also
sensor drift or changes due to maintenance [13]. All of this means that a trained model
can lose accuracy when real-world conditions change [14]. Furthermore, these signals
often follow regular cycles tied to reservoir level and temperature, but they can also shift
quickly when conditions change. That can be triggered by external drivers like rainfall and
temperature, or by internal changes in the system—especially evolving seepage conditions
and how the structure responds over time [15]. Therefore, for analytics to work effectively in
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operation, a pipeline with consistent preprocessing and proper time evaluation is typically
required, as well as a mechanism to adapt/retrain the model when the data distribution
changes [14,16].

Beyond monitoring, the challenge lies in exploiting the large amount of data generated
by IoT systems to enable rapid detection and response to possible failures in critical
infrastructures. Time series analysis is a fundamental predictive analytics tool that enables
the identification of patterns, anomalies, and trends in physical variables evolving over
time. In critical infrastructures, time-series analysis is often used to detect faults, plan
maintenance, and improve operations, and it has worked well in many real cases [17,18].
However, traditional time-series methods often struggle when the system behavior is
complex and non-linear.

To overcome these limitations, deep learning (DL) models are particularly effective at
learning complex temporal dependencies from large time-series datasets and at detecting
subtle patterns. An example of this can be found in Chriki et al. [19], where the authors
use Long Short-Term Memory (LSTM) models to detect and predict anomalies for safety
monitoring, validating the approach on a railway section. Park et al. [20] also propose
an approach that combines an autoencoder and an LSTM model to detect and classify
faults in an industrial process, reducing detection latency compared to traditional statistical
approaches. In addition, Gasparin et al. [21] conduct a comprehensive benchmarking study
of deep learning models for time series forecasting in the context of electric load prediction.

Recent works in geotechnical and dam/TSF monitoring show a trend toward ML/DL
for forecasting key variables and detecting anomalies in continuously monitored instrumen-
tation flows. Recent review papers in this field make the same point: monitoring data is
often nonlinear, noisy, and nonstationary, which is exactly why data-driven methods have
become so important for predicting system behavior and informing safety decisions [6,22].
In the forecasting field, recent studies of dams/TSFs report improved predictive perfor-
mance with hybrid pipelines that combine signal decomposition and learning models.
Recent literature offers concrete examples. On the one hand, supervised machine learning
models have been compared to predict dam displacement when operating conditions
change [23]. Along the same lines, approaches are also emerging that do not rely on a
single value, but rather provide interval forecasts of TSF deformation, explicitly incorpo-
rating uncertainty [24]. Furthermore, digital twin methods are gaining traction, where
real-time sensor data are combined with the finite element method (FEM) and transfer
learning techniques to support near real-time assessments [25]. In addition to improving
prediction models, monitoring systems are increasingly incorporating robust mechanisms
to handle anomalous readings. For example, Ren et al. [26] combine detailed seepage
and hydraulic loading prediction with explicit outlier detection (Isolation Forest and LOF)
and add safety thresholds based on residues. In practice, this provides a clear way to
distinguish between truly anomalous signals and the normal variability that appears in
field data. Finally, TSF-oriented frameworks that combine ML with real-time monitoring
architectures (including digital twin perspectives) further support the operational relevance
of these approaches [27].

In contexts where data is generated in real time from multiple sensors, adaptive
models that respond to changes in system conditions are essential. While the literature
shows significant progress in IoT monitoring of TSFs and the use of ML/DL for pre-
diction and anomaly detection in geotechnical time series, a practical problem arises in
practice: each sensor behaves differently, and the data is rarely static. As time goes on,
drift, maintenance-driven shifts, and fluctuations in signal quality can creep in, some-
times enough to make a model that once worked well break down [13,14,28]. That is
why it is important to move beyond one-off training and toward smarter model selection

https://doi.org/10.3390/electronics15030658

https://doi.org/10.3390/electronics15030658


Electronics 2026, 15, 658 4 of 16

and adaptive learning approaches, such as AutoML and online learning, which can re-
duce manual re-engineering by automating model selection and model updates under
drift [29,30]. In this paper, we introduce a modular framework that evaluates performance
over time and automatically picks the best model for each sensor based on recent predictive
accuracy. When it detects changes in the data, it can retrain and update the selected model,
which ultimately makes real-time monitoring in tailings storage facilities more robust
and reliable.

Our main objective in this work is to provide an easily implementable system for moni-
toring one or more tailings dams. Furthermore, we prioritize easy scalability, meaning that
sensors can be added without compromising the predictions of those already in production.
To this end, each sensor’s data is predicted using a machine learning model with a related
optimal error among a set of different models trained using the same sensor’s historical data.

This scalability is possible thanks to the independence of the tasks associated with each
individual sensor. The different processes of data reading, model training, and prediction
depend solely on each sensor, allowing sensors with different data streams to be predicted
using different models if necessary. In addition, the retraining of the different models
associated with each sensor is also carried out independently and without affecting the
predictions being generated simultaneously.

This independence makes it easy to add new sensors by modifying the system’s con-
figuration file. In this way, monitoring a new tailings dam is implemented by adding their
sensors to this configuration file and deploying the corresponding monitoring dashboard
to the control building of the new dam.

There is another noteworthy feature that can be used if needed. The different sys-
tem modules can be independently deployed to different locations depending on local
requirements. For example, the Trainer module, which requires computing power, can be
dockerized in the cloud, while the Predictor module can operate closer to the edge, pro-
viding information to any dashboards implemented, whether on the same tailings dam or
over different ones. The architecture of this component is detailed in the following section.

3. Architecture of the Forecasting Component
The following proposal is a multimodal adaptive forecasting system per sensor. There

are several reasons for this election. On the one hand, having several models that have been
trained with the same dataset ensures better results than having only one. On the other
hand, as this system pretends to be installed in different tailings dams, as the behavior of
the related datasets will eventually be different, one model will forecast better for some
datasets while other model for others.

Although this proposal should yield better results, it has a weak point compared to
the unimodal format, the retraining phases require more computation time. Although this
task can be performed in the background while the system continues in production.

3.1. Overview

The functional architecture of the proposed system is shown in Figure 1. It consists
of a set of highly connected components implemented in Python 3.11. Key components
are the Trainer and the Predictor, while the other components are responsible for allowing
external interaction and persistence. The Broker Client connects with an external message
broker through MQTT. This client, when receiving updates on transactions, stores them
into the database and requests the Predictor for forecasts (which can then be published
back to the broker). It is able to do reads/writes from the database to obtain more metadata
regarding the specifics on the device to generate predictions and retrieve training results
(selected models, accuracies recorded, etc.). Grafana shows data in postgress, allowing to
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monitor the behavior of the time series in a dashboard. The Trigger waits and requests
the Trainer to start the process. The Trainer retrieves information of historical measures
from the database, runs the training and selection process, and stores the results in the
file system.

Figure 1. High-level block diagram of the forecasting component.

The Trainer module generates both models based on historical data for each device
and a configuration of different models. The configuration can specify which algorithm to
use and the hyperparameters’ settings for training. Then, it selects the model showing the
best performance according to a set of well-specified metrics (later described in Section 3.2).
This training process is triggered by the Trigger at the start of the system. All models are
retrained after a certain period of time. When historical datasets collected by sensors are
small, that is, when the system begins to work from zero, the models tend to be overtrained.
It is a transient state. When datasets turn out to be larger, containing enough data to do
correct trainings, the models produce correct forecasting. It turns out to be a steady state.
The Trainer module is independent of the Predictor, and can be easily adapted to run as a
separate background process or distributed in different servers.

The Predictor module is triggered when a new measure is received. It loads a selected
model for a given device, the previous N measures, and generates the M future measures
(more details are explained in Section 3.3). As this module reacts to every measure re-
ceived from a sensor, it can be adapted to run on separate servers if different instances of
BrokerClient are able to consume different sets of messages.

The BrokerClient connects to a given MessageBroker and translates the messages
received to store the obtained values to the local database. In the proposed implementation,
we use a local Eclipse Mosquitto™ broker bridged to external endpoints.

3.2. Trainer

The purpose of the Trainer is to retrieve the available training configurations, apply them
to the historical time series related to every device, and select the trained model performing
the best for a given configuration. This loop is expressed in Algorithm 1, where the device
information is retrieved from the database. The training configurations from the file system
and the marking for usage are performed by creating a symbolic link in the file system.
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Algorithm 1 Training loop

for all device ∈ GET_DEVICES_INFORMATION( ) do
R← ∅
for all con f ig ∈ GET_TRAINING_CONFIGS( ) do

R← R ∪ RUN_TRAINING_WITH(device, con f ig)
end for
r ← SELECT_BEST_RESULT(R)
MARK_FOR_USAGE_ON_PREDICTION(device, con f ig)

end for

For every pair of a given device’s time series summary and a training configuration
loaded from disk, the Trainer applies a procedure similar to Algorithm 1. This procedure is
defined in Algorithm 2. First, the configuration is checked to be compatible with the given
device. Then, it follows the usual procedure where the data is loaded, split, preprocessed
and used to train and evaluate a model. To allow a wide range of configurations while
the system executes in the background, these steps are made dependent on the given
configuration.

Algorithm 2 Training run for a device and configuration pair

function RUN_TRAINING_WITH(device, con f ig) :
if ARE_INCOMPATIBLE(device, con f ig) then

return ∅
end if
dataset← RETRIEVE_TIMESERIES(device)
t, v← SPLIT(dataset, con f ig)
t, v← PREPROCESS(t, v, con f ig)
m← CREATE_TRAIN_MODEL(con f ig, t)
r ← EVALUATE_MODEL(con f ig, v, m)
PLOT_SAMPLES(con f ig, t, v, m)
return {r}

end function

The available preprocessing options are defined as follows:

(a) The number of standard deviations from the mean required to consider the movement
of a measure as an outlier. If this value is provided, the difference with the previous
values is calculated to obtain the movements of each measure. Then, the mean of the
movements of the measure is calculated, and in case there is a measure that deviates
more than the specified number of standard deviations, it is dropped. If the value is
not defined, this process is not performed.

(b) Whether to work with differences or not. Activating this option makes each value be
converted into the difference with the previous one. By doing so, the model works with the
differences instead of the absolute values. If there is no previous measure, 0 is selected.

(c) Whether to enrich the dataset with the sin and cos values for the day-relative time.
This option was added because a daily cycle of sensor values was detected.

(d) The size of the input and output time windows used during training.

The base models to train were based on [31], and summarized as follows:

1. MultiStepLastBaseline: Baseline model that repeats the last time step of the window
2. RepeatBaseline: Baseline model that repeats the input of the window as an output
3. MultiLinearModel: Model that makes a linear combination of the last time step of the

window. It is implemented using a Dense layer without an activation function or
hidden layer.

https://doi.org/10.3390/electronics15030658

https://doi.org/10.3390/electronics15030658


Electronics 2026, 15, 658 7 of 16

4. DenseModel: Model that takes the last time step of the window and passes it through
a hidden dense layer with a ReLU activation function and configurable number of
dense units.

5. CNNModel: Model that takes the last conv_width time steps of the window and passes
it through a one-dimensional convolutional layer with a ReLU activation function
and configurable number of units.

6. RNNModel: Model that takes the input window and passes it through an LTSM layer
with a configurable number of units.

7. ResidualMultiLinearModel: A variation in the MultiLinearModel where the result is
added to the extended last time step.

8. ResidualDenseModel: Variation in the DenseModel where the result is added to the
extended last time step.

9. ResidualCNNModel: Variation in the CNNModel where the result is added to the
extended last time step.

10. ResidualRNNModel: Variation in the RNNModel where the result is added to the
extended last time step.

3.3. Predictor

The purpose of the Predictor each time it is triggered is (i) to determine whether a
selected model exists for the given device; (ii) to retrieve previous measures to build an
input window; (iii) to run the inference on the model; and (iv) to store and broadcast the
result. This loop is expressed in Algorithm 3. Loading the model yields both the model
and the training configuration used, stored in the file system. Moreover, the measures are
loaded from the database. After the inference, the predictions are stored in the database
and published to allow access by authenticated parties.

Algorithm 3 Predictor handling of a message

function HANDLE_TRIGGER(device, ts) :
if NOT_TRAINED(device) then

return
end if
model, con f ig← LOAD_SELECTED_MODEL(device)
data← LOAD_LAST_MEASURES(device, con f ig)
in_window← PREPROCESS(data, con f ig)
out_window← RUN_INFERENCE(model, data)
tss← GENERATE_TIMESTAMPS(ts)
STORE_PREDICTIONS(device, tss, out_window)
PUBLISH_PREDICTIONS(device, tss, out_window)

end function

4. A Tailing Dam’s Monitoring Use Case
4.1. Scenario Description

This section includes a tailings dam monitoring scenario where the proposed system
is to be implemented. Many different IoT devices and sensors have been deployed in order
to properly measure key geotechnical parameters related to dam stability and environmen-
tal safety. Distinct environmental and operational conditions are considered to validate
the system, thus ensuring its robustness, adaptability, and effectiveness under real-world
conditions. The monitored variables include the following data: slope measured using
inclinometers; pore pressure measured using piezometers; and absolute surface displace-
ments measured using GNSS sensors. These parameters are pivotal to identify anomalies
and/or structural changes that could drive possible dam instabilities. The collected data
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enable the early detection of potential structural problems and serve as the basis to build
predictive models aimed at both improving safety and informing maintenance strategies.

4.2. System Deployment Overview

The deployment includes four modular and scalable layers which are described in the
following items:

• Sensor Layer: This layer includes GNSS nodes that are equipped with Real-Time Kine-
matic (RTK) positioning, tiltmeters, piezometers, and other geotechnical instruments.

• Communication Layer: It uses LoRa-based wireless communication connected to IoT
nodes for long-range, low-power data transmission between IoT nodes and gateways.

• Data Management Layer: It consists of a centralized, cloud-compatible database
that aggregates historical and real-time data, ensuring data integrity, scalability, and
secure access.

• Visualization and Analytics Layer: This layer enables real-time monitoring as an interactive
software platform. The forecasting module included in this work is integrated within it.

The installation and configuration of GNSS nodes at critical points across the TSFs are
included in each deployment, also complemented by additional sensor types. The GNSS-
Meter’s millimetric precision enables the detection of multiple displacement phenomena
that are essential for a comprehensive dam safety assessment as follows:

• Seasonal and thermal movements.
• Long-term creep detection.
• Early warning of anomalous movements.

GNSS technology also offers several fundamental advantages compared to conven-
tional dam monitoring approaches as follows:

• Absolute 3D positioning: This capability is particularly valuable for identifying re-
gional ground movements that may affect the dam foundation [32].

• Continuous automated operation.
• Cost-effective dense coverage.
• Integration with early warning systems.

Dam displacements are typically small, generally reaching up to 6 mm per year under
normal operating conditions. Research across different dam types shows that embankment
dams may experience vertical movements of approximately 6.0 mm per year at critical
monitoring points [33].

The Worldsensing GNSS-Meter achieves sub-centimeter precision through advanced
RTK technology and edge processing algorithms. The system provides three levels of
data aggregation, with accuracy improving as the aggregation period increases. Its 24-h
aggregated accuracy—2–4 mm horizontally and 3–7 mm vertically—demonstrates that
the GNSS-Meter operates within the same order of magnitude as typical annual dam
displacements. This resolution is not only sufficient but also well suited for several critical
monitoring objectives.

It may seem paradoxical that GNSS errors (2–3 mm) can be comparable to annual
dam displacements (1–6 mm). This is resolved by recognizing that dam monitoring is
fundamentally a trend-detection problem, rather than a single-point absolute measurement
problem. A single GNSS measurement with 2 mm uncertainty does not precisely define the
dam’s position. However, when hundreds or thousands of measurements are collected over
weeks and months, statistical analysis can reveal displacement trends with significantly
higher confidence.

For example, consider a dam with an annual displacement of 3 mm/year. Over a
30-day period, the expected displacement is approximately 0.25 mm, which appears impos-
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sible to detect with 2 mm measurement accuracy. However, with 24 hourly measurements
per day (around 720 measurements per month), the statistical strength of the dataset enables
the detection of sub-millimetric trends. Techniques such as the remove–restore approach,
which models deterministic components (thermal and hydrostatic effects) and applies
collocation for stochastic analysis, can achieve RMSE errors well below 1 mm when pro-
cessing long time series. Larger displacements can be detected more easily and can trigger
alarms immediately.

In practice, dam monitoring relies on multiple data sources (e.g., tiltmeters, piezome-
ters, total stations). GNSS provides an additional and highly valuable layer of information
that, before the adoption of IoT-based solutions, was often expensive and labor-intensive to
deploy and maintain.

The effectiveness of a GNSS-based dam monitoring system depends critically on the
strategic placement of sensors to capture the three-dimensional deformation behavior of the
structure. The sensor network must provide sufficient spatial coverage to detect localized
anomalies, while also maintaining redundancy for reliable data validation. The placement
strategy is guided by the following engineering principles derived from dam structural
behavior and GNSS measurement requirements:

• Structural critical points.
• Spatial deformation patterns.
• RTK base–rover geometry.
• Redundancy and validation.

The exact locations of monitoring systems on dams are typically highly restricted by both
operators and national regulations, as dams are considered critical infrastructure. Therefore,
we aren’t able to include a graphical location of sensors by confidentiality reasons.

In the domain of geotechnical and structural monitoring, the precision, reliability, and
longevity of the deployed sensors are paramount. In this use case Worldsensing’s Tiltmeters
are considered as they offer a combination of superior specifications, advanced operational
modes, and a focus on long-term, autonomous operation. They boast impressive technical
specifications, including a resolution of±0.0001o and a repeatability of <0.0003o for its high-
precision model (Tilt-XHP). Moreover, it can use a lower power consumption, enabling
an exceptional battery life of up to several years [34]. Because of the strategically selected
location of the base stations, uninterrupted communication with all devices and gateways
is granted. Once the data acquisition process is operational, the system is able to access
historical datasets. This fact ensures access to a context for baseline analysis and predictive
model training.

The MQTT protocol is used to transmit real-time sensor data that is processed by
dockerized analytics modules. This choice of communication protocol is a critical decision
that directly impacts the efficiency, reliability, and scalability of a monitoring system. While
other protocols’ architectures are not inherently optimized for the unique constraints
of IoT environments, the Message Queuing Telemetry Transport (MQTT) protocol has
emerged as the de facto standard for IoT data transmission, particularly in the context of
transferring data from an IoT gateway to a cloud server. The advantages of MQTT over
alternatives like HTTP are numerous and significant, centering on efficiency, reliability,
and a flexible architecture. MQTT’s design as a lightweight, publish-subscribe protocol
makes it exceptionally well-suited for resource-constrained devices and networks with low
bandwidth and high latency. Unlike HTTP’s request-response model, where a client sends
a request and waits for a server’s response, MQTT’s pub-sub model decouples the data
producer (the IoT device or gateway) from the data consumer (the cloud application). This
asynchronous communication, combined with a minimal message overhead (as low as
2 bytes compared to HTTP’s 8-byte minimum), results in significantly more efficient use of
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network resources. As demonstrated in performance benchmarks, the difference in data
consumption becomes increasingly stark as the number of messages grows, making MQTT
a far more scalable solution for long-term monitoring projects [35,36].

This data is also made visible through user-friendly dashboards adapted to the needs
of dam engineers and safety officers. A standalone Python-based application implements
these dashboards, with the only requirement of an internet connection for real-time updates.

4.3. Forecasting Framework Integration

The deployment proposed to test the forecasting module has been performed using
containers and a CI/CD pipeline. Moreover, to ease the verification of the models and the
system functionality, we also added a local Grafana dashboard.

The containerization of the Python code has been performed using Docker and the
base python:3.11-slim image. Besides the deployment, it has also been used to run the
tests and as a development container. Additionally, we used Docker Compose to control
versions and also to deploy the local database, the local message broker, and the local
Grafana services together with the Python code.

The repository used for the source code was contained in the GitLab instance hosted
by UPC. For each commit, we ran the CI/CD pipeline in a private runner on a server
located at the CRAAX Lab in UPC. It consisted of first running unit tests, a linter, type
checking, and scanning for common security errors. Once passed, the system container is
built and deployed to the test server. We made sure to do it in a highly available way to
avoid missing message updates.

The Grafana configuration is relatively bare-bones, as it was only used to be able to
have an easy way to verify that the system was working, what the data was like, and the
behavior of the models. It only contains one dashboard with the database as its data source.
The dashboard allows selecting the device and which of the variables of its respective time
series to display. The data is expressed in two panels. The first contains the values of the
selection and all predicted values contained in the database. As we generate a window
every time a measure is received and the older ones overridden, the historic prediction
trend only contains the next expected value. The second panel contains the mean relative
error between the prediction of the next value and the real value of the last 24 measures.

5. Results
Although this section includes results related to two types of sensors, tiltmeters and

piezometers, any other type can be added. The system is not limited in this respect. In this
use case, only these two types were tested, and many sensors were strategically placed. By
doing so, we avoid data reception failures due to redundancy in the event of unforeseen
circumstances such as battery drain, accidental failure of a sensor, etc. It doesn’t matter
how many sensors are placed; our component accepts all of them. Every added new sensor
needs some time for its associated models to predict results reasonably (when its related
dataset is large enough, letting the model not be overtrained).

A tiltmeter measures three types of angle of inclination of a pole; these angles are
denoted by x, y and z. A piezometer measures the pore pressure in the ground and
frequency values. It is worth mentioning that, as stated in the literature, relative errors
below 10% are considered very good predicted values; from 10% to 20%, good ones; from
20% to 30%, acceptable; from 35% to 50%, regular; and over 50%, unacceptable [37,38].

The training task has been performed using the loss function MAE (Mean Absolute
Error); however, the MSE (Mean Squared Error) has also been included for metrical consid-
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erations. The percentage volume of data has been taken as 20% for training and 80% for
validating. These two metrics have the expression:

MAE =
1
N

N

∑
i=1
|yi − ŷi|, (1)

MSE =
1
N

N

∑
i=1
|yi − ŷi|2, (2)

where yi is a real value and ŷi is the related predicted value. For practical reasons, we were
asked to plot the curve of MRE (Mean Relative Error) which makes sense when no real
data attains the value zero. The expression of MRE is

MRE =
1
N

N

∑
i=1

|yi − ŷi|
|yi|

. (3)

For the tiltmeter data stream, the most suitable model appears to be the RNN and its
variants RNN_Diff and RNN_Enrich. These models can be trained using different configu-
rations of their hyperparameter values. We will symbolically denote these differences as
8u, 16u, 32u, 64u, 256u or 1024u. The other model types either obtain worse values for the
chosen error metrics or tend to overtrain, and we filter them out directly.

Table 1 is included here showing only the models with the best error metrics values
obtained in one training process of the angle x. This table contains the symbolic information
of hyperparameters (first column), two versions of the RNN model (the plain model and the
enriched one), and their respective measures of error metrics (MAE and MSE). The first row
of each hyperparameter u includes the metric values of training, and the second row the
validation metrics.

Table 1. Some numerical figures related to one tiltmeter training process.

HypHypHyp RNNRNNRNN RNN_EnrichRNN_EnrichRNN_Enrich

uuu MAEMAEMAE MSEMSEMSE MAEMAEMAE MSEMSEMSE

8 0.1598 0.0718
0.1720 0.0727

16 0.1714 0.0740 0.1726 0.0729
0.1902 0.0764 0.1963 0.0749

32 0.1801 0.0784
0.2102 0.0843

64 0.1957 0.0842
0.2210 0.0851

1024 0.1669 0.0682
0.2042 0.0784

One of the training processes is commented on here. Their best error metric values are
contained in Table 1. The best of them was attained by the RNN_Enrich-8u model, with a
related MAE of 0.1598 and a related MSE of 0.0718. Notice that many more models have
been trained, but they have not been considered because either they are overtrained or they
have worse MAE results.

Each predicted value is shown in two subfigures. The first subfigure includes the real
values in green and the predicted values in yellow. The second subfigure shows a red graph
that represents the mean of the last 24 relative errors between the next real value and his
corresponding prediction.
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The figures included in this work contain about 200 predictions for each parameter
analyzed. Figures 2–4 show the predictions of a tiltmeter angles values x, y and z. You
can notice how their behavior is different from the one of Figure 5, related to the pressure
values predictions of a piezometer. The values from the first sensor zigzag, while those
from the second one have a different behavior, as you can see in Figure 5.

0 50 100 150 200

0.46

0.47

0.48

0.49

0.50

0 50 100 150 200

0.004

0.005

0.006

0.007

0.008

0.009

Figure 2. Tiltmeter’s x–angle forecasting. Real values in green, predicted values in yellow and error
values in red.
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0.00045

Figure 3. Tiltmeter’s y–angle forecasting. Real values in green, predicted values in yellow and error
values in red.
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Figure 4. Cont.
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0 50 100 150 200
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1.4

1.6

1.8 1e 5

Figure 4. Tiltmeter’s z–angle forecasting. Real values in green, predicted values in yellow and error
values in red.

We can see that the relative error curve remains below 1% in all cases. This is not
always the case; in some tilt meters, we have obtained error values greater than 1%, but
always below 10% (few cases exceed 5%, and all do not reach 10%). These relative errors
are more than acceptable.

0 50 100 150 200 250 300
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1000
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0 50 100 150 200 250 300

0.00010

0.00015

0.00020

0.00025

0.00030

0.00035

0.00040

0.00045

Figure 5. Piezometer’s pressure forecasting. Real values in green, predicted values in yellow and
error values in red.

The piezometer forecasting is performed by model Residual_CNN–8u the entire time
period plotted in Figure 5 with MAE 0.1663 and MSE 0.0710.

6. Conclusions
The previous section shows how the multimodel forecasting framework proposed

in this paper gives predicted values from good to excellent. The main advantages of this
environment can be summarized in the following items:

• The system is flexible and modular enough to automatize the selection of the best model
among several options for each sensor independently. Thus, there are more chances of
obtaining successful results even when different behaviors of data sensors are present.

• Retraining all models from time to time makes the system more robust with respect to
eventual behavior changes in the collected sensors’ data.

• In general, the mean of relative errors in the predicted values is considered good
enough when it is below 10%. Here, the largest mean of the relative errors is below
4%, corresponding to the x-angle (Figure 2), and all other predictions have a mean of
relative errors well below 1%.

• The proposed prediction component can be dockerized and ported to the main com-
puter of the tailings dam station. Once installed, models related to all configured
sensors begin to learn themselves. After some time of collecting data measures and
ensuring the errors turn out to be small, the system can be put into production.
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• Another different working mode is the centralization of this service, that is, when the
mine company has several tailings dams placed in different locations, far apart from
each other. In this case, the component can be installed in a server where all different
tailings dams send their collected data. The system accepts this kind of configuration
as simple sensor additions.

• Environmental changes will be detected whenever the sensors can measure it. Depend-
ing on the magnitude of the change, the system will treat it in two different ways. As
all models (related to all sensors) are retrained from time to time, little environmental
changes will be learned by the models. Of course, a great change in a short time period
will be raised as an anomaly. Other more radical changes, such as earthquakes or
accidents that directly affect the tailings dam, such as a heavy vehicle collision that
damages its structure, will not be detectable.

• This item isn’t an advantage, although it is not very bad. The computation time of the
retraining process is larger than if the system were unimodal. However, as the time
between consecutive retraining can be configured, it is not an issue. Moreover, while
retraining, the system continues forecasting (using the current models).

These characteristics show key features of the proposed framework, namely flexibility,
scalability, and modularity, making its adoption by other scenarios a relatively easy process,
only requiring minor changes in the current development.

7. Limitations and Future Improvements
Although this proposal offers a practical and quick way (through dockerization) to

monitor a tailings dam, there are some limitations that suggest some future work that will
add robustness to the system.

Although the next sensor’s value is reasonably well predicted, it needs a measure
of the maximum window prediction output with a reasonable error. Presumably, a high
computational time cost will be required. The application of this proposal to public datasets
should be performed, and the comparison with other systems’ responses could allow the
improvement of it.

Tracking systems like this one rely on statistical properties (deviation from the median
compared to the variance, etc.) to detect potential anomalies. The system must raise an alert
if a heavy vehicle accidentally approaches a sensor, or if any other similar circumstance
occurs. A specialist then has to decide about a potential weakness risk of the dam and
what action to take. This process costs time and money. A worthwhile future task is to
distinguish these outliers from true anomalies by detecting certain patterns that occur in
the former but not the latter.

Unexpected sensor events like depleted batteries, accidental breakage, communica-
tion failure, etc., are detected now by a lack of historical data in the specific timestamps.
However, a more complex and detailed analysis of this topic is necessary.
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