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Executive Summary 

The Monitoring Equipment and Data Treatment for Safe Repository Operation and Staged Closure 

(MODATS) work package (WP) of the European Joint Programme on Radioactive Waste Management 

(EURAD) is conducting research, development and demonstration (RD&D) into: monitoring data 

acquisition, treatment and management; use of monitoring data to enhance system understanding, 

including development of digital twins; interactions with civil society and other stakeholders; 

development of monitoring technologies; and development of knowledge regarding repository 

monitoring. 

The focus of MODATS is monitoring during the operational phase of repository programmes to build 

further confidence in the long-term safety case. In particular, MODATS is focusing on confidence in 

monitoring data. There are particular challenges associated with monitoring data acquired during 

repository operations, including challenges associated with its management (including processing and 

storage), modelling and visualisation. These are most frequently associated with the long timescales 

envisaged for monitoring programmes and the need to maintain the passive safety of the disposal 

system. Therefore, MODATS has undertaken research to develop methods through which monitoring 

data can be processed, stored, modelled and visualised. This has included preliminary work on the 

development of digital twins. 

The work on data management, modelling and visualisation was based on six test cases: 

¶ ALC1605 Test Case (undertaken by Amvalor, Andra and ENSAM): The ALC1605 test case 

used thermal monitoring data to develop methods for combined physics-based and data-driven-

modelling of repository evolution. 

¶ FE Experiment Test Case 1 (Nagra): Nagraôs FE experiment test case used data from the FE 

experiment to progress approaches to quality control, data processing, and data storage. 

¶ FE Experiment Test Case 2 (PSI): PSIôs FE experiment test case used temperature and relative 

humidity sensor data to develop machine learning-assisted physics-based and data-driven 3D 

heat transport modelling. 

¶ FE Experiment Test Case 3 (UFZ): UFZôs FE experiment test case focused on the development 

of interactive visualisation systems, and visualisation tools for the comparison of simulation and 

observation data. 

¶ POPLU and Prototype Repository Experiments Test Case (VTT): The POPLU and Prototype 

Repository experiments test case developed tools and approaches for managing monitoring 

data, and provided illustrations of how these tools and approaches could be applied during 

repository monitoring. 

¶ PRACLAY Experiment Test Case (EURIDICE): The PRACLAY test case developed a structured 

and uniform approach to data processing and storage of monitoring data. 

The conclusions from the work are summarised below. 

Data Processing 

¶ The work in MODATS has allowed the identification and categorisation of monitoring data 

anomalies, description of the characteristics that define each type of anomaly, and identification 

of options for their processing. 

¶ MODATS has developed a range of tools for undertaking monitoring data processing and these 

have been made available online. 

¶ Data processing should be undertaken with reference to user requirements; processing does 

not have just one end goal; data sets after processing will differ according to the user requesting 

the data. 

¶ Currently, data processing requires expert user checking of outcomes. 

¶ Data processing should not remove data from the database but flag data so that it can be 

identified and used as appropriate. 
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Data Storage 

¶ Monitoring data should be stored with the user in mind, rather than being stored from the 

perspective of data acquisition. 

¶ Repository monitoring will be undertaken over long periods, so flexibility is required in monitoring 

databases, and regular upgrades to software and hardware should be planned. 

Modelling and Visualisation 

¶ The work in MODATS has demonstrated the potential for hybrid models that combine physics-

based and data-driven-modelling to provide a basis for analysis of monitoring data during 

repository operation. 

¶ The work in MODATS has also demonstrated benefits of communication through visualisation, 

including benefits to expert users and to university students. Communication to non-expert 

actors using virtual tours should include provision of contextual information, task-based activities 

and independent control of the tour to maximise learning. 

Digital Twins 

¶ A repository digital twin is a virtual model of part of a repository that is updated automatically to 

address specific objectives. 

¶ A digital twin of a repository cannot replicate the full reality of the underground (i.e. including all 

processes relevant to post-closure safety), as the repository system is subject to irreducible 

uncertainty. Instead, digital twins should focus on specific aspects of a repository (for example 

a twin of the underground infrastructure) defined by the objectives of the digital twin project. 

¶ Repository digital twins are not ñone size fits allò, but come in different forms depending on the 

objective for which they are developed. 

¶ In MODATS, algorithms have been developed for surrogate models and for implementing 

physics-informed machine learning, representing prototypes of repository digital twins. 

¶ Future digital twins might help in global parameter sensitivity analysis and related parameter 

uncertainty quantification, and the digital twins produced in MODATS have provided an 

illustration of how such digital twins might be developed. 

¶ A comprehensive review of the potential applications of digital twins in repository programmes 

is required to identify the ways in which digital twins can practically enhance repository 

programmes. 

¶ Further use of the MODATS Reference Experiments, including development of their digital twins 

and their underlying surrogate models is required to establish the manner in which digital twins 

can be applied during repository monitoring. 

Workflow for Data Handling from Acquisition to Decision Support 

The work in MODATS has highlighted that monitoring programmes (e.g., monitoring programmes 

associated with URL experiments) typically follow a bespoke data management process. The 

developments in data management made during MODATS have allowed the elaboration of an overall 

data management process for using monitoring data to provide enhanced system understanding (Figure 

E.1). This data management process is considered as a common approach that can be applied in all 

programmes. Development of this process, and application of it during repository monitoring, is expected 

to improve data management in repository monitoring programmes and thereby improve the reliability 

of the data produced. The various test cases and integrated discussion of advancement made in data 

management, modelling and visualisation provided in this report illustrate the application of this process. 
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Figure E.1 - Proposed workflow for data handling from acquisition to decision support. 
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OFS: Optical fibre system 

OGS: OpenGeoSys 

PBM: Physics-based modelling 

PC: Principal component 

PCA: Principal Component Analysis 

PG: PRACLAY Gallery 

PIML: Physics-informed machine learning 

POD: Proper orthogonal decomposition 

POPLU: Posiva Plug 

PR: Polynomial regression 

PRACLAY: Preliminary demonstration test for clay disposal 

RF: Random forest 

RD&D: Research, development and demonstration 

RepMet: Radioactive Waste Repository Metadata Management 

RNN: Recurrent neural network 

SQL: Structured query language 

SUS: System usability scale 

SVM: Support vector machine 

THM: Thermal, hydraulic and mechanical 

THMC: Thermal, hydraulic, mechanical and chemical 

UMUX: Usability metric for user experience 

URL: Underground research laboratory 

VEIS: Virtual Experiment Information System 

VisCoSiR: Tool for the Visual Comparison of Simulation Results 

VTK: Visualization Toolkit (acronym used for both software and file format) 

WMO: Waste management organisation 
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WP: Work package 

ZFC: Connected fractured zone (acronym derived from French language term) 

ZFD: Diffuse fractured zone (acronym derived from French language term) 
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1. Introduction 

Author: Matt White (Galson Sciences) 

1.1 Background 

Repository monitoring is motivated by the desire to inform decision making, strengthen understanding 

of system behaviour and to build further confidence in the repository safety case [1]. The Monitoring 

Equipment and Data Treatment for Safe Repository Operation and Staged Closure (MODATS) work 

package (WP) of the European Joint Programme on Radioactive Waste Management (EURAD) is 

conducting research, development and demonstration (RD&D) into: monitoring data acquisition, 

treatment and management; use of monitoring data to enhance system understanding, including 

development of digital twins; interactions with civil society and other stakeholders; development of 

monitoring technologies; and development of knowledge regarding repository monitoring. MODATS is 

building on previous international collaborative RD&D activities, including a European Thematic Network 

(ETN) [2], and the MoDeRn [3] and Modern2020 [1] projects. The context to repository monitoring is 

captured in the MODATS state-of-the-art report [4], and a comprehensive overview of MODATS is 

provided in the WP synthesis [5]. 

The RD&D in MODATS is supported by existing information and data from underground research 

laboratory (URL) experiments, including five reference experiments, referred to as the MODATS 

Reference Experiments: 

¶ ALC1605: A demonstration of the French reference disposal concept for high-level waste 

(HLW), which studies the impact of thermal loading on the metallic liner and the rock, and acts 

as a step in the qualification of the monitoring system design for the HLW concept. It is  led by 

Andra in the Bure URL, France. 

¶ The Full-Scale Emplacement (FE) experiment: The FE experiment investigates thermal, 

hydraulic and mechanical (THM) coupled processes at full scale, in repository-like conditions, 

to validate existing models. It also aims to verify the technical feasibility of constructing a 

disposal tunnel using standard industrial equipment. It is led by Nagra in the Mont Terri URL, 

Switzerland. 

¶ The Posiva Plug (POPLU) experiment: The POPLU experiment was a full-scale test of a 

possible design for a disposal tunnel end plug component in the disposal concept for the spent 

fuel repository in Olkiluoto (Finland) and Forsmark (Sweden). It was led by Posiva and SKB in 

the ONKALO Facility, Finland. 

¶ The Prototype Repository: The Prototype Repository is a full-scale field experiment in crystalline 

rock. The experiment aims to simulate conditions that are largely relevant to the 

Swedish/Finnish KBS-3V disposal concept for spent fuel. It is led by SKB in the Äspö Hard Rock 

Laboratory (HRL). 

¶ Preliminary Demonstration Test for Clay Disposal (PRACLAY): The PRACLAY experiment is a 

large-scale experiment designed to study the impact of the heat generated by HLW on the host 

clay formation. It also looks at how excavation affects the behaviour of the clay. The experiment 

is conducted by EURIDICE and ONDRAF-NIRAS in the High Activity Disposal Experimental 

Site (HADES) URL in Mol, Belgium. 

The focus of MODATS is monitoring during the operational phase of repository programmes to build 

further confidence in the long-term safety case. In particular, MODATS is focusing on confidence in 

monitoring data. There are particular challenges associated with monitoring data acquired during 

repository operations, including challenges associated with its management (including processing and 

storage), modelling and visualisation. These are most frequently associated with the long timescales 

(several decades) envisaged for monitoring programmes and the need to maintain the passive safety of 

the disposal system. Therefore, MODATS has undertaken research to develop methods through which 

monitoring data can be processed, stored, modelled and visualised. This has included preliminary work 

on the development of digital twins. 
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1.2 Objectives 

The key objective of this report is to provide an integrated discussion of the advancements made in 

monitoring data management (processing and storage), modelling and visualisation in MODATS. The 

work done in separate activities (test cases) is described and the results and conclusions summarised. 

Integrated conclusions from the work are drawn. Section 1.3 provides the context to this work and 

Section 1.4 presents the overall objectives of the work and approach taken. 

1.3 Data Management, and Modelling, Visualisation and Digital 
Twins in the Context of Repository Monitoring 

The primary objective of monitoring is to provide information to assist in making decisions on how, when 

and if to implement various steps in the management of the repository system. With respect to long-

term safety, the key purposes of monitoring of repository systems are [6 § 2]: 

¶ To provide information for making management decisions in a stepwise programme of 

repository construction, operation and closure. 

¶ To strengthen understanding of some aspects of system behaviour used in developing the 

safety case for the repository and to allow further testing of models predicting those aspects. 

¶ To provide information to give society at large the confidence to take decisions on the major 

stages of the repository development programme and to strengthen confidence, for as long as 

society requires, that the repository is having no undesirable impacts on human health and the 

environment. 

A requirement to conduct a programme of monitoring prior to, and during, the construction and operation 

of a disposal facility and after its closure, if this is part of the safety case, is included in the IAEA Specific 

Safety Requirements on disposal of radioactive waste [7]. Recommendations and guidance on how to 

comply with the safety requirements is provided in the IAEA Specific Safety Guide on geological disposal 

facilities for radioactive waste [8], and in the IAEA Specific Safety Guide on Monitoring and Surveillance 

of Radioactive Waste Disposal Facilities [9]. 

It is recognised that repository monitoring programmes will have to respond to the specific national 

context under which the programme operates; the ETN [2] recognised that there are different 

approaches to repository monitoring in waste management programmes, depending on the objectives, 

and specifically ñthe extent to which monitoring is seen as confirming processes related to evolution of 

the repository and its long-term safetyò [2 § 7.3]. The factors that are typically considered in the 

objectives of the repository monitoring programme include [2 § 7.3]: 

¶ Waste type and engineered barrier system (EBS) properties and expected performance, which 

affect the extent to which parameters related to long-term performance can be monitored. 

¶ Implementation strategy, including plans for progression from one step to the next, including 

periods of observations in (open) underground structures. 

¶ Regulatory regime and requirements. 

¶ Degree of concept flexibility. 

¶ Political and public expectations. 

Driven by these factors, tailored approaches are being considered to monitoring in each repository 

programme. These include intensive monitoring of disposed waste in support of reversibility, a focus on 

monitoring of the geosphere to demonstrate suitable boundary conditions for long-term safety, and 

monitoring in representative locations to ensure the passive safety of emplaced waste. All of these 

approaches involve collection of data on multiple processes over multiple decades. Following 

acquisition, data will need to be managed effectively and efficiently during the operation of repositories. 

Monitoring data management is generally defined here as the processes and procedures that ensure 

the acquired monitoring data can be used to fulfil the objectives of monitoring programmes. Monitoring 

data management involves the processing of the data, organisation of the data (including metadata) into 
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databases with appropriate formats and structures, and supply of data for modelling and visualisation, 

and so that it can be used to support decision making1. 

 Data Processing 

Monitoring data are prone to errors owing to, e.g., sensor fouling (accumulation of deposits), calibration 

drifts, data transfer problems, and configuration errors in the data acquisition system. Data errors, 

referred to here as anomalies, have to be detected and handled. Invalid data could fall outside the 

plausible range of values, in which case, it may be easy to identify. Alternatively, they could sit within 

the plausible range and be difficult to differentiate from valid data [10 § 7.2]. 

Processing of monitoring data may include combining data acquired at different rates or reducing data 

(e.g., averaging of data collected over relatively short periods, so that it reflects a value representative 

of a longer period) so that it is more suitable for its intended use. 

Data processing is routinely applied in the URL experiments using a range of bespoke methods. Often, 

the methods are developed for the specific experiment or for a specific sensor used in an experiment. 

Such bespoke methods may not be appropriate for repository monitoring data sets. In particular, 

repository monitoring data need to be analysed in a systematic and comprehensive way that allows for 

the systematic identification of anomalies related to sensor ageing and malfunction, outside influences, 

and deviations of the repository system from expected behaviour, and provides data for modelling and 

visualisation in a quality-assured manner. 

Systematic methods and tools are therefore required to process repository monitoring data, so that it is 

suitable for the purpose for which it was acquired. In particular, methods and tools are needed to collate, 

clean and validate monitoring data, and visualise and report data, so that the sensor signals can be 

correctly interpreted. RD&D in MODATS has developed several such data processing tools. 

 Data Storage 

Repository monitoring will be conducted over long periods, potentially stretching into many decades. 

Owing to the long timescale, and the potentially large quantities of data that could be collected, methods 

need to be developed to efficiently and effectively store monitoring data to ensure its availability, and 

allow its effective and efficient use, in the long term. 

Data storage includes archiving of both the quantitative outcomes from monitoring (i.e., the parameter 

values), plus the metadata required in order to interpret the parameter values. Metadata is information 

that enables data to be managed in a structured manner [11]. This ensures that data quality and 

confidence in the stored data is maintained, and that data remain suitable for use in the future. Examples 

of metadata useful in the context of a repository monitoring programmes include information on the 

installation of the monitoring system and information on activities that might influence the parameter 

values recorded (e.g. parallel construction activities or periods of electrical outages). 

RD&D in MODATS developed data storage methods that will allow monitoring data and metadata to be 

effectively managed, for use as required throughout the repository programme. 

 Modelling, Digital Twins and Visualisations 

In repository programmes, where considerable amounts of data will be generated, it is necessary to 

have appropriate tools to reliably analyse monitoring data to support programmatic decision making and 

the related objectives. It is envisaged that evaluation of system behaviour using monitoring data will be 

undertaken on both a continuous and a periodic basis [12]. Continuous evaluation might focus on 

specific parameters and checking to see if parameter evolution is consistent with the evolution assumed 

 

1 Data management, modelling and visualisation incorporate ñdata analysisò, which is defined as the process of inspecting, 
cleansing, transforming, and modelling data with the goal of discovering useful information, informing conclusions, and 
supporting decision-making. In this report, we do not use the term ñanalysisò but instead use more specific terms. 
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in the safety case. Periodic evaluation would involve an integrated consideration of the full range of 

monitoring data, and would be focused on supporting updates to the safety case, including the 

underpinning safety assessment. 

Modelling 

Evaluation of the impacts of the coupled effects of mechanical deformation, fluid and gas flow through 

the repository and thermal loading from the waste is an important aspect of the safety case of a 

repository. Understanding of these impacts is gained through RD&D, including the use of numerical 

models capable of simulating coupled thermal, hydraulic, mechanical and chemical (THMC) processes 

and monitoring data [13].  Most waste management organisations (WMOs) are in the early stages of 

their repository programmes, and, therefore, the experience of using repository monitoring data in 

coupled models to support decisions is limited. There is, however, considerable experience of using 

URL experiment monitoring data in coupled numerical models. In particular, the Development of 

Coupled Models and their Validation against Experiments (DECOVALEX) project is a long-term 

international research collaboration for advancing the understanding and modelling of coupled THMC 

processes in geological systems [14]. Summaries of recent research in DECOVALEX are presented in 

[13, 14 and 15]. 

Recently, data science has emerged as an alternative to the approaches adopted in coupled numerical 

modelling [16]. Data science involves using scientific methods, processes, algorithms and systems to 

extract or extrapolate information and knowledge from previously collected data (training data) to identify 

the characteristics of a data set and to predict the future trend. This is referred to as machine learning 

(ML). A sub-set of ML is data-driven modelling (DDM). Coupled numerical models, referred to as 

physics-based modelling (PBM) in data science, assume that a physical model describing the behaviour 

behind processes is available and sufficiently accurate to understand the operation of processes and 

(in some cases) to predict future behaviour. Originally, data science was suited to data-intensive 

applications such as image processing and pattern recognition. In recent years, physics-informed ML2 

methods have been developed to an extent that they accelerate numerical simulations and have become 

directly usable for process-driven areas including application to modelling of THMC processes in 

repositories. 

The spectrum of ML methods applicable to modelling of repository THMC processes is extensive, 

presenting a diverse array of techniques, for example: 

¶ Linear regression models constitute a fundamental approach for straightforward parameter 

prediction3 tasks. These models establish a relationship between input features, such as 

historical data and geographical information, and predictions [17]. 

¶ Time series models, including autoregressive integrated moving average [18] and exponential 

smoothing [19] are particularly applicable to short-term predictions. 

¶ Deep learning models are currently widely applied in data science applications, particularly 

recurrent neural networks (RNNs) and convolutional neural networks (CNNs). RNNs, which are 

proficient in capturing temporal dependencies within time series data, prove effective for short-

term predictions [20]. Conversely, long short-term memory (LSTM) networks, a subset of RNNs, 

Excel in modelling prolonged dependencies within time series data [21, 22]. CNNs, which are 

adept at addressing spatial dependencies in predictions, find application in predicting parameter 

values across geographical regions [23, 24]. Additional approaches used for predictions include 

random forests [25], which amalgamate multiple decision trees to enhance accuracy. 

¶ Support vector machines [26], which are applicable in the presence of non-linear and high-

dimension data, present another noteworthy avenue for parameter predictions.  

 

2 Physics-informed machine learning allows scientists to use prior knowledge to help the training of the algorithm, making it more 
efficient. This means it will need fewer samples than a pure DDM to train it well or to make the training more accurate. 

3 Prediction is referred to as ñforecastingò in data science. 
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¶ Gaussian process models [27, 28] provide a means to encapsulate uncertainty and provide 

probabilistic predictions.  

¶ Hybrid models [29] constitute an intriguing prospect, involving a fusion of ML models with 

physical models to bolster prediction accuracy. 

The potential benefits offered by these approaches are more rapid modelling, which may benefit the 

continuous evaluation of monitoring data, and greater ability to model parameter evolution across 3D 

space. A particular opportunity is the use of the ML algorithms in digital twins. 

Digital Twins 

The Defense Acquisition University definition of digital twin, commonly used in defence, aerospace and 

related industries, (quoted in [30]) is: ñan integrated multiphysics, multiscale, probabilistic simulation of 

an as-built system, enabled by Digital Thread, that uses the best available models, sensor information, 

and input data to mirror and predict activities/performance over the life of its corresponding physical 

twinò. 

There are three important parts in the digital twin of an object [31]: 

¶ A model of the object. 

¶ An evolving set of data relating to the object. 

¶ A means of dynamically updating or adjusting the model in accordance with the data. 

Digital twins have most frequently been used to support the production and maintenance of structures, 

especially engineered structures such as aircraft, bridges, and machinery. However, in recent years, 

they have begun to be developed in other industries. The coupling of digital twins with data science 

applications provides significant opportunities for the expansion of the use of digital twins, including in 

repository programmes. These opportunities could include development of a replica of a disposal system 

that progressively becomes more detailed and more closely representative of the real-world system as 

more data is collected and information is derived from the acquired data. Such a digital twin requires 

feedback from monitoring data to the underpinning models contained within it. 

Geological disposal presents unique challenges to the development of digital twins owing to the mix of 

engineered and natural structures, the presence of spatial and temporal heterogeneities, and the extent 

to which detailed information can be collected without disturbing the passive safety of the system. There 

is a need also to develop the methodologies and software tools through which digital twins can be 

developed and evolve during the operational phase in response to collection of repository monitoring 

data. 

Visualisation 

A key feature of some digital twins is the visualisation of the system structure, the data acquired used 

in modelling, and the modelling results. Visualisation has the potential to add significant value to the 

analysis of data by allowing the integrated 4D comparison of different data sets against the domain of 

interest. However, this requires development of approaches for modelling and viewing the system 

structure and for integrating data that may be stored in different formats. Developing value from the 

visualisation requires research into the use of visualisations to enhance expert understanding, to 

communicate to stakeholders and educational purposes. 

Modelling, Digital Twins and Visualisations in MODATS 

In MODATS, RD&D was undertaken with the objective of developing data-driven methodologies to 

model monitoring data, developing prototype digital twins and developing visualisation approaches to 

further understanding, to support communication and for use in education. The MODATS Reference 

Experiment data sets supported this work.  
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1.4 Overall Objectives and Approach 

The work in MODATS on data management, modelling and visualisation was based on six test cases 

that each addressed different aspects of data management, modelling and visualisation, as follows: 

¶ ALC1605 Test Case (undertaken by Amvalor, Andra and ENSAM): The ALC1605 test case 

used thermal monitoring data to develop methods for combined physics-based and data-driven-

modelling of repository evolution. 

¶ FE Experiment Test Case 1 (Nagra): Nagraôs FE experiment test case used data from the FE 

experiment to progress approaches to quality control, data processing, and data storage. 

¶ FE Experiment Test Case 2 (PSI): PSIôs FE experiment test case focused on data use, and 

used temperature and relative humidity sensor data to develop ML-assisted physically-based 

3D heat transport modelling. 

¶ FE Experiment Test Case 3 (UFZ): UFZôs FE experiment test case focused on the development 

of interactive visualisation systems, and visualisation tools for the comparison of simulation and 

observation data. 

¶ POPLU and Prototype Repository Experiments Test Case (VTT): The POPLU and Prototype 

Repository experiments test case developed tools and approaches for managing monitoring 

data, and provided illustrations of how these tools and approaches could be applied during 

repository monitoring. 

¶ PRACLAY Experiment Test Case (EURIDICE): The PRACLAY test case developed a structured 

and uniform approach to data processing and storage of monitoring data. 

The overall aims of the test cases are to provide improvements to the data processing, modelling and 

visualisation workflow for repository monitoring data. This includes harmonising data management 

approaches and producing common methods to improve the reliability of the data and transparency in 

the methods used to manage it. This should improve the confidence in the data for all stakeholders. The 

test cases have also sought to take the first steps in developments of digital twins based on monitoring 

data, and to evaluate the potential for digital twins to support more rapid evaluation of monitoring data 

(e.g. support continuous evaluation), to improve the accuracy of modelling in 3D and to support the 

detection of monitoring system malfunction. 

Within MODATS, each test case was undertaken separately. However, regular meetings were held to 

comment on development of the test cases, including meetings dedicated to the test cases and meetings 

focused on the entire WP. The record of the test cases is captured in this document, along with the 

publication of scientific papers that provide additional details of the work undertaken. Initial drafts of test 

case descriptions have been reviewed and edited by partners within MODATS. The individuals that have 

contributed to each section of the document are identified at the start of the relevant section. 

1.5 Report Structure 

This report is presented in seven sections. Following this introduction (Section 1), separate sections (or 

sub-sections) are presented for each test case respectively (Sections 2-5). For each test case, a 

description of the Reference Experiment is provided, the objectives and methods used in the test case 

are described, the results presented, and conclusions drawn. 

Section 6 provides an integrated discussion of repository monitoring data management based on the 

outcomes from the test case work undertaken in MODATS. The discussion is structured around the 

topics of data processing, data storage, data use, and digital twins. 

Section 7 provides the conclusions from the MODATS work on data management, modelling and 

visualisation. 
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2. ALC1605 (Amvalor, Andra and ENSAM) 

Authors: David Muñoz and Francisco Chinesta (AMVALOR), Julien Cotton and Johan Bertrand (Andra), 

Anoop Ebey Thomas (ESI Group) 

Editor: Matt White (Galson Sciences) 

2.1 Introduction 

ML has emerged as a valuable tool for temperature forecasting [32, 33], owing to its adeptness in 

handling intricate patterns and vast data sets. The spectrum of ML methods applicable to temperature 

forecasting is extensive, presenting a diverse array of techniques. Work in this test case focused on the 

most prevalent methods employed in this domain, as introduced in Section 1.3.3. In particular, the hybrid 

approach combining ML and physics-based models is emphasised, demonstrating its potential for 

advancements in temperature forecasting. 

The test case investigates challenges for complex and instrumented systems (multi-scale, multi-physics, 

and multi-media), focusing on practical applications of ML methods. It is based on data from temperature 

monitoring of a HLW cell demonstrator (called ALC1605) implemented at Andra's Bure URL. This 

endeavour encompasses a blend of numerical simulation, real structure measurements, and data mining 

techniques. This approach represents a pioneering advancement in the realm of nuclear waste 

management. 

In this work, the term "digital twin" is used to describe the digital replication of physical assets, derived 

from real-life data collected through various sensors and monitoring technologies while the asset is in 

operation. This process typically involves creating an analytical, data-driven model (referred to as the 

twin) to analyse, update, and manage the performance of its physical counterpart. In contrast, the term 

"hybrid twin" is associated with solutions that involve constructing an additional, complementary virtual 

model. This supplementary model is inherently physics-based and delineates cause-and-effect 

relationships. 

This section is structured as follows: 

¶ Section 2.2 provides a description of the ALC1605 instrumented heating cell. 

¶ Section 2.3 describes the methodology used to construct the hybrid twin model and its 

constituent components. 

¶ Section 0 describes the results of applying the model, featuring illustrative examples.  

¶ Section 0 explores the applications of the methodology. 

¶ Section 2.6 presents the conclusions.  

2.2 Description of the Reference Experiment: ALC1605 

 HLW concept 

Andra plans to dispose of HLW in the Cigéo geological disposal facility in the Callovo-Oxfordian Clay of 

the Paris Basin4. The design of the facility envisages that HLW will be emplaced in small-diameter 

tunnels referred to as disposal cells (Figure 2.1). The disposal cells will be lined with a low-carbon steel 

sleeve to facilitate the emplacement process and retrievability of the waste if so desired in the future. 

This design formed the basis of the ALC1605 test case. 

 

4 It is planned that long-lived intermediate-level waste will also be disposed of in the Cigéo facility. 
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Figure 2.1 - Illustration of the HLW disposal cell design. ZFD is the French acronym for the discrete 
fracture zone, part of the excavation damage zone. 

 ALC1605 

The ALC1605 demonstrator is designed to be as similar as possible to the HLW reference concept. 

Table 2.1 illustrates the main elements of the cell, in the reference design and in ALC1605. 

Table 2.1 - Synthesis of the reference concept and ALC1605 features. 

Component Reference concept  ALC1605 

Excavation technique Cell totally excavated and then introducing of pipes in one time 

Excavation diameter (mm) 800 ï 920 920 

Pipe reference steel API 5L X65 MS PSL 2 API 5L X65 MS PSL 2 

Excavation orientation ůH ůH 

Tilt Cell axis, up: 2 % +/- 1 % in each point of the cell  

Azimuth Cellôs axis orientation: N155Á or N335Á (according to ůH) +/- 1 %  

Pipe dimensions 
Ï outside 660 mm (26ôô) or 762 

mm (30ôô) 
Thickness: 25.4 mm (1ôô) 

Ï outside 762 mm (30ôô)  
Thickness: 25.4 mm (1ôô) 

Length 80-150 m 80 m 

Cell bottom Closed 
First tube equipped with cement 

injection system  
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Component Reference concept  ALC1605 

Insert 

Mobile insert with concrete station 

bloc for waste package transportôs 

engine 

Note envisaged 

Bride Provisory radioactive tight closer Note envisaged 

Pipe connection type Clipped 
Clipped with cement material 

proof joint 

Surrounding filled materials Yes Yes 

Water collecting device Integrated to insert Note envisaged 

Cell closure device  
Radiological closure device and 

bride 

Determined during conception 

phase 

 

The characteristics of ALC1605 are: 

¶ A total length of 28.5 m, including a 6 m cell head and a 19 m "useful" part, with a 1 m overlap 

area between the liner and the insert. 

¶ Excavated cavity head diameter 791 mm, with insertion of a diameter insert outer 767 mm (an 

annular space of 12 mm radius) and thickness 21 mm. 

¶ The useful part excavated in diameter 750 mm, with the installation of a liner of diameter outside 

700 mm (an annular space of 25 mm radius) and thickness 20 mm. 

¶ A bottom plate, a plate at the top of the liner and a plate at the top of the insert. 

¶ The completion of the heating over a length of 15 m between 10 and 25 m deep. 

ALC1605 is instrumented to the extrados of the liner by: 

¶ Two systems for measuring the convergence of optical fibre folders (Shirts No. 7 and 9). 

¶ Three longitudinal lines have been equipped with fibre-optic sensitive cables for the 

measurement of axial deformations and temperature along the entire length of the cell 

(Folders 2 to 12). 

¶ A temperature measurement section by PT1000 sensors (Folder n ° 7). 

¶ A section of measurement of the deformations by vibrating rope (Folder n ° 9). 

¶ A cell allowing geochemical measurements (Folder n ° 10). 

Figure 2.2 shows the positioning of the instrumentation. 
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Figure 2.2 - ALC1605 scheme of connections and numbering of individual casing segments (tubes). 
 

 Objective of the ALC1605 demonstrators 

The ALC1605 demonstrators simulates, as realistically as possible, the construction of a HLW disposal 

cell and emplacement of waste within it. The main aim of the ALC1605 experiment is to study the 

behaviour of a HLW cell conforming to the reference concept under heating. The specific objectives can 

be defined as follows: 

¶ Study the impact of thermal loading on the thermomechanical behaviour of the metallic liner in 

the presence of filling material (direction and amplitude of ovalization, time to reach the blocking, 

axial thermal expansion, possible discharge). These data will complement those obtained in a 

parallel experiment (AHA1605 which was identical except there was no thermal loading) to 

improve the description of the rock / structure interaction in the modelling of the long-term 

behaviour of the cell liner in order, in particular, to verify the gap distance for the package 

handling. 

¶ Studying the impact of thermal loading on the THM behaviour of rock in the near field beyond 

the excavation damaged area, and in the far-filed (i.e., beyond a few diameters of the tunnel) in 

the presence of filler material. This includes monitoring the temperature and interstitial pressure 

fields around the cell at different distances from the access gallery. A comparison with the 

measurements made during a previous experiment (ALC1604) will identify a potential impact of 

the filler material on the kinetics and amplitudes of thermal overpressures in the near-filed and 

far-field. In addition, the experiment investigates the evolution of permeability over time to study 

healing of the damage zone. 

¶ ALC1605 is a step in the qualification of the monitoring system design for the HLW concept. 

The main objectives related to qualification were (i) to qualify the measurement technique, (ii) 

to validate the design and installation method in situ, (iii) to compare optical fibre system (OFS) 

data to reference sensors, and to assess system durability and potential drift, over several years 

during a thermal experiment. 
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2.3 Methodology 

This section outlines the methodology used to develop hybrid twin models for the ALC1605 instrumented 

heating cell. First the operational principles of hybrid twin models are described, followed by an 

examination of its two key components: the PBM and the DDM. 

 Hybrid Twin Approach 

A hybrid twin model aims to improve the accuracy of numerical simulations rooted in physics by 

integrating real-world measurements. We define "ignorance" as the deviation between the real-world 

behaviour and the outcomes produced by numerical simulations. Incorporating the ignorance model into 

these simulations enables us to replicate the actual application behaviour, as depicted in the equation 

below: 

 ὣὢȟὸȟ‘ ὃὢȟὸȟ‘ ὄὢȟὸȟ‘ȟ  (Equation 2.1) 

where ὣ represents the observed real-world phenomena, while ὃ denotes the physics-based solution, 

and ὄ symbolises the realm of uncertainty or ignorance. Additionally, ὢ signifies the spatial coordinates, 

ὸ represents temporal values, and ‘ encompasses any additional parameters, including material 

properties, boundary conditions, and other relevant factors. 

 Physics-Based Model 

The PBM plays a critical role in incorporating the fundamental principles of physics into forecasting of 

the temperature for the ALC1605 experiment, as it interfaces with the hybrid twin model. The PBM uses 

the finite element method (FEM) to derive the temperature distribution within the system. 

The FEM mesh encompasses all components within the tunnel, as well as a substantial portion of the 

surrounding terrain (Figure 2.3). The mesh comprises 420,120 quadratic elements, each interconnected 

by a network of 1,701,835 nodes. Nonetheless, during the computation of the thermal problem, we 

streamline the process by employing a technique known as multi-point constraints [34, 35]. 

In addition to examining the tunnelôs immediate surroundings, it is essential to focus on the tunnel itself, 

as it serves as a crucial element in the overall setup. Figure 2.4 illustrates the engineered components 

that constitute the tunnel. This visual representation not only showcases the tunnelôs structure but also 

highlights the placement of the heating elements, which replicate the radioactive waste that will 

eventually be stored in such tunnels. 

 

Figure 2.3 - Mesh employed to solve the thermal problem over the whole domain. 
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Figure 2.4 - Overview of the engineered components of the tunnel. 

When examining the physics underlying the model, the intricate interplay between the surrounding air, 

the sleeves, and the heating elements is ascertained through a thermal calculation. This calculation 

employs a fluid/structure coupling framework that characterises the heat transfer fluid as an ensemble 

of one-dimensional elements. Within these elements, a diffusion-convection problem is solved to capture 

the heat exchange dynamics. In parallel, the thermal computation for the remainder of the domain 

adheres to the principles of the heat equation. This domainôs thermal behaviour is discretised through a 

conventional FEM approach. This combined methodology ensures a robust and accurate representation 

of the complex thermal processes at play in the system, facilitating a comprehensive understanding and 

effective analysis of the modelôs behaviour. 

When considering the material properties within this domain, it becomes essential to emphasise the 

distinctive characteristics across various regions. On one hand, the sleeves and their associated 

components, as illustrated in Figure 2.4, exhibit material properties consistent with steel. In contrast, the 

surrounding areas of the tunnel showcase diverse material characteristics contingent upon their specific 

regions. As shown in Figure 2.5, we present a frontal view of the gallery, concentrating on the region 

adjacent to the tunnel. Within this specific area, we delineate three distinct zones, each governed by 

unique material properties: the filler material, referred to as MREA, the connected fractured zone 

abbreviated as ZFC, and the diffuse fractured zone, referred to as ZFD. Extending beyond these defined 

zones, the material properties maintain consistency throughout the remaining domain, aligning with 

those attributed to Callovo-Oxfordian (COx) claystone. This differentiation stems from the impact on the 

adjacent zone during borehole drilling, resulting in modified material properties, particularly a decrease 

in thermal conductivity. Furthermore, it is crucial to note that the thermal conductivity of these regions is 

anisotropic, dependent on the rockôs stratification layers. Hence, we distinguish between horizontal (‗) 

and vertical (‗) thermal conductivity. The main thermal properties assigned to different parts and 

components of the model is provided in Table 2.2. Turning attention to the thermal properties of the air, 

adjustments are made based on temperature variations. 
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Figure 2.5 - A frontal perspective of the gallery, prominently featuring the area adjacent to the tunnel, 

while also emphasising the presence of three distinct material property zones. 

 

Table 2.2 - Overview of the main thermal properties of the materials employed to define the model. 

 ɚ (W.m-1.K-1) Cp (J.Kg-1.K-1) ɟ (Kg.m-3) 

Steel 50.000 460 7800 

MREA 0.890 2560 1160 

ZFC ɚh = 1.815 

ɚv = 1.175 

800 1700 

ZFD ɚh = 1.990 

ɚv = 1.290 

800 1700 

COx ɚh = 2.050 

ɚv = 1.330 

800 1700 

 

However, our objective extends beyond the creation of a rigid, physics-based model reliant solely on a 

fixed set of parameters. We are striving for a more adaptable and versatile solution that takes into 

account real-time constraints and can accommodate changes in input parameters. To achieve this, our 

approach first involves the definition of the parameters that we need to explore. By considering the 

variations and bounds of these parameters, we define the multidimensional space that we intend to 

explore. Within this space, we conduct analyses and simulations to generate corresponding temperature 

fields. These temperature fields provide an understanding of the systemôs behaviour under different 

parameter settings, allowing us to adapt and optimise our solutions in response to dynamic real-world 

conditions. In particular, we focus on four parameters, whose bounds are defined as: 

1. The power of the heating elements, ὖᶰτςχȢυȟψχχȢυ watts per element. 

2. The thermal conductivity of the MREA, ‗MREAɴ πȢχρςπȟρȢπφψπ ὡẗά ẗὑ . 

3. The horizontal thermal conductivity of the ZFC, ‗ZFCɴ πȢχρςπȟρȢπφψπ ὡẗά ẗὑ   
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4. The vertical thermal conductivity of the ZFC,  ‗ZFCɴ πȢχρςπȟρȢπφψπ ὡẗά ẗὑ . 

Once the mesh has been constructed and parameterised, temperature data is used to construct a 

surrogate model for further analysis and prediction. The surrogate model is a mathematical model 

employed to approximate the temperature field given a new set of parameters. To construct the 

surrogate model, we employ a systematic approach. First, we organise the collected temperature data 

into a structured matrix (Ἃ), for given set of parameters, where the rows represent individual nodes, 

and the columns correspond to different time steps. This matrix serves as the foundation for our 

subsequent modeling efforts. The next step in our process involves the decomposition of the 

temperature field for each unique set of parameters. To accomplish this, we use a method known as 

CUR decomposition [36]. The CUR decomposition allows us to effectively extract and represent the 

essential components of the data, facilitating the creation of a compact and insightful surrogate model. 

In the context of this decomposition, careful consideration has been given to the selection of matrices 

to maintain the constancy of Ἅ and ἠ irrespective of the chosen parameters. Meanwhile, matrix ἣ is 

intentionally designed to dynamically adapt based on the specific parameter values. Consequently, we 

obtain the following expression for a given parameter set: 

 Ἃ Ἅẗἣ ὖȟ‗MREAȟ‗ZFCȟ‗ZFCẗἠȢ (Equation 2.2) 

Finally, the matrix ἣ can be derived for any set of parameter values by using the sparse proper 

generalised decomposition framework [37]. A visual representation illustrating the dynamic evolution of 

the temperature field within a specific thermal system is presented in Figure 2.6. This system is defined 

by several key parameters. The thermal conductivity of the -2%! is set at 0.89 ὡẗά ẗὑ , while the 

horizontal and vertical thermal conductivity of the :&# are 1.815 and 1.175 ὡẗά ẗὑ , respectively. 

The heating elements operate at a power level of 675 watts per element, corresponding to a heat flux 

density of 128 watts per square meter (ὡȾά ). The problem at hand commences with an initial condition 

where a uniform temperature of ςρᶼC is imposed across the entire system. It is crucial to emphasise that 

the external surfaces of this system are assumed to be adiabatic, signifying no heat exchange with the 

surroundings. 

 

Figure 2.6 ï Progression of the temperature distribution over time, as influenced by a specific set of 

parameters. 

The essence of the hybrid twins approach lies in augmenting the physics-based solution with the 

available measurements at our disposal. The following section will explore the modelling of the 

disparities between the physics-based model described above and the actual behaviour observed 

through sensor data. 
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 Data-Driven Model 

The DDM plays a crucial role in representing a concept commonly referred to as "ignorance." As 

previously emphasised, the choice of employing the LSTM deep learning architecture stems from its 

good performance in handling sequential data. This decision is grounded in the aim to harness the 

capabilities of LSTM cells, intending to establish a robust methodology based on well-established 

temporal integration techniquesðspecifically, the forward Euler scheme [38, 39], as elucidated in 

Equation 3.3. This approach is commonly recognised as residual neural networks (NNs) [40, 41, 42]. 

LSTM cells seamlessly integrate short- and long-term memory units, incorporating an evanescent 

memory for the long-term path and a combination of long and short leads for the short-term memory 

response. Our primary objective is to capitalise on these characteristics to craft a highly effective model 

that excels in capturing the temporal dynamics inherent in the data sequences. 

 ὄ ẗῳὸὄ Ȣ  (Equation 2.3) 

In the context of our hybrid twin framework, the symbol ὄ is used to represent the variable associated 

with the element of ignorance. The subscripts ὸ ρ and ὸ signify two consecutive time steps. The 

essence of our methodology aims to model the rate of change of ignorance over time. As a first step in 

this process, we seek to replace it with an unknown function, denoted as Ὄ, resulting in the following 

transformation: 

 ὄ Ὄὄ ȟ‘ ẗῳὸὄ ȟ (Equation 2.4) 

where the function Ὄ not only depends on the current ignorance ὄ  but also on additional parameters 

denoted as ‘. These additional parameters may include spatial coordinates, ambient temperature 

evolution, or material properties, all of which are integral to the model. In a similar vein, the function Ὄ 

can be substituted with a combination of two distinct functions, namely, Ὢ and Ὣ, expressed as follows: 

 Ὄ Ὢὄ ȟ‘ ẗὄ Ὣ‘ ȟ (Equation 2.5) 

The functions Ὢ and Ὣ serve as the components that the NN will model. Employing this approach is 

crucial to guarantee the stability of the temporal integration. Specifically, by constraining the values of 

the Ὢ function to be below 0, we aim to prevent the divergence of temporal integration [43]. This 

constraint is strategically implemented to ensure a robust and reliable performance of the NN in 

capturing and processing temporal dependencies. The NN architectures considered for describing 

functions Ὢ and Ὣ are both based on the use of LSTM layers combined with a deep dense neural network 

layer, as described in Table 2.3 and Table 2.4 for the ResNet. They were built by using Tensorflow 

Keras libraries. 

 

Table 2.3 - The building blocks that model the function Ὢ. 

Layer Building Blocks Activation 

1 LSTM layer, Hidden size = 8 sigmoid + tanh 

2 Flatten no activation 

3 Dense layer, #Neurons = 16 tanh 

4 Dense layer, #Neurons=Sequence 
size 

relu 

5 Lambda layer returning -1 × inputs no activation 
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Table 2.4 - The building blocks that model the function Ὣ. 

Layer Building Blocks Activation 

1 LSTM layer, Hidden size = 8 sigmoid + tanh 

2 Flatten no activation 

3 Dense layer, #Neurons = 16 tanh 

4 Dense layer, #Neurons=Sequence 
size 

linear 

 

Once the model has been defined, the next step is to train it effectively. However, before initiating the 

training process, it is imperative to preprocess the data to ensure its compatibility with the LSTM 

architecture. In its raw form, the data collected from the sensors typically resembles a tabular structure 

that encapsulates the readings from each sensor at various time intervals. To illustrate this concept 

visually, consider Figure 2.7, which presents a graphical representation of the sensor data. In this figure, 

the temperature readings recorded by each sensor across three distinct time steps are shown. This 

representation offers a clear visualisation of how the data is organised, with each sensorôs temperature 

measurements evolving over time. 

 

Figure 2.7 ï Temperature measurements taken at three distinct time steps for each sensor. Each dot is 

a sensor that has been coloured to show temperature as indicated in the scale. The tunnel is shown in 

grey. The coloured line alongside the tunnel and in the tunnel mid-section are temperature data from 

monitoring using fibre optics. 
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To adapt this data for our model, it needs to be transformed into sequences of data. Figure 2.8a 

illustrates the position of all sensors while highlighting three randomly chosen sensors. Additionally, 

Figure 2.8b (top) depicts the temporal evolution of measured temperature for the set of three sensors. 

To enhance the visual representation, we have also included temperature data generated by the 

physics-based model at the same corresponding positions. By using the expression in Equation 3.1, we 

can determine the level of uncertainty denoted as "ignorance," represented by the variable ὄ. This 

uncertainty is derived by subtracting the solution obtained through physics-based modeling from the 

temperatures measured experimentally. The change in this ignorance level over time is visualised in 

Figure 2.8b (bottom), for the same set of sensors. 

 

Figure 2.8 ï Position and evolution curves for three random sensors. 

Once we have successfully defined the data, we are ready to proceed with training the model. The initial 

step in this process involves the proper partitioning of the data. To achieve this, we carefully select the 

first 250 timesteps for the purpose of training and validating our model, while the subsequent time steps 

are reserved for assessing the modelôs performance. Within the temporal data set, encompassing the 

initial 250 timesteps, we execute a partitioning operation to create distinct subsets for training and 

validation. This partitioning is accomplished with a specific split ratio of 80Ϸ for training and 20Ϸ for 

validation. This strategic division allows us to effectively evaluate the modelôs performance and refine 

its predictive capabilities. 

When considering the myriad hyperparameters that influence the definition and training of a ML model, 

several key aspects deserve special attention. These encompass the ultimate size of the input sequence 

data, which can often be reduced to enhance flexibility in predictive capabilities. Additionally, the number 

of units residing within the LSTM cells plays a role in determining model complexity and performance. 

Further, the architectureôs overall structure might entail auxiliary layers, necessitating careful calibration 

of the number of neurons in these layers to accommodate potential disparities in the sizes of the primary 

layers. The incorporation of an ὒ regularisation term is important for mitigating overfitting, ensuring the 

modelôs flexibility, and preventing excessive complexity. Lastly, one must fine-tune the batch size, a 

parameter that significantly influences the training dynamics, convergence speed, and memory 

requirements of the model. Therefore, meticulous selection and tuning of these hyperparameters are 

fundamental in the quest for effective and efficient ML models. 
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We train a model with a specific set of hyperparameters, enabling subsequent queries. This allows us 

to make forecasts over time by integrating Equation 3.4 into a closed-loop system, resulting in: 

ὄ Ὄὄ ȟ‘ ẗῳὸὄ

ὄ Ὄὄȟ‘ ẗῳὸὄ
ể

ὄ Ὄὄ ȟ‘ ẗῳὸὄ

 

In the forecasting stage, we integrate insights from physics-based numerical simulations into our data-

driven model. This fusion enhances the simulationôs performance, enabling it to closely replicate real-

world phenomena. The complete time integration scheme is represented in Figure 2.9. 

 

Figure 2.9 ï Temporal integration scheme of the hybrid twin approach. 

After forecasting the temperature, it is essential to assess the performance of the associated model. To 

accomplish this, we establish a set of error metrics. Initially, we define the error for a particular sensor 

at a specific time step as follows: 

 ‐ȟ ὣὢȟὸ ὣὢȟὸ ȟ (Equation 2.6) 

where ὣ denotes the measured temperature, and ὣ represents the predicted temperature. In this 

context, ί serves as an indicator for a specific sensor, and ὸ represents an individual time step. 

Consequently, we define the error for a particular sensor as the average of the sum of errors across all 

time steps, which can be expressed as follows: 

 ‐ В ‐ȟȢ (Equation 2.7) 

Finally, the modelôs error is assessed by calculating the average summation of errors across all sensors, 

where each sensorôs error is considered, as follows: 

 ‐ В ‐Ȣ (Equation 2.8) 

The choice of the best hyperparameter configuration is determined by the model with the lowest ‐  

value. 
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2.4 Results 

This section illustrates the capabilities of the methodology, which leverages the hybrid twin approach, 

in the context of forecasting repository temperature. The insights and findings presented herein are 

derived from an exhaustive model evaluation process, where various hyperparameters were rigorously 

tested and refined. Through this extensive exploration, we identified the specific set of hyperparameters 

that yielded the lowest error, thus ensuring the utmost accuracy and reliability in our temperature 

forecasts. 

The depicted visualisations in Figure 2.10a offer a comprehensive view of a random sample sensor 

within the test data partition. This sensor, depicted in black, serves as a representation of our data setôs 

real-world observations. In this context, the figure presents the sensorôs spatial position in the 

designated space. Furthermore, it overlays several planes where the physics-based solution is 

projected, specifically showcasing the temperature field at the final time step. On the other hand, Figure 

2.10b illustrates the temporal evolution of temperature. Three distinct curves delineate this evolution: 

the solid black curve represents the actual measured temperature, the dashed black curve illustrates 

the temperature values projected by the PBM, and the dashed red curve signifies the temperature 

predictions generated by the hybrid twin strategy. Upon closer examination of these curves, it becomes 

evident that the integration of the DDM into the PBM significantly enhances its forecasting capabilities. 

This improvement underscores the value of adopting this hybrid approach over relying solely on physics-

based methodologies. Itôs clear that this integration leverages the strengths of both data-driven and 

physics-based approaches, resulting in more accurate and robust predictions. 

 

Figure 2.10 ï Evaluation of different parts of the model for a random sample sensor within the test data 

partition. 

To obtain a comprehensive understanding of the modelôs performance on a global scale, we introduce 

a novel error measure, which can be precisely described as follows: 

 ‐ȟ ρππẗ
ȟ ȟ

ȟ
Ȣ (Equation 2.9) 

In Figure 2.11a, the frequency of errors is illustrated when predicting temperatures using the hybrid twin 

method. We looked at different periods and sensors to get a complete view of how well the method 

works over time. Conversely, Figure 2.11b illustrates the comparison between the measured 

temperature and the forecasted temperature using the hybrid twin approach, specifically for the final 

time step. This particular visualisation holds particular significance due to the accumulation of errors 

over the course of the temporal integration process. The last time step can offer invaluable insights into 

the modelôs behaviour, encapsulating the culmination of the forecasting performance, making it a critical 

focal point for evaluation and analysis. 
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Figure 2.11 ï Various methods for depicting the errors made by the hybrid twin model. 

 

The apparent discrepancy in error rates among specific sensors, as depicted in Figure 2.11b, may 

initially seem higher than expected. However, there is a deliberate rationale behind this observed 

variation. Figure 2.12a displays the positions of three randomly selected sensors, while Figure 2.12b 

portrays the evolution of the measured temperatures on these sensors. Notably, a dashed vertical line 

in the latter figure underscores the time step corresponding to 250 days. After 250 days, the 

measurements appear to be influenced by an event, characterised by a significant temperature increase. 

We establish that this deviation from nominal behaviour is not reflective of the intended model. It is 

essential to emphasise that the choice of the initial 250 timesteps for training is not arbitrary but stems 

from a thoughtful decision. This decision is driven by a significant event within the ALC1605 experiment, 

marked by a pronounced impact on subsequent time step measurements. Despite this deviation, the 

intriguing aspect lies in the potential wealth of valuable insights that can be derived from this behaviour. 

The proposed methodology serves not only as a baseline model representing the expected performance 

of the tunnel and its surroundings but also possesses the capability to raise alarms when a sensor 

exhibits anomalous behaviour due to drifting measurements. This nominal model, therefore, not only 

functions as a benchmark but also provides a means to detect deviations from expected sensor 

performance. 

Nevertheless, we have the opportunity to assess the outcomes generated by the hybrid twin model in 

comparison to those exclusively reliant on physics. This comparison aims to determine whether a 

notable enhancement has been achieved. To facilitate this evaluation, we present the error graph for 

the physics-based solution in Figure 2.13. The visual representation clearly demonstrates a significant 

improvement in overall performance when incorporating additional data-driven insights. Notably, this 

emphasises the concept that the precision of the physics-based solution does not necessarily need to 

be exceptionally high. Instead, it can be substantially elevated through the integration of data. This 

inherent capability has the potential to considerably streamline the modelling process, meshing 

activities, and calculations, ultimately reducing the time investment required. 
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 (a) (b) 

Figure 2.12 ï (a) position of the three sensors and (b) the evolution of measured temperature on these 

sensors. 

 

 

Figure 2.13 ï Various methods for depicting the errors made by the physics-based model. 
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2.5 Application 

The preceding section has demonstrated the potential of the proposed hybrid twin approach in 

forecasting temperature fields, showcasing its applicability across various industrial scenarios. Of 

particular significance are its applications in sensor diagnosis, as previously mentioned, and its capacity 

to extrapolate temperature data across all spatial coordinates within the domain, extending beyond 

sensor placement locations. 

 Sensor Diagnosis 

A notable industrial application of our system lies in its ability to diagnose and monitor the performance 

of sensors. To showcase this feature, we'll revisit the previously mentioned database, where particular 

sensors experienced disruptions due to an incident within a laboratory setting. This incident involved the 

sudden closure of a security gate, causing a rapid rise in temperature within the controlled environment. 

It's crucial to note that the triggering event can vary widely, from gate closures as exemplified in our data 

set to sensor malfunctions or any unforeseen anomaly. 

Our strategy for malfunctioning sensor diagnosis comprises two stages. First, within our approach that 

harnesses hybrid twins to model the anticipated behavior of the sensor network, any deviation from this 

expected norm signifies an early warning sign of potential malfunction. Figure 2.12a visually represents 

a sensor suspected of malfunction, displaying the sensor's spatial coordinates within the domain. 

Additionally, this figure incorporates three planes representing the projected physics-based solution. 

Figure 2.14b demonstrates three temperature evolution curves: one derived from measured data, one 

based on a physics-based model, and one based on a hybrid twin model. In the measured data curve, 

a sudden temperature increase suggests an incident that compromised the sensor's performance. By 

comparing this curve to the hybrid twin model and establishing a threshold, we can identify when the 

measured data exceeds it, potentially indicating an issue with the sensor. 

Second, to effectively diagnose sensor malfunctions, we leverage the inherent redundancy in our data. 

This redundancy arises from the fact that numerous sensors are positioned closely together. When a 

sensor exhibits signs of dysfunction, this redundancy enables a comprehensive evaluation. By directly 

comparing the behavior of the suspect sensor to its neighboring counterparts, we can uncover any 

anomalies or deviations from expected patterns. This side-by-side analysis proves to be an invaluable 

tool in pinpointing potential issues with the problematic sensor. Figure 2.15 indicates the positions of the 

potentially malfunctioning sensor (in red) along with the closest five neighbors, along with the complete 

sensor database. Conversely, Figure 14 represents the curves of the measured data over time. The 

dissimilar behavior of the target sensor compared to its corresponding neighbors could indicate an actual 

sensor malfunction. 

Once we can identify the malfunctioning sensor, it becomes the responsibility of the operator to 

thoroughly evaluate the situation, as the measured data or hybrid twin model cannot definitively 

determine the cause of the problem. 
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Figure 2.14 ï Evaluation of different parts of the model for a random sample sensor that malfunctions 

within the test data partition. 

 

Figure 2.15 ï Spatial coordinates for the sensor data set are presented, with the potentially 

malfunctioning sensor visually emphasized in red. Additionally, the surrounding context is provided by 

colouring the five closest sensors. 
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Figure 2.16 ï The temperature progression, derived from the collected data, is illustrated for the sensor 

under scrutiny as well as its five closest neighbours. 

 Domain Extrapolation 

In this section, we wish to emphasise another significant industrial application: the potential to expand 

the improved solution across the entire domain, rather than limiting it to sensors alone. This expansion 

will enable us to ascertain the accurate temperature at every point within the rock, not just at the sensor 

locations. 

To fulfil the proposed task, our strategy relies on a conventional Proper Orthogonal Decomposition 

(POD) approach [44, 45]. Specifically, we work with the temperature matrix derived from the physics-

based solution, where rows represent nodes, and columns represent time steps. We decompose this 

matrix as shown in the following equation: 

 Ἃ ἤẗ ẗἥ ἤẗ Ȣ (Equation 2.10) 

Based on the preceding expression, we have the option to select a limited number of POD modes in 

order to reconstruct an approximate version of the original matrix, as follows: 

 Ἃ ἤ ẗ Ȣ (Equation 2.11) 

Furthermore, the inherent uncertainty arising from the disparity between numerical simulations and real 

measured data, referred to as "ignorance," can be initially represented as a matrix (Ἄ). This matrix can 

then be decomposed as well. However, it is important to note that in this equation, the matrix exclusively 

contains the sensor data since this is the information that is available and known. 

 Ἄ ἤ ẗ ẗἥ ἤ ẗ Ȣ (Equation 2.12) 

Similarly, we can selectively retain specific POD modes in order to reconstruct an approximation of the 

original matrix, as follows: 

 Ἄ ἤ ẗ Ȣ (Equation 2.13) 

The vector set ἤ  is defined within each sensor, while ἤ  is defined across the nodes of the FEM model. 

Since the sensors are confined within the model boundaries, we can derive ἤ  from ἤ  by utilizing the 

characteristic shape functions of the mesh. This newly obtained set of vectors can be denoted as ἤ  as 

it specifically relates to sensors. Subsequently, we can integrate this matrix into Equation 2.13, where 

the unknown variables are represented by the coefficients . 
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 Ἄ ἤ ẗ ᴼ ἤ ẗἤ ẗἤ ẗἌ . (Equation 3.14) 

The final step involves using the recently acquired coefficients to extrapolate our understanding across 

the entire domain through the use of the matrix ἣ , as follows: 

 Ἄ ἤ ẗ Ȣ (Equation 3.15) 

To recover the improved model behaviour, we can use a matrix-based form of Equation 3.1. This 

equation involves the summation of matrices Ἃ and Ἄ, ultimately yielding the actual behavior 

represented by ἧ. This extrapolation method yields temperature fields, as illustrated in Figure 2.17. 

 

 

Figure 2.17 ï Progression of the temperature distribution over time when the enhanced solution in the 

sensors is extrapolated to the whole domain. 

2.6 Conclusions 

In our research, we introduce an innovative method for forecasting the temperature evolution of a HLW 

disposal cell. Our approach involves creating a hybrid twin model that combines physics-based solutions 

with actual measurement data. This method offers several advantages, particularly in long-term 

forecasting, as it grounds predictions in the well-established physics of our application, enhancing the 

reliability of our results. 

Our hybrid twin model is built upon data from the ALC1605 experiment, a demonstrator for the real 

repository. Through this methodology, we aim to gain insights that will enable its application to the actual 

repository. Upon analysing the results, it appears plausible that this approach will perform effectively in 

the final application. 

Furthermore, our study of the demonstratorôs hybrid twin model yields valuable information about the 

sensors within the actual repository. This includes determining the optimal number of sensors to be 

deployed and their optimal placement. We have also demonstrated that the physics-based model need 

not be overly precise, as the modelling of uncertainty can bridge the gap between numerical simulations 

and real-world behaviour. 

In practical application, our model running in the real repository enables the identification of sensor drift, 

which can promptly alert operators to take necessary actions. Additionally, it allows for monitoring 

temperatures in locations far from the sensor installations. 
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3. Full-Scale Emplacement (FE) Experiment 

This section provides a summary of the three test cases undertaken using information and data from 

the FE experiment.  The experiment is described in Section 3.1.  The test cases are then described in 

the three subsequent sections: 

¶ Section 3.2 describes the test case undertaken by Nagra, which focused on data management 

and access, data quality control, and development of data cleansing tools. 

¶ Section 3.3 describes the test case undertaken by PSI, which focused on development of 

methods for modelling of the thermal evolution of the experiment. 

¶ Section 3.4 describes the test case undertaken by UFZ, which focused on the development of 

digital twins of the experiment and the wider URL for visualisation purposes. 

3.1 Description of the Reference Experiment 

Authors: Edgar Manukyan and Martin Schoenball (Nagra), Wilfried Pfingsten and Guang Hu (PSI) 

Editor: Matt White (Galson Sciences) 

The FE experiment simulates, as realistically as possible, the construction, waste emplacement, 

backfilling and early-stage THM post-closure evolution of a spent fuel and HLW disposal tunnel 

according to the current Swiss repository concept [46, 47, 48]. 

The objectives of the FE Experiment are: 

¶ To investigate spent fuel and HLW repository-induced THM coupled effects on the host rock at 

full scale and to validate existing coupled THM models. 

¶ To verify the technical feasibility of constructing an emplacement tunnel using standard 

industrial equipment. 

¶ To optimise the bentonite buffer material design and production, in particular to produce 

bentonite blocks that are capable of resisting the ambient conditions during the emplacement 

and operation phases. 

¶ To investigate (horizontal) canister and buffer emplacement procedures for underground 

conditions. 

The FE Experiment was designed to replicate the emplacement tunnel of the reference repository design 

at 1:1 scale. The FE tunnel has an inside diameter of approximately 3 m and a length of 50 m, and is 

divided into four zones (Figure 3.1). In the main Test Section of the experiment, three heaters with 

dimensions similar to those of spent fuel and HLW disposal canisters were emplaced on top of bentonite 

block pedestals. The remaining space was backfilled with highly-compacted granulated bentonite 

material (GBM). In this zone, the rock is supported by mesh-reinforced low-pH shotcrete. At the far end 

of FE tunnel is the Interjacent Sealing Section, which comprises a concrete wall, a 2-m-long bentonite 

block wall consisting of manually installed bentonite blocks and a section filled with GBM. In this zone, 

the rock is supported by steel sets. A concrete plug section and an access section comprise the two 

sections closest to the FE cavern, which provides the entrance to the FE tunnel and hosts the monitoring 

data acquisition systems during experiment operation. The experiment began heating in December 

2014 and has been in long-term operation since. 

The experiment is densely instrumented with more than 1,000 sensors in both the EBS and surrounding 

rock mass to monitor the coupled processes during heating phases (Figure 3.2). Most point sensors are 

temperature and pressure sensors. Fibre-optic cables are deployed to monitor temperature using 

distributed temperature sensing (DTS). Other parameters monitored include: 

¶ Saturation state, which is monitored by measuring relative humidity, suction, gravimetric or 

volumetric water content. 

¶ Deformation, which is monitored by measuring convergence (prior to EBS emplacement), 

displacement or inclination (in the geosphere). 

¶ The concentration of gas phases and pH. 
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Figure 3.1 - Overview of the FE experimental setup Mont Terri URL in Switzerland [47]. From left to right 
is the FE cavern, where all data acquisition and interrogators are installed, the concrete plug that closes 
of the heated section, the three heaters as well as an interjacent sealing section with steel supports. 

 

 

Figure 3.2 - The main instrumentation phases of the FE experiment [47]. The figures at the top illustrate 
the layout of boreholes around the 50-m-long FE tunnel. The figures at the bottom show simplified 
representations of the instrumentation cross-sections within the 2.5ï2.7-m diameter FE tunnel. 
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3.2 Test Case Description and Results: Nagra 

Authors: Edgar Manukyan, Martin Schoenball and Christoph Wetter (Nagra) 

Editor: Matt White (Galson Sciences) 

 Introduction and Objectives 

The FE experiment provides a comprehensive data set with lessons learnt from almost a decade of 

long-term monitoring. This section discusses some selected aspects of operating a complex monitoring 

system over such a time frame. The examples and approach developed and discussed below range 

from calibration of sensors, inferring drift in (fibre-optic) sensors owing, to system deterioration and 

identification of other types of sensor failure. 

 Data Management and Data Access 

The monitoring data of the FE experiment is stored in an online database, the FE Information System 

(FEIS), that provides easy access for Nagra and its external partners. The FEIS tool is browser-based 

and provides relevant documents and data sets, maintenance operations as well as basic visualisations 

of the online data. Some preprocessing of the data is performed within the data acquisition system and 

the FEIS database. This includes conversion of the measured quantities into the target parameter 

through application of calibration relations. For the fibre-optic data this also includes a live calibration of 

each measurement against reference data that is acquired simultaneously. However, at the time of 

original implementation of the FEIS, no automated access to the actual data was foreseen, and the 

browser interface has limited capabilities for in-depth analysis of the monitoring data. 

Therefore, to provide convenient access to the FE data to MODATS partners, it was decided to 

implement an application programming interface (API) to access the data. The system works as a 

wrapper that improves security by using a custom data port for MODATS users and a separate data 

port for the Nagra FEIS database connection. The data is accessed through the API and structured 

query language (SQL) queries, which provides access to only the desired data sets, and exposes only 

the functions and read-only table views required to retrieve the FE data. The FE database tables and 

data cannot be deleted or modified. Libraries to access the database exist for several development 

platforms, including Python, Matlab and C#. Separating the FEIS and the MODATS databases also 

helps to limit performance issues on the MODATS database from affecting the FEIS (for example, a 

MODATS userôs query that runs for hours). 

 Calibration and Quality Control of Fibre-Optic Monitoring Data 

The DTS monitoring of the FE experiment has been ongoing since December 2014. In this sub-section, 

some key lessons learnt from operating such a system under conditions relevant to repository operations 

in the long-term are identified. 

Eight fibre optic (FO) cables with a total length of 2,160 m were installed on the tunnel wall as well as in 

several boreholes. Three interrogators were used during the first eight years of the experiment. In 2014, 

a Smartec DiTemp interrogator unit as well as a Neubrex NBX7020 unit were installed. In 2019, a Silixa 

Ultima S interrogator unit was added. The Smartec and Silixa units employ Raman scattering to measure 

temperature. The Neubrex unit uses Brillouin scattering, jointly measuring temperature and strain. 

Observations in the first eight years showed that Brillouin scattering is less practical for temperature 

monitoring under repository conditions than Raman scattering, since temperature measurements can 

be affected by strain built up inside the FO cables [49]. Here we focus on the data acquired by the 

Smartec and Silixa units. 

It is known that DTS measurements are affected by external factors. Examples are the operating 

temperature and conditions of the interrogator unit, physical conditions, cleanliness of the FO cable 

connections, and the presence of strain or sharp bends at any location along the fibre [50]. These factors 

influence the Stokes (S) and Anti-Stokes (AS) raw values measured by the interrogator, as well as 

calibration parameters used for converting S and AS values to temperature [51]. 
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Between December 2014 and April 2018, temperatures were calculated using static calibration 

parameters, determined at the start of the experiment. DTS accuracy, as compared with PT1000 point 

sensors, in that time span was around 1.5 °C (Figure 3.3, top) with all of the FO data higher than the 

PT1000 data.  

 

 

Figure 3.3 ï Panel a: Temperature evolution from DTS as well as point sensors. Seasonal trends are 
noticeable. Panel b-d: Yearly trend and losses on DTS raw data, and a similar trend in humidity. Panels 
e-h: Evolution of calibration parameters ЎÁȟ# ÁÎÄ ɾ (see below) as well as calibration bath 
temperature.Red dashed line indicates period when the calibration process failed owing to calibration 
bath heater failure, this further affects the calibration parameters. Also, the yearly trend is visible in the 
AS/S (anti-Stokes/Stokes) ratio (panel b) as well as in the ЎÁ parameter (panel e). 

 

In April 2018, after 3 years of continuous operation, two 220-litre calibration water baths, providing 

known hot and cold reference temperatures, were installed inside the FE Cavern. Calibration was 

performed following the procedure in [51] (Figure 3.4). This process improved the DTS accuracy from 

1.5 °C to 0.25 °C as compared with PT1000 point sensors (Figure 3.3, top). This calibration process has 

remained in use since April 2018. During this period, calibration was not working properly for 211 days 

or 12% of the run-time, owing to failures of the calibration bath heater. This is visible in the ‎ and C 

parameter in Figure 3.3, which scatter in periods when the heater was not working properly. During 

these periods, the determined calibration parameters were wrong and ultimately, erroneous temperature 

measurements were reported.  

Heating tests using heatable fibres are performed yearly to ensure proper functioning of all systems. 

Optical time domain reflectometry (OTDR) measurements of cable attenuation are also carried out 

yearly, e.g., to detect changes in FO cable performance. Overall trends show increasing attenuation 

(i.e., step losses) at splice positions over time, which could be linked to aging effects. Additionally, yearly 

maintenance work is performed on the Smartec DiTemp interrogator unit including fan-filter replacement 

and dust removal. During the first eight years of operation, all three interrogators worked without failure.  
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The display of the calibration parameters along with the derived temperature measurements and 

comparison with reference measurements of point sensors (Figure 3.3) shows that calibration 

parameters as well as interrogator raw data (Stokes, Anti Stokes) can be used to gain information about 

the state of health of the DTS system. Calibration parameters are based on physical properties, for 

example, cable attenuation Ўὥ or interrogator sensitivity C [51]. In theory, one should expect the three 

calibration parameters to be constant over time for stable conditions. The FE experiment showed that 

this is not the case, and small but significant temporal changes in the calibration parameters were 

observed in the first four years following installation of the calibration water baths. Calibration 

parameters are sensitive to DTS internal factors, for example, a change of interrogator sensitivity as 

well as external factors such as seasonal trends caused by atmospheric conditions. We propose that in 

case a calibration process, outlined by [51], is used, the obtained calibration parameters can also be 

used to monitor the state of the DTS system. Stable calibration parameters are a good performance 

indicator for DTS measurements. Changes in the automatically determined calibration parameters 

correlate well with changes made to the system (e.g., maintenance) but also apparent deterioration of 

cable splices. 

 

Figure 3.4 - DTS experimental design. Duplexed single-ended configuration, in which FO cable gets 
routed twice through two reference baths for which the temperature is known. Those reference 
temperatures can be used to calibrate the raw DTS temperatures. In the FE experiment, Reference 
Section 1 is designed as an ambient bath (~19 °C) and Reference Section 2 as a heat bath (65 °C) [50]. 

Seasonal fluctuations in the raw data, the calibrated temperatures, and one of the calibration parameters 

(Ўὥ were observed for individual fibre optic cables. These artefacts could be linked to the locations of 

splices in the FO cables, causing step losses. While the calibration method used can correct for 

continuous signal losses along the fibre (which may indicate cable aging), it cannot correct for step 

losses. The observed seasonal trends suggest that atmospheric conditions impact the fibre splices. DTS 

temperature anomalies (compared to point sensor references) reached amplitudes of up to 2 °C. 

Therefore, we suggest that those splice positions are thoroughly monitored using OTDR or comparable 

methods. 

 Approaches for Data Cleaning 

3.2.4.1 Need for Data Cleaning 

In the FE experiment, there are more than 1,000 sensors providing monitoring data. Despite efforts to 

acquire high-quality data, we observe malfunctioning of the monitoring system over time. Examples of 

malfunctioning behaviour include no data, data gaps, spikes, unexpected constant values (freezing of 

values), increased noise levels, unrealistic data trends, and unreasonable data values. These 

malfunctions are checked on-site. For some of them, the cause can be fixed by manual intervention 
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(e.g., cable connections to the data acquisition system have become loose). Some malfunctions recover 

over time on their own without providing a hint on the cause, and there are malfunctions that result in 

permanently false measurement values. 

Erroneous data have only limited value and are a nuisance when it comes to modelling and visualisation. 

Hence the data need to be cleaned and bad data removed. Nagraôs approach is to not manipulate the 

recorded data. This means that no data is deleted, modified, or added to the database. Instead, the data 

cleaning algorithm puts flags to each single data point identifying its status as either valid or discarded 

(because of a specific criterion). This approach makes sure that data is not modified, introducing 

subjectivity (e.g., interpolation or extrapolation), is fully auditable, and still provides the possibility to view 

the entire data set, including differently flagged data. It also means that data can be readily selected for 

different uses. In the discussion below, cleaning and flagging are used somewhat interchangeably. 

3.2.4.2 Initial Data Cleaning 

Considering the large amount of data produced in the FE experiment and the large amount of data 

expected to be acquired in future monitoring systems, automated and robust data flagging algorithms 

are needed. Before starting more advanced checks, clearly erroneous data are identified and flagged. 

These are spikes and implausible data values. In the plausibility check we determined hard limits on the 

measured parameters beyond which the recorded values cannot be true. For instance, in the FE 

experiment, it is not possible to have negative temperatures. Spikes are identified by checking if there 

is a sharp change in measured temperature (the difference in value is at least 1 °C and the rate of 

change is at least 1 °C/min) and the subsequent value is again a sharp change but with opposite sign. 

Within MODATS, two different concepts for advanced data validity checking were implemented. These 

two concepts are described below.  

3.2.4.3 Advanced Data Cleaning ï Sensor Grouping 

In the first approach, advantage is taken of the presence of many sensors and close-by sensors are 

analysed jointly (in this instance nearby refers to sensors measuring the same parameter in the same 

component of the multi-barrier system). The idea behind this is that, within a single group, sensors 

should show similar data trends. The algorithm checks all data points starting from the installation time 

of the sensors. It collects relative temperature changes for all sensors. If a relative data change from a 

sensor is larger than the sensor accuracy and is calculated to be an outlier (the value is more than three 

scaled median absolute deviations from the median, with the scaling factor of 1.4826, which connects 

median absolute deviation to standard deviation in case of normal distribution) compared to relative data 

changes of its group members, then the data point is flagged as an outlier. 

Figure 3.5 shows the effect of data cleaning before and after the removal or invalid data points of 40 

temperature sensors within the BFEA010 borehole. The data cleaning algorithm, performing plausibility 

check, spike removal and outlier identification, can significantly reduce the erroneous data points. The 

drawback of this algorithm is the need for several sensors that are either located close by or are 

expected to show similar behaviour (e.g., sensors in a borehole away from heaters). This requirement 

for sensor redundancy could be prohibitive for the actual repository. Furthermore, the number of 

functioning sensors will inevitably decrease over time owing to sensor failure. In the case of the FE 

experiment, we also noticed that we could not effectively group together all sensors within a specific 

volume. The two issues we identified are: 

¶ Different sensor types having different accuracy and resolution. 

¶ Different sensor groups having different recording time stamps and intervals. 

It is important, therefore, to consider the compatibility of data from different sensors when designing 

monitoring systems. 
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Figure 3.5 - Temperatures of selected sensors in BFEA010 borehole before (top panel) and after (middle 
panel) removal of outliers. Sensors were selected to illustrate a range of sensor behaviours including 
flawless (red & black), containing atmospheric influences (cyan) as well as various anomalous sensor 
behaviour (green, pink) or combinations thereof (orange). Each coloured dot in the top two panels 
corresponds to a data point measured by a single sensor. Locations of temperature sensors are 
indicated with respectively coloured dots in the bottom panels. The blue dots indicate the locations of 
sensors for which data are not plotted but were used in the analysis. 
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3.2.4.4 Advanced Data Cleaning ï Numerical Modelling 

In the second approach, data from each sensor is checked separately using the results of numerical 

modelling. Ideally numerical modelling would show the same data as each sensor and any mismatch 

would be due to sensor misbehaviour. However, there are several reasons why the modelled data is 

different to the true values. Possible reasons include: 

¶ The model is only an approximation of a more complex reality. 

¶ Modelled data is temporally and spatially interpolated to fit sensor time and location. 

In addition to all kinds of erroneous data, the recorded signal also has peculiarities that are real but are 

often not considered in the numerical models. Such events include: 

¶ Various QC tests in the beginning of the experiment. 

¶ Electricity breakdown in the laboratory leads to heaters switching off and reduction of 

temperatures. 

Hence, the flagging algorithm that uses results of numerical modelling needs to be robust to correctly 

flag the data. Like in the previous approach, the checking is done data-point by data-point starting from 

the first recording. Changes in the value between a new data point and the last valid data point are 

compared with the change expected from numerical modelling. As the modelling data is not expected 

to match reality exactly, lower and upper bounds for the next point measurement are extracted from 

modelling. Furthermore, room for inaccuracy is allowed owing to the accuracy of sensors. A data point 

is considered valid if the change in recorded data is within the bounds extracted from modelling. Further, 

a small gradient (0.1 °C/day) was implemented on both upper and lower bounds in order to recover from 

falsely approved data that drifted away from true temperatures. For the cases where data points were 

identified as possibly invalid, the algorithm first checks if the previous valid data point was frozen 

(showing exactly the same value for some period). A sketch of the concept is shown in Figure 3.6. For 

the cases where frozen data were identified, the data were marked as such, and validity was checked 

again using the last valid data point. Figure 3.7 shows an example of data flagging results for two 

sensors. The algorithm performs well in identifying and flagging various types of noise. Nevertheless, 

there are cases where good data points were identified as invalid and cases where poor data were 

identified to be good, both of which were identified via expert review of the data. Although such 

misjudgements cannot be entirely eliminated, we believe that the algorithm can be further improved. 

 

 

Figure 3.6 - A sketch of the concept showing how the limits are calculated for checking the validity of 
the next data point. 
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Figure 3.7 - Two columns show results of data flagging for two sensors. The results of plausibility check, 
spike check and noise identification are shown on the first, second and third rows, respectively. First 
row shows all recorded data, while the second and third rows show only recorded data that has remained 
after data cleaning step indicated in the plot above. The bottom row shows the location of respective 
sensors. Note changes of scale between some plots and that because of the plotting order some of the 
data points could be hidden behind data points with different colour. 
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 Conclusions 

We have made several improvements for validating and qualifying monitoring data of the FE experiment. 

On the practical side, we implemented access to FE database through Python and Matlab scripts, which 

maintains the necessary security over the full database. Such direct (easy) access is essential for post-

processing data using algorithms developed externally of the FEIS.  

On the monitoring side we had a close look at both DTS and point sensor temperature data. Our 

research showed that DTS calibration parameters together with interrogator raw data can be indicators 

for the state of health of a DTS system. In the FE experiment we identified that deteriorating cable 

splices can cause temperature anomalies resulting in seasonal trends. This finding suggests that in the 

monitoring system the number of splices should be minimal. Furthermore, despite the presence of 

calibration baths, nearby measurements of temperatures near DTS provide a means for quality control 

of DTS signals in the future.  

For point sensors we have developed two algorithms for cleaning temperature data. Both approaches 

follow the principle of not adding or deleting any measured data point from the database, but rather 

flagging them. One approach makes use of nearby sensors to identify anomalous temperature values 

and the other approach uses data from numerical modelling. Both approaches performed well in flagging 

the untrustworthy data as invalid and trustworthy data as valid. Nevertheless, it was not possible to 

obtain 100 % flagging accuracy. Furthermore, the first approach requires presence of several sensors 

in close vicinity, which is possible for monitoring URL experiments but could be a limitation for a real 

repository where monitoring may be sparse. While the results of this work are encouraging, we believe 

that it is worthwhile to test the algorithms on other experiments and other types of data to further improve 

them before implementation in a real repository. For now, expert opinion remains an important factor for 

evaluating monitoring data. 
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3.3 Test Case Description and Results: PSI 

Authors: Guang Hu and Wilfried Pfingsten (PSI) 

Editor: Matt White (Galson Sciences) 

 Introduction and Objectives 

Within MODATS, our focus is on the assessment of sensor data, especially temperature and humidity 

sensor data and the related modelling of the temperature evolution in the FE experiment tunnel near-

field after switching on heater power using all kind of geometrical and material properties information 

available from the experimental setup and the emplacement description. PBM and DDMs have been 

developed and compared to FE temperature and humidity sensor data. Efficiency and robustness of 

different DDMs have tested and the best performing are compared with PBM and possible applications 

for a temperature digital twin are given, e.g., sensor failure identification or identification of dominating 

parameter uncertainties. 

 Data Treatment and Management 

Temperature and relative humidity sensor data delivered by Nagra were used in this study. The data 

were extracted from the FEIS database and were delivered and analysed in two steps. 

The initial sensor data covering the period from 15 December 2014 (start of heating) to 30 June 2017 

(548 days) were used: 

¶ For setting up PBMs and DDMs and data-driven models. 

¶ To develop a general workflow for data analysis consisting of data assessment, data analysis, 

application of data within PBMs and DDMs, and data visualisation. 

¶ To assess the specific FE sensor data for comparison and input to PBM and DDM respectively. 

Direct access to the Nagra FEIS database was not possible owing to firewall restrictions at PSI. 

Therefore, sensor data were supplied and stored in Excel sheets. Upon receipt of the data, not-a-number 

(NaN) data were deleted. In addition, several procedures to ñcleanò the raw data were tested, e.g., 

deleting extreme spikes, but finally the raw data were used in the test case, except for deleting NaN 

values, which avoided issues associated with justifying which data should be used or ignored.  

The second data set, which covered the period from 1 July 2017 to 1 March 2023 (both periods in total 

about 3,000 days) was handled and used in the same way. Both together yield a data file of 1.9 GB.  

 Physics-Based Modelling (PBM) 

The heat transport equation (Equation 3.3.1) describes the temperature evolution of the thermal 

processes occurring in the FE experiment. As heat transport in a porous medium is dominated by 

conduction [52, 53], a reduced heat transport equation has to be solved for the PBM:  

 ⱦἱ
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╠  (Equation 3.3.1) 

where ‗ is the thermal conductivity of the medium i; T is the temperature; x, y, z are the coordinates 

correspondingly; ” is the dry density of the medium i; ὅȟ is the specific heat of the medium i; Q is the 

specific heat source.  

For the 3D model setup, a high spatial resolution was chosen to reproduce the material properties for 

bentonite blocks, GBM, excavation damage zone (EDZ), clay host rock, heater wall and concrete in as 

much detail as possible, yielding a 3D material parameter distribution for the heat transport model. 

These parameter distributions are partly time-dependent, because important parameters such as the 

relative humidity of the GBM have a significant impact on heat transport and temperature evolution in 

the vicinity of the heaters (tunnel near-field). Near the heaters, initial heating causes humidity to 

decrease owing to vapour transport away from the heaters, whereas near the clay humidity away from 

the heaters is increasing. This means that there are different transients (temperature evolutions versus 
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time) for humidity (and related resaturation) evolution in the GBM depending on the location in the GBM 

influencing the thermal conductivity evolution, which depends also on the initial GBM dry density 

distribution. 

We identified 40 pairs of sensors for temperature and humidity located at the same position to have 

correlated temperature and humidity information (Figure 3.8, also important for the DDM). This paired 

sensor information was used to generated a ML humidity surrogate model for thermal conductivity of 

the GBM. It includes a thermal conductivity relationship for the GBM as a function of humidity, the initial 

GBM dry density distribution (taken from slope scans for each of the GBM sections, Figure 3.9), a 

gravitational term, a cylinder symmetric tunnel term and a sinusoidal heater location term. The result is 

a ML input of thermal conductivity of the GBM into the PBM, i.e., a time and space dependent (surrogate) 

function of thermal conductivity of the GBM into the PBM (for details see [33]).  

 

Figure 3.8 - Schematic diagram of positions of 20 pairs of temperature/saturation degree sensors and 
10 temperature sensors in the upper and lower half of the GBM and heaters. (Red dot series of sensors 
represent pairs of temperature/saturation sensors #1~#16 within the upper GBM, black dot series of 
sensors indicate pairs of temperature/saturation sensors #17~#20 within the lower GBM, green dot 
series of sensors represent 10 temperature sensors (one temperature sensor in the clay, C1, is not 
shown) according to [33]. 
 

 
Figure 3.9 ï Location of 3D slope scans (red lines) and calculated bulk dry densities of the GBM for 
each section between the slope scans in the backfilled FE tunnel [47]. 
 

A sensitivity analysis on mesh size and model domain size was undertaken to demonstrate a reasonable 

PBM set-up. Meshes with 1,253,142, 1,719,617 and 2,274,148 nodes were tested [33]) and the related 

influence of assumed temperature boundary conditions used for model validation (Figure 3.10). For the 

heat transport initial and boundary conditions, the temperature gradient in the clay host rock was chosen 

to be 0.06°C/m [54], whereas the power output from the heaters was taken from direct measurements 

(see Figure 3.11). 



EURAD Deliverable 17.6 ï Advancements in Monitoring Data Management, Modelling and Visualisation 

EURAD - Monitoring Equipment and Data Treatment for Safe Repository Operation and Staged 
Closure, Deliverable 17.6 
Dissemination level: Public 
Date of issue of this report: 07/05/2024  Page 38  

With this setup, we calibrated the PBM with 10 representative temperature sensors distributed in the 

near-field (near Heater 1, Heater 2 and Heater 3, in the GBM at several distances from the heaters, and 

in the host rock). Good agreement was achieved comparing temperature sensor data and modelled 

temperature data [33], i.e., during the initial phase, the maximum relative error was lower than 9% for 

all sensors, which might be influenced by the initial power switching of the different heaters. Later on, 

the maximum relative error was less than 3% for all sensors and less than 1% for individual sensors 

(Figure 3.12).  

 

Figure 3.10 - Perspective view and enlarged view of 3D geometric model of the FE experiment. 3D 
perspective view (top) and enlarged view (bottom) with discretisation according to material properties 
(layers of density profile are shown in local mesh near the heater according to Figure 3.9) modified from 
[33]. 

 

Figure 3.11 - Boundary conditions with heat power of three heaters (PH1, PH2, PH3) from 15 December 
2014 to 15 June 2016 (548 days) according to [33]. Dashed lines indicate interruptions to the heaterôs 

power supply. 
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Figure 3.12 - Comparison of temperature evolution T and relative errors between calculation and 
experimental data at positions of 6 representative sensors over 1.5 years (heater positions: H1-2 (top 

left), H2-1 (top right), H3-2 (middle left), G1(middle right), G3 (bottom left), C1 (bottom right) according 

to Figure 3.9 [33]. 

 

After calibration of the PBM, known parameter uncertainty ranges (parameter ranges taken from 

literature, see [33]) and experimental setup details were used to predict the temperature at specified 

sensor locations, and hence to investigate the influence of individual heat transport parameter 

uncertainties. Multiple PBM calculations with defined uncertain parameter sampling using an orthogonal 

test method [55] have been undertaken for seven design parameters (heat power of the three heaters 

(PH1, PH2, PH3), thermal conductivities of the GBM (ɚGBM), the EDZ (ɚEDZ), the heater canister (ɚcanister), 
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and the bentonite block (ɚblock)) yielding a matrix of 32 orthogonal test cases. Figure 3.13 shows that 

different parameters have different influences on the temperature evolution at different locations in the 

near-field. A small p-test value or a large range value indicate dominant parameter influence. Therefore, 

such ñdominant design parameter analysisò can help to design a targeted temperature evolution or a 

targeted maximum temperature at a certain location in the near-field of a real repository by choosing or 

designing e.g., an appropriate heat power (amount of fuel in a canister) or an appropriate thermal 

conductivity of the GBM (initial GBM dry density distribution). 

In addition, multiple PBM calculations with minimum and maximum uncertainty parameter values yield 

a bandwidth for the calculated temperature as a function of time at different locations. This predicted 

temperature bandwidth was used to identify sensor data outliers or abnormal data, i.e., measured 

temperatures that are out of the calculated temperature bandwidth, knowing that predicted temperatures 

should not differ significantly from measured values, when comparing them with a validated PBM and 

known range for individual parameters uncertainties (Figure 3.14). 

 

 

Figure 3.13 - Results of dominant parameters analysis for transient temperature evolution for sensors 
H1-1, G3 and C1 (compare Figure 3.8 for sensor locations). 
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Figure 3.14 - PBM calculations with high and low parameter values yielding temperature bands, which 

should include the temperature sensor data exemplified for sensor at positions of sensors H1-1 and G3, 

positions according Figure 3.8 (modified from [33]). 

 Data-Driven Modelling (DDM) 

In order to apply an optimised DDM to the FE experiment sensor data, we performed a review on existing 

ML methods applied in the area of nuclear energy [32] and identified several ML methods that could be 

applied to the FE experiment temperature data. We used different data sets with respect to the period 

covered and the parameters monitored (temperature (T) and relative humidity (RH)) and applied several 

ML methods. In total, eight ML models were evaluated in the prediction of temperature and relative 

humidity [33]. The models evaluated were the k-nearest neighbour (kNN), decision tree (DT), support 

vector machine, random forest (RF), LSTM, artificial neural network (ANN), polynomial regression (PR), 

and physics-informed ML (PIML, a combination of kNN with the heat power (P) or power density (Q)). 

The performance of the tools was evaluated using: 

¶ Statistical methods, including mean absolute error (MAE), mean squared error (MSE), and 

Pearson's r coefficient (R). 

¶ Computational efficiency tests including training time, memory and CPU usage. 

¶ Model robustness analysis, parameter sensitivity analysis and parameter evolution, which 

reflect the independency of the learning data set (which data are used for learning and which 

for testing) or the ratio of training and test data (50% learning, 50% testing or 70% learning, 30 

% testing) on the calculated results.  

This yields an optimal ML tool for the FE temperature sensor data with respect to practical implications 

and applications, for example, preparation of learning data sets and assessing test data sets. All the 

models were trained to predict time-dependent temperature and relative humidity in 3D for 1.5 years 

following the start of heating. 40 pairs of temperature and relative humidity sensors represent the training 

and testing data set for the different ML methods. The training and testing are described in more detail 

in [56]. For the PIML methods, heater power as a function of time (for all 3 heaters) has been used as 

an additional physics-based boundary condition (Figure 3.15).  
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Figure 3.15 - Input and output parameters for ML methods and constraints in case of PIML [56]. 

According to the performance indicators MAE, MSE, and Pearson's r coefficient R, the PIML, kNN, and 

ANN models demonstrate good accuracy when compared to the other ML models. High computational 

efficiency is observed for the PIML and kNN models due to low training time and use of computing 

resources (Figure 3.16). PIML, kNN and ANN show robust stability in predicting temperature and relative 

humidity as well as sensitivities in the conducted sensitivity analysis (see [56] for further details). 

 

 

Figure 3.16 - Values of performance indicators MSE, MAE and R with 8 models of ML on temperature 
(T), relative humidity (RH) and for training-test ratio of 70%-30% [14]. 

 

The four best performing DDMs (PIML, kNN, LSTM and ANN) were then compared with representative 

sensor data for temperature (Figure 3.17) and relative humidity for the first 548 days of heating. There 

is a general good agreement between the models and the temperature and relative humidity sensor 

data. Early and late temperature data show some discrepancies from sensor data. However, most 

obvious is that only the PIML method reproduces the temperature data near Heater 3 well, all other 

methods fail for the initial heating phase, and the LSTM method appears to be the one with the largest 

differences. For this reason, we chose the PIML method (combined kNN with heat power P boundary 

condition) for further use in the DDM digital twin. 

In [33] several DDM methods were used to access abnormal sensor data for many of the temperature 

and humidity sensors and identified a lot of sensors for which predictions in the near future were 

successful [14]. However, there were also sensors for which predictions were obviously wrong, which 

depends also on the individual DDM methods applied (Figure 3.17). So far, no clear dependency could 

be identified.  
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Figure 3.17 - Comparison between experimental data and predictions of temperature and relative 
humidity with PIML, kNN, LSTM and ANN models near Heater 1 (top left), near Heater 2 (top right), near 

Heater 3 ï bottom left) and in the clay (bottom right).  

 

 Digital Twin 

Two digital twins for temperature for the FE experiment were developed, a PBM and a DDM, 

respectively. Both models are described above, where for the PBM some components of a digital twin 

are already presented: the dominant parameter identification and the identification of sensor data 

outliers or abnormal data. 

3.3.5.1 PBM Digital Twin 

The ML-assisted PBM has been validated for sensor data up to 548 days, boundary conditions, and 

initial and evolving heat transport parameters and might be used for modelling longer periods than the 

first 548 days as a test for its prediction capability. However, the ML-assisted part for times larger than 

548 would be ignored. The only additional input for modelling longer periods would be humidity sensor 

data to consistently describe the evolution of the thermal conductivity of the GBM appropriately, i.e., the 

surrogate function for the thermal conductivity has to be updated by upcoming humidity sensor data for 

times larger than 548 days.  

As described above, the ML-assisted PBM of heat transport already allows the identification of dominant 

parameters using variance and range analysis. Parameters such as the heater power, thermal 

conductivities of the GBM (ɚGBM), the bentonite block (ɚblock) and the canister (ɚcanister) have been shown 

to dominate the temperature evolution at different locations in the near field. In addition, the parameter 
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uncertainty ranges of Ñ10% for ɚGBM and ɚblock are analysed and bands of temperature uncertainties are 

compared with temperature sensor data, which allows sensor data assessment including identification 

of faulty sensor data (see Figure 3.14). The identification of faulty data is based on an assumption that 

that temperature shows a smooth evolution in space and time for such a near-field system; the PBM is 

validated for the time interval of interest; and the assumed parameter uncertainty is reasonable. The 

first step in the direction of a digital twin for the FE experiment is to use ñincoming sensor dataò for 

improved thermal conductivity calculations in PBM prediction of future temperature evolution in the 

tunnel near-field. The ñincoming sensor dataò are here mimicked by successively taking into account 

new data from the database up to about 3,000 days. Here we used data within a period of about 500 

days, because direct access to data was not possible due to firewall reasons and for simplicity. However, 

the procedure of taking data from the database is applicable up to periods of seconds, generating each 

time an updated surrogate model for thermal conductivity as input in the PBM allowing modelling 

temperature evolution in the near-field. Herewith, continuously incoming new data will be used to feed 

the ML-assisted physical modelling framework allowing improved PBM temperature predictions and 

improved sensor failure identification. 

An example for PBM of the temperature evolution for various locations is given in Figure 3.18 for a 

validated ML-assisted PBM up to 548 days and a continuously updated surrogate function for the 

thermal conductivity of the GBM up to 3,000 days using ñincomingò humidity data in time steps of about 

500 days. Differences might be expected to be minor because the surrogate model for humidity includes 

already a wide range of humidity values measured within the first 548 days for different locations. 

However, at sensors near the heater the humidity may develop quite differently from sensors further 

away from the heaters. For the surrogate function for the thermal conductivity of the GBM deduced from 

humidity sensor data for the first 548 days it is obvious that at some locations temperature decrease is 

calculated after reaching a maximum temperature. This would be the result of increased thermal 

conductivity with increasing humidity in the GBM yielding a more efficient cooling. Taking into account 

humidity sensor data within the GBM for times larger than 548 days up to about 3,000 days, a different 

behaviour is predicted (Figure 3.18). As shown in Figure 3.19 for representative humidity sensors, the 

humidity changes much more in the first 548 days than in the later 2,500 days. Therefore, the surrogate 

function for the thermal conductivity in the GBM needs to be updated every 500 days approximately to 

correctly consider the humidity evolution in the GBM (a daily update would have been also successful, 

but not performed owing to time restrictions). An extrapolation of humidity data from the first 548 days 

only would yield too large thermal conductivities in the GBM at later times. Such a procedure of stepwise 

use of incoming sensor data (500 days steps) replicates a PBM based digital twin improving stepwise 

temperature predictions into the future. 
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Figure 3.18 - PBM calculations for the temperature evolution at different sensor locations (x, y, z in 
brackets, and sensor name) in the FE near-field without (upper graph) and with (lower graph) an updated 
surrogate function for the thermal conductivity of the GBM. 
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Figure 3.19 - Comparison of DDM of experimental humidity data and related DDM predictions into the 
near future at different humidity sensor positions. (compare also Figures 3.20-22). 

3.3.5.2 DDM Digital Twin 

For the DDM digital twin, the best performing DDM (PIML) was selected and applied stepwise to data 

from individual temperature and humidity sensors for periods up to 548 day, 1000 days, 1500 days, 

2000 days and 3000 days. The results are shown in Figure 3.20 and Figure 3.21 exemplified by selected 

sensors for different DDM learning and testing times. The DDM reproduces well all temperature sensor 

data up to 548 days, even if there were sensor data failure identified using the PBM, and temperature 

spikes were reproduced by the DDM (Figure 3.21). 

When it comes to predictions with the DDM digital twin, i.e., predicting in future times for which no data 

have been used for learning, then predictions seemed to be wrong in some cases (Figure 3.22). 

Predictions show no smooth temperature behaviour but edges from last learned data point to predicted 

future times. Also, sensor data with abnormal behaviour (spikes, longer temperature drops) seemed to 

be well reproduced by our DDM, which means that sensor data failure or abnormal data identification is 

not as straightforward for the DDM digital twin as for the PBM digital twin. 

3.3.5.3 Future Work and Applications 

The same digital twin framework has been used with a PBM and a DDM for temperature and relative 

humidity (DDM only) allowing just an exchange of the modelling tool, which would also allow a digital 

twin based on a combination of both, PBM and DDM (e.g., sequential or iterative).  However, the 

predictive capability or abnormal data identification of a DDM based digital twin is limited due to the 

limited learning period, nevertheless, the DDM based digital twin might be much faster with respect to 

computational performance and an appropriate use of both PBM-based and DDM-based digital twin 

might be the most efficient one.  

It should be noted that such a digital twin framework could be applied to a repository and help to design, 

optimise, and define the monitoring setup as well as contribute to the assessment of a repository 

providing detailed understandings of the performance behaviour of a DGR using parameter sensitivity 

and uncertainty analysis.  
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Figure 3.20 - DDM digital twin calculations for the temperature evolution at different sensor locations in 

the near-field for data up to 548 days learning and testing time. 
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Figure 3.21 - DDM digital twin calculations for the temperature evolution at different sensor locations in 

the near-field for data up to 3000 days learning and testing time. 

 

 

Figure 3.22 - DDM digital twin calculations for the temperature evolution at different sensor locations in 

the near-field with predictions using learning and testing time represented by the blue lines. 
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 Summary and Conclusions 

A concept of ML-assisted physics-based 3D heat transport modelling for the FE experiment has been 

developed and verified. ML is applied in this context to humidity in the GBM yielding a physically and 

NN-based surrogate model for the thermal conductivity of the GBM. The surrogate model is required to 

calculate the temperature evolution in the FE tunnel near field. The data could be described as sparse, 

in relation to the full 3D model data set available. Results of ML-assisted heat transport calculations are 

validated with the large experimental data set of the temperature time series data for 10 temperature 

sensors.  

The PBM is used to investigate the dominant parameters influencing the temperature evolution in the 

vicinity of the FE experiment, the results of 32 orthogonal test cases have been analysed systematically. 

Estimated parameters uncertainty ranges of ±10% for thermal conductivities of the GBM (ɚGBM) and 

bentonite block (ɚblock) are analysed and bands of temperature uncertainties are compared with 

temperature sensor data, which allows sensor data assessment including identification of the faulty 

sensor data. Such a ML-assisted physical modelling framework can be applied to future repositories.  

A review of ML DDM methods has been performed and eight promising methods were evaluated in the 

prediction of temperature and relative humidity within the experiment. In terms of performance indicators 

MAE, MSE, and Pearson's r coefficient R, the PIML, kNN, and ANN ML models demonstrate good 

accuracy when compared to other ML models. The PIML and kNN models show high computational 

efficiency, the PIML, kNN, and ANN models show robust stabilities and sensitivities in the conducted 

sensitivity analysis in predicting both temperature T and relative humidity RH. The PIML model 

(combined kNN with heat power P boundary condition) performs best for this study. A lesson is that 

comparing different ML algorithms can be difficult owing to the many factors involved in a tool's 

performance. This test case has illustrated the criteria that can be used to qualify a ML method (including 

statistical methods, computational efficiency tests and the independency of the learning data set). 

The general setup of two types of digital twins, one using a PBM, the other using DDM, has been 

realised. These twins allow temperature predictions for any location within the 3D model domain or the 

x, y, z data range of the DDM. Prediction into the future temperature evolution is possible with the PBM-

based digital twin allowing also predictions including assumptions on uncertain model parameters (or 

their evolution) to identify abnormal sensor data or sensor failures. The PBM digital twin has been used 

for parameter uncertainty related to sensor data analysis. In addition, it has been used to identify the 

dominant parameters influencing the temperature in the tunnel near field. The PBM results for ~100 

parameter sets containing variations of eight parameter values (including heater power and thermal 

conductivities) are used to define input and output parameter sets for ML to generate a surrogate model 

for the related input and output parameters. With such a surrogate model, millions of calculations for 

different input parameter and temperature output sets could be generated in a few seconds, allowing 

the quantification of dominant parameter uncertainty and identification of the most dominating 

parameters for temperature evolution in the tunnel near field. The DDM based digital twin could be used 

partly for predictions into the near future temperature development, maybe due to smooth temperature 

evolution for a system like the FE experiment, but results have to be handled carefully because they are 

not founded by related learning data of the corresponding DDM.  

An extension of the temperature (humidity) digital twin for the FE experiment is planned in the direction 

of PBM of hydraulics, mechanics and gas migration looking at the available data from the FE experiment. 

However, one has to take into account that humidity sensor data as well as pressure, gas, stress, strain 

or displacement sensor data are not as smooth as temperature sensor data. Therefore, a combined 

PBM and DDM might be successful when developing a THMC digital twin for the FE experiment.  
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3.4 Test Case Description and Results: UFZ 

Authors: Nico Graebling and Jörg Buchwald (UFZ) 

Editor: Matt White (Galson Sciences) 

 Introduction 

The work undertaken by UFZ within MODATS was multifaceted, and the different contributions are 

divided into three subsections. 

First, in Section 3.4.2, interactive visualisation systems are described. These can be considered as 

digital twins with a focus on visualisation. The applications were developed primarily as desktop virtual 

reality applications and can be used for different purposes: 

¶ As integrated information systems for domain experts. 

¶ As a starting point for multi-party-dialogue. 

¶ As teaching material for university students or interested members of civil society (referred to 

as intermediates). 

This aspect of the work is described in more detail in [57 and 58]. 

Second, in Section 3.4.3, the results of the comparison of simulation and observation data for the 

uncertainty analysis in the scope of the FE experiment are summarised. This covers the preprocessing 

of temperature measurements, a statistical analysis and the visualisation of the results. The work is 

described in more detail in [59]. 

Third, in Section 3.4.4, the ongoing development of a generic tool for the visual comparison of simulation 

results, referred to as OpenGeoSys (OGS) - Visual Comparison of Simulation Results (VisCoSiR) is 

presented. OGS is open-source software for the simulation of THMC processes in porous and fractured 

media. OGS-VisCoSiR is a visual tool for the comparative exploration and analysis of simulation data 

for use alongside OGS. 

 Interactive Visualisation Systems 

UFZ developed two virtual reality applications, which can be considered as digital twins with a focus on 

visualisation, as the applications contain virtual models of the URL and its geological context and 

measurements displayed in this virtual environment update automatically whenever sensors measure 

changes in the real URL. Virtual reality is a computer-generated simulation of a three-dimensional image 

or environment that can be interacted with in a seemingly real or physical way. The first application, the 

Virtual Experiment Information System (VEIS), is an integrated information system for domain experts, 

that includes the geometry of the tunnel system, the geological environment and information associated 

with experiments undertaken in the Mont Terri URL (see sub-section ñData Integrationò in Section 3.4.2.1 

for details). In a second step, the VEIS for domain experts was used as a basis for the development of 

a virtual field trip on methods and results in the context of radioactive waste management research at 

Mont Terri. This second application targets intermediates and can be used as a starting point for a multi-

party-dialogue. Both applications share a similar architecture, that is displayed in Figure 3.23. The base 

is a 3D scene, created in the Unity Game Engine. In addition to data that does not change during runtime 

(ñstatic dataò, e.g. the tunnel system), information about boreholes and sensors from online databases 

is included in the application. Infrastructure for interactions and data integration comes from a module 

called UFZ Framework. 

3.4.2.1 VEIS ï A Digital Twin Prototype 

We created a digital replica of the Mont Terri URL, that integrates heterogeneous data from several 

different sources. It allows data to be accessed and explored within its spatial context without prior 

technical knowledge. Both simulation results and observation data are displayed within the same 

system. In the following subsection, the development process of the application is explained. It is 
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followed by details about the data integration. Afterwards, visualisation of the experiments and the user 

interface is explained. The final subsection provides conclusion on the VEIS work. 

 

Figure 3.23 - Technical infrastructure and data sources that are included in the VEIS. 

Development 

We collaborated closely with domain experts to create a prototype of the VEIS for the Mont Terri URL. 

Highly heterogenous data sets from the URL were collected, converted, preprocessed and curated. The 

formats of the converted data include, for example, the Visualization Toolkit (VTK) format, which is well 

established in the scientific community, and the glTF file format, which provides high flexibility for use in 

3D visualisation [60]. The application was created using the Unity Game Engine. Unity was chosen for 

its versatility, allowing deployment on desktop PCs, stereoscopic virtual reality devices like head-

mounted displays, and in CAVE5-like setups (like the VisLab at the UFZ Leipzig, www.ufz.de/vislab). In 

this way, the application supports a wide range of input devices, from standard desktop controllers to 

specialised virtual reality controllers. Additionally, Unity offers the flexibility to extend functionality 

through additional modules and scripts, and enables the recording of interactive sessions, which can be 

useful for presentations. 

Data Integration 

Figure 3.23 presents an overview of the data sources integrated into the application. This data 

integration will be explained in detail in the following subsection. The model of the Mont Terri URLôs 

tunnel system, originally created via laser scan, serves as a frame of reference for the other data sets 

that are included in the application. It is enhanced by a visualisation of the stratigraphic layers and the 

major tectonic faults (Figure 3.24) representing the URLôs geological context. 

The results of six numerical simulations have been integrated in VEIS. These simulations were 

performed in previous work, using the OGS simulation software [61]. The data sets vary in terms of 

structure (raster, mesh, and time series data), dimensionality (ranging from 1D to 4D), and scale (from 

 

5 A virtual reality CAVE is a virtual reality space; essentially an empty room in the shape of a cube in which each of the surfaces 
(the walls, floor and ceiling) may be used as projection screens to create a highly immersive virtual environment. 

http://www.ufz.de/vislab
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meters to kilometres). Despite the diversity of formats, a consistent processing approach was applied. 

They were first preprocessed and incorporated into a unified geographic context using the OGS Data 

Explorer, other OGS preprocessing tools [62] and ParaView [63], which are open-source tools providing 

interfaces for data integration and conversion, including geographical information system formats and 

geological modelling software platforms such as GOCAD and Petrel. 

 

Figure 3.24 - Screenshot from the interactive visualisation systems for the Mont Terri URL illustrating 
the geological context in form of the stratigraphic layers and major faults. 

Subsequently, a variety of post-processing and visualisation techniques were applied, including 

geometry clipping, surface extraction (e.g., contour surfaces), projections, and colouring (details of this 

methodology can be found in [64, 65]). The data were then exported as geometric objects in the glTF 

file format [60]. Importing these objects into the Unity scene involved the use of custom importer scripts 

(implemented in C#) and a dedicated Unity extension. Additionally, intermediate scripts were created to 

transfer supplementary data from ParaView to Unity. This supplementary data includes labels for the 

stratigraphic layers, colour mapping tables, and individually formatted time labels. 

In addition to these static data, the system provides access to two productive databases, offering real-

time updates on borehole and sensor data. First, data from the Mont Terri Borehole Information System 

(BIS) was integrated. The BIS is based on a productive PostgreSQL database, comprising 19 tables 

that represent various objects, including boreholes and their drilling sections. The borehole table holds 

details such as a unique borehole ID, links to associated documents, and geometric attributes like 3D 

starting and ending points, along with azimuth and dip angles. Furthermore, it provides information about 

drilling sections, such as the diameter and length. 

To incorporate borehole and section data from the BIS into the prototype, PostgreSQL libraries were 

imported into the project and C# scripts were implemented to create a communication layer between 

the Unity application and the borehole database. This layer offers flexible access to live data and allows 

for switching between databases (remote or local) with ease. For the visual representation within the 3D 

scene, only valid boreholes with either both starting and ending points or a combination of the starting 

point, dip and azimuth, and the section length are considered. All boreholes are assumed to be straight. 

Boreholes lacking this geometric information are categorised as invalid. At the time of development, the 

database contained 1,365 boreholes, of which 16 were considered invalid. 

In practical use, the prototype retrieves data as follows: 
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¶ Upon application launch, it loads the geometric data for all boreholes. 

¶ This data set is then preprocessed to filter out invalid boreholes. 

¶ Finally, meta data, such as document links and section information, is linked to the data objects 

associated with the borehole. 

Internally, Unity uses single-precision floating-point vectors for positioning and orienting 3D objects (i.e., 

32 bits are used for storing a single floating-point number). However, the BIS stores start and end points 

with double-precision (i.e., 64 bits per floating-point number). When displaying small boreholes in a large 

environment, this precision reduction can lead to significant artefacts. This issue has been mitigated by 

using an extension for double-precision floating-point vectors, at least for all calculations before 

displaying the visual representations of boreholes. 

In addition to the borehole data, sensors and their measurements are included into the application. 

Therefore, access to a Firebird database for observation data of the URL in general and the PostgreSQL 

database specific for the FE experiment has been implemented. In this way, sensor measurements of 

various parameters, including pressure, temperature, displacement, and humidity are available in the 

application. Similar to the approach with borehole data, we implemented C# scripts to establish an 

additional communication layer between the Unity application and the sensor databases, ensuring 

maximum flexibility.  

Several preprocessing methods for the sensor data were implemented, including aggregation (e.g., 

averaging measurements per day), and creating a version of the time-series without outliers. To identify 

outliers, the maximum realistic difference between consecutive measurements was determined in 

consultation with domain experts for each sensor type. Any aggregated measurements deviating more 

than this maximum delta from the previous aggregated measurement were considered outliers. For 

example, for temperature data, for which the database stores multiple values per hour, this threshold is 

set to 2°C per day. The outlier removal, including the criterion, is displayed in the chart view for 

transparency reasons (Figure 3.25). 

 

Figure 3.25 - Screenshot from the interactive visualisation systems for the Mont Terri URL illustrating 

sensor measurements from the online databases, depicted with outlier removal. 

For the borehole data as well as for sensor measurements, the prototype also provides functionality to 

save a combined local backup copy of the data retrieved from the databases once the online databases 

have been accessed. This creates the possibility to use the application also in situations in which the 
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database is not accessible or the userôs internet connection is not stable. The backup is an encapsulated 

combination of the following data sets: borehole positions and dimensions, links to borehole-related 

documents, sensor positions and sensor measurements. It can be considered a local file and must not 

be confused with a local database. From a technical perspective the data dump is a text file in the 

JavaScript Object Notation (JSON) file format containing all data objects in a structured way. 

Visualisation-Based Digital Twins of Experiments 

The VEIS contains not only data sets for the whole URL but also detailed information and visualisation 

for selected experiments. In the following, the incorporation of information and visualisations for the FE 

experiment is described. In addition to measurement data, the effect of heating has been modelled in a 

heat transport simulation with a time span of roughly 15 years using OGS. It contains 230 time steps 

and covers a volume of 100 x 80 x 100 m3 around the tunnel. The modelled area consists of 164,472 

hexahedra and 169,806 points. The VEIS displays these simulation results as a clipped volume (Figure 

3.26). 

 

Figure 3.26 - Screenshot from the interactive visualisation systems for the Mont Terri URL illustrating 
temperature simulation results from the FE Experiment as a clipped volume. 

The diverging colour map for temperature values allows to perceive high temperatures close to the 

heaters (white to red) as well as lower temperatures in the Opalinus Clay (blue to white). As structures 

in the blue-to-white area of the colour map were hard to perceive, the colour map has been sampled in 

discrete bins of 3°C. Although this approach reduces the displayed degree of detail, it allows to inspect 

the overall more important spatial structure of the heat emission and expansion. 

The heat induced by the heaters affects not only the temperature but also other characteristics of the 

rock. Therefore, another model simulates mechanical parameters such as displacement, stress, and 

strain of the surrounding Opalinus Clay. This simulation and the underlying model have the same 

characteristics, such as domain extent and time span, as the temperature simulation mentioned above. 

In the application, the results of the vertical stress simulation are displayed as six contour surfaces of 

increasing values. A sequential colour map has been used for the surface colouring here because it 

allows to intuitively analyse spatial trends and interrelationships. 

For both, the temperature as well as the vertical stress simulation, users can individually select a time 

step or play the simulation visualisations as an animation. Beyond these detailed data sets for the FE 

experiment, various data sets of the Cyclic Deformation Experiment and the Fault Slip Experiment have 

also been included in the VEIS. This covers geological context data sets, simulation results and 
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illustrations. In addition, we collected basic information for a selection of 63 experiments. The 

experimentsô short names, short descriptions and positions in 3D space attached or close to the tunnel 

system have been extracted from [66] and the website of the Mont Terri Project. Based on these data, 

users can inspect the boreholes associated with an experiment by selecting an experimentôs 3D marker 

in the scene (Figure 3.27). 

 

Figure 3.27 - Screenshot from the interactive visualisation systems for the Mont Terri URL illustrating 

experiment markers and the selection of the FE experimentôs boreholes. 

User Interface 

All functionalities of the VEIS are reflected in the Main Menu. There, users can change the visibility of 

data sets, control animations of time-dependent data, select data sources and set up the visualisations 

in a custom way. In addition to the custom setup of the current view on the data via the Main Menu, 

users can visit viewpoints for which the object visibilities and interaction patterns are predefined. 

Furthermore, the application provides a Borehole Menu, which opens when users select the visual 

representation of a borehole in the scene. It provides basic borehole information, drilling sections details, 

a list of the installed sensors and access to the sensorsô measurements in form of charts (Figure 3.24D). 

Conclusion 

By consolidating all data within a common spatial context, our application promotes effortless exploration 

of static and live updating data from the URL. The implemented system lowers the cognitive effort usually 

needed to gain insights from measurements, simulation results and contextual data. Moreover, the 

interactive visualisations significantly reduce the technical hurdles typically associated with such 

systems. As the system automatically updates when the underlying data sources (like boreholes and 

measurements) change, it can be considered as a digital twin prototype with a focus on data 

visualisation. The 4D visualisation approach is transferable to operating repositories. 

3.4.2.2 Virtual Field Trip 

We adapted the VEIS to be applicable as a virtual field trip for intermediates, defined as university 

students or interested members of civil society. To facilitate this, several additional features were added 

to the VEIS. 

First, the illustrations of the experiments were extended. Their objectives and methods are less intuitive 

for intermediates than for experts. Therefore, illustrations were added with more contextual information 



EURAD Deliverable 17.6 ï Advancements in Monitoring Data Management, Modelling and Visualisation 

EURAD - Monitoring Equipment and Data Treatment for Safe Repository Operation and Staged 
Closure, Deliverable 17.6 
Dissemination level: Public 
Date of issue of this report: 07/05/2024  Page 56  

to introduce the users to the general idea and setup of the experiments in a more descriptive and vivid 

way. An example for such an illustration is the introduction to the FE experiment. The contextual 

information that was added covers the purpose of the heaters, their power output, and positioning within 

the experiment. This information helps intermediates to understand the simulation results and how they 

have been interpreted. 

Second, tasks were added to six of the tourôs viewpoints. A viewpoint consists of a predefined 

perspective (i.e., position and orientation of the virtual camera), an audio or text comment, the visibilities 

of data sets, and possible interactions. The tasks were designed as adjectives based on the learning 

objectives defined in Anderson and Krathwohlôs taxonomy [67]. Users are motivated to ñrememberò facts 

about URLs, supported in ñunderstandingò the significance of URLsô geological context, asked to ñapplyò 

context knowledge from the presentation, enabled to ñanalyseò results of numerical simulations, and 

invited to ñevaluateò the effects of radioactive waste disposal on the host rocks. For example, one task 

is the exploration of the tunnel systemôs position and orientation relative to the surrounding stratigraphic 

layers. This motivates the users to visually combine information from two different spatial data sets to 

actively ñunderstandò the geological structure and the types of rocks surrounding the tunnel system. 

Another task is to explore numerical simulation results of a determined in situ experiment that are 

available in the tour. In this case, users are asked to identify the time step when a simulated quantity 

reaches its maximum. In this way they are encouraged to not only passively view the processes but to 

ñanalyseò the data to obtain a better understanding. The solution to all tasks is included in the prototype 

and can be accessed on demand by clicking a button.  

Third, the applicationôs graphical user interface (GUI) was improved by adding controls for the playback 

of audio comments, the display of text comments, and access to the tasks and their solutions. This 

supports participants in attending the tour at their own pace as all content can be accessed repeatedly 

and audio comments can be paused if necessary. 

Fourth, digital assessments were set up so that learning outcomes can be tested while the users attend 

the tour. These tests are designed as inline tests, i.e., they follow the corresponding block of viewpoints 

immediately. The test infrastructure is implemented in a dynamic way, which means that tests are not 

hard-coded parts of the application but can be provided as structured information in JSON file format, 

which are then read by the application in runtime. This allows teaching experts or science 

communicators to define their own tests based on the context of usage without changing the application 

itself. 

Evaluation Procedure and Participants 

In advance of the actual evaluation, a heuristic evaluation was conducted to identify and resolve major 

issues with use of the first prototype. An expert for user experience design analysed the prototype and 

categorised their findings based on Nielsenôs heuristics [68]. In ten categories of usability matters, issues 

were assigned a severity rating from 1 (lowest severity) to 4 (highest severity). We resolved all issues 

with a severity of 2 or higher in a second version of the virtual tour prototype and discussed the 

adjustments with the user experience design expert again. 

The virtual tour was then evaluated concerning its usability and learning outcomes at two different 

courses at master level at two universities: in ñNumerical Methods in Geotechnical Engineeringò at the 

TU Bergakademie Freiberg and in ñGround Waterò at TU Dresden. Overall, 22 participants took part in 

the evaluation, 13 in Dresden and nine in Freiberg. Fourteen of the participants identified as male and 

8 as female. At both universities, four female participants attended. The age of the participants was in 

the range from 21 to 32 years with a median of 24.5 years. The average age in Dresden was 

approximately 27 years while the participants in Freiberg were much younger with an average of 22 

years. One participant stated that they have a red-green deficiency. None of the participants had detailed 

prior knowledge on the Mont Terri URL. 14 participants chose to attend the English version and 8 chose 

the German version. Attending the virtual field trip as well as the evaluation was voluntary. The 

participants were informed before the event that their data would be processed in anonymised form and 



EURAD Deliverable 17.6 ï Advancements in Monitoring Data Management, Modelling and Visualisation 

EURAD - Monitoring Equipment and Data Treatment for Safe Repository Operation and Staged 
Closure, Deliverable 17.6 
Dissemination level: Public 
Date of issue of this report: 07/05/2024  Page 57  

that they could request the deletion of their data at any time. The results of the knowledge tests were 

not considered for their course marks. 

Evaluation of Usability 

The perceived usability was measured using UMUX-LITE [69], which is a reduced version of the usability 

metric for user experience (UMUX). The questionnaire contains two items, that are answered on a 

seven-point-Likert scale. Its shortness is helpful to avoid overstressing the participants with too many 

questions. [70] showed that UMUX-LITE scores can be used to calculate an approximated score for the 

system usability scale (SUS) [71] as ñthe correlation between the SUS and UMUX-LITE [is] significant 

and substantialò. Because SUS is an established questionnaire, it has been extensively analysed. Its 

scores range from 0 (worst) to 100 (best) and can be categorised into more intuitive categories from 

D (worst) to A+ (best) or using the attributes ñokayò, ñgoodò, ñexcellentò, and ñbest imaginableò [72]. The 

evaluation proved the applicationôs good perceived usability, as the median SUS score is 74.36. This 

value corresponds to the mark ñBò and the attribute ñgoodò. 

Evaluation of the Learning Outcomes 

The learning outcomes were measured with multiple-choice tests, in which exactly one of the three 

possible answers is correct. There was no time limit for completing the tests and it was possible to not 

answer a question if a participant was not sure of the correct answer. For reasons of feasibility, the 

variety of question types was limited. This limitation could be addressed in future work. The learning 

outcomes were measured in four tests; one on the URL and three for the experiments shown in detail 

(e.g., FE experiment). These tests are designed as inline tests, i.e., they follow the corresponding block 

of viewpoints immediately. Before each test the participants are informed that there is no time limit for 

the test and that they have the possibility to go back to the viewpoints if they need more time for 

exploration. Because the contents of these inline tests are very specific, no prior knowledge was 

assumed. 

Figure 3.28 shows a box plot of the virtual tourôs perceived usability and the corresponding attributes 

and grades. One participant failed the test because they answered only 27.27% of the questions 

correctly. This person is considered an outlier as their result is significantly worse than the box plotôs 

lower fence (approx. 45%). The median score of 86.36% correct answers shows that the group of 

participants reaches good results in the knowledge test and demonstrates the virtual tourôs ability to 

successfully teach relevant knowledge about the Mont Terri URL in the context of radioactive waste 

management research. 

Conclusion 

By extending the VEIS of the Mont Terri URL, an advanced virtual field trip for educational contexts and 

as a base for multi-party dialogues was created. A strength of the work is the interactive visualisation of 

actual research data and its context, allowing intermediates to explore the data individually in an active 

learning process supported by the applicationôs didactic design. The evaluation indicates a good 

perceived usability of the virtual tour prototype even for participants with low prior knowledge and little 

experience with 3D applications. Furthermore, the evaluation gives evidence of a significant knowledge 

transfer provided by the virtual field trip. A use for science communication to other stakeholders within 

participative processes for transparent monitoring concepts and site selection processes is conceivable 

and could be a potential base for contributions in EURAD 2. 
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Figure 3.28 - Results of the virtual field trip evaluation concerning the perceived usability (left) and the 

knowledge transfer (right). The distributions in both charts are common concerning the absence of 

prior training with the system (usability) and also reflect usual exam results in university education. 
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 Comparison of Simulation and Observation Data 

3.4.3.1 Data Acquisition from the FEIS Database and Preprocessing 

In order to make monitoring data available for visualisation, we implemented a Python script, that 

accesses the FEIS database and retrieves temperature measurements for a given list of sensors and 

dates. These data are then aggregated on a daily base and converted to the VTK file format. In this way, 

we provide preprocessing infrastructure for making observation data compatible with OGS tools (see 

Section 3.4.4) and other scientific visualisation software such as ParaView. Furthermore, the use of a 

common and widely applied data format, such as VTK, improves the robustness of current and future 

software developments compared to establishing a new and specialised file format used only in the 

domain. This is because established formats are founded on the technical support of a large number of 

users and are less likely to be replaced by new formats. The Python script is available under the license 

GNU GPLv3, and can be accessed online [73]. 

3.4.3.2 Uncertainty Analysis and Comparison 

For the purpose of uncertainty quantification in the context of clay parameter uncertainties at the Mont 

Terri site in Switzerland, an experimental design-based history-matching workflow was applied to the 

data of the FE-experiment. The approach had previously been proposed to study uncertainties in 

coupled modelling of THM processes [74]. The approach discussed [74] is especially suitable for the 

given problem class, where experimental data can be compared directly to experiments, owing to 

several aspects discussed in the publication. To highlight here three of them: 

¶ It is very general, i.e., it does not impose specific requirements on the model. 

¶ It combines experimental and modelling responses, allowing also for the validation/study of 

model uncertainties beside parameter uncertainties. 

¶ A proxy model is used to accelerate direct sampling/global sensitivity analysis, making it feasible 

to study complex three-dimensional problem. 

A schematic sketch of the workflow is depicted in Figure 3.29. 

Figure 3.29 - Schematic sketch of the workflow. 

The workflow starts with a parameter identification step, in which parameters with their corresponding 

suggested ranges are selected for the study. Detailed knowledge about parameter distributions is 

advantageous, as it increases the performance of the workflow. In a second step, the objective function 

is defined. In our case, it is a history-match error defined by the integrated squared difference between 

the model and the experiment responses. After that, an initial parameter screening is performed to limit 

the number of parameters considered in the following steps. All parameters with a significant contribution 

to the model output are used in a subsequent step to build the proxy model, which is in our case a 

Gaussian Process regression model. The proxy model is then used to perform a direct Monte Carlo 

sampling of parameter combinations and/or a global sensitivity analysis. 




































































































































