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Abstract

Today's glass development must meet increasingly complex property profiles within an ever-
shorter time-to-market. However, the disruptive progress required in glass development
to overcome this challenge is hampered by manual workflows, empirical trial-and-error
approaches, and a lack of process documentation. Moreover, computer-aided glass formulation
tools such as databases or property prediction tools currently suffer from insufficient database
consistency, variable data fidelity, and a significant lack of property and process data. To
this end, a cross-laboratory infrastructure has been established that combines computer-aided
glass formulation and robot-assisted glass synthesis. This infrastructure provides a steadily
expandable web-based glass data space, machine learning-driven data mining and property
modeling tools, as well as a robotic glass melting system equipped with inline sensors and semi-
autonomous intervention tools for process optimization and system protection. An underlying
backbone ontology defines the machine-readable glass terminology and semantic relations.
Logging and codifying even subconscious process expertise and human intervention, this robot-
assisted infrastructure guarantees exact reproducibility and builds up an ever-growing expert
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knowledge system over time. This article aims to illustrate the significant progress made with this
approach while also highlighting ongoing needs on the way to autonomous glass development.

Keywords

Autonomous Laboratories, Robotic Workflows, Materials Discovery, Machine Learning, Materials
Genome, Glasses, Ontology

Posted on 4 May 2026 — CC-BY 4.0 — This is a preprint and has not been peer reviewed. Data may be preliminary. — https://
doi.org/10.26434/chemrxiv.15002669/v1



Robotic Workflow for Autonomous Glass Discovery

Tina Waurischk®, Felix Arendt?, Hansjérg Bornhoft®, Ya-Fan Chen? Andreas
Diegeler®, Shravya Gogula®, Altair T. Contreras Jaimes®, Azin Mazloom Jalali?, Martin
Kilo**, N. M. Anoop Krishnan®, René Limbach’, Robert Maass®°°, Rick Niebergall®,
Zhiwen Pan’, Stefan Reinsch’, Igor Seibel-Geraschenko’, Joachim Deubener?,
Gerhard Schottner®, Marek Sierka?, Lothar Wondraczek”*'*, Andréa S. S. de

Camargo®”*, Ralf Mtiller*>*

T. Waurischk, S. Reinsch, A. S. S. de Camargo, R. Muller
! Division 5.6 Glasses, Federal Institute for Materials Research and Testing (BAM),
Berlin, Germany

E-mail: andrea.camargo@bam.de, ralf.mueller@bam.de

F. Arendt, Y.-F. Chen, A. Mazloom Jalali, M. Sierka
2 Computational Materials Science, Otto Schott Institute of Materials Research,

Friedrich-Schiller-University, Jena, Germany

H. Bornhoft, S. Gogula, R. Miller, J. Deubener
% Institute of Non-Metallic Materials, Clausthal University of Technology, Clausthal-

Zellerfeld, Germany

A. Diegeler, M. Kilo
4 Center of Device Development - CeDeD, Fraunhofer Institute for Silicate Research,

Wertheim, Germany

A. T. Contreras Jaimes, M. Kilo, R. Niebergall, G. Schottner
®> Fraunhofer Institute for Silicate Research, Wirzburg, Germany

N. M. A. Krishnan
¢ Department of Civil Engineering, Indian Institute of Technology Delhi, New Delhi,

India



R. Limbach, Z. Pan, I. Seibel-Geraschenko, A. S. S. de Camargo, L. Wondraczek
" Laboratory of Glass Science, Otto Schott Institute of Materials Research, Friedrich-

Schiller-University, Jena, Germany

R. Maass

8 Department 5 Materials Engineering, Federal Institute for Materials Research and
Testing (BAM), Berlin, Germany

° Department of Materials Engineering, Technical University of Munich, Garching,
Germany

10 Department of Materials Science and Engineering, University of lllinois at Urbana-

Champaign, Urbana, USA

L. Wondraczek
1 Center for Energy and Environmental Chemistry — CEEC, Friedrich Schiller
University Jena, Jena, Germany

E-mail: lothar.wondraczek@uni-jena.de

Funding: German Federal Ministry of Education and Research (BMBF) through the
project GlasDigital, grant numbers 13XP5122A-D, conducted within the Initiative
MaterialDigital and Alexander von Humboldt foundation.

Keywords: Autonomous Laboratories, Robotic Workflows, Materials Discovery,

Machine Learning, Materials Genome, Glasses, Ontology

Abstract

Today's glass development must meet increasingly complex property profiles within
an ever-shorter time-to-market. However, the disruptive progress required in glass
development to overcome this challenge is hampered by manual workflows,
empirical trial-and-error approaches, and a lack of process documentation. Moreover,
computer-aided glass formulation tools such as databases or property prediction
tools currently suffer from insufficient database consistency, variable data fidelity,
and a significant lack of property and process data. To this end, a cross-laboratory

infrastructure has been established that combines computer-aided glass formulation
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and robot-assisted glass synthesis. This infrastructure provides a steadily
expandable web-based glass data space, machine learning-driven data mining and
property modeling tools, as well as a robotic glass melting system equipped with
inline sensors and semi-autonomous intervention tools for process optimization and
system protection. An underlying backbone ontology defines the machine-readable
glass terminology and semantic relations. Logging and codifying even subconscious
process expertise and human intervention, this robot-assisted infrastructure
guarantees exact reproducibility and builds up an ever-growing expert knowledge
system over time. This article aims to illustrate the significant progress made with this
approach while also highlighting ongoing needs on the way to autonomous glass

development.
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1. Introduction

Glasses are key components in current and future technology, from commodity
products to highly specialized niche objects, for example, in optics, electronics,
communication, and pharmaceutical applications. Their viscous, liquid-like nature
allows for a wide and continuous compositional adaptability and unique melt-based
shaping techniques.!*™!

In response to increasingly complex profiles of targeted properties (ranging from
optical, mechanical, thermal, and rheological to socio-economic and sustainability
aspects), the variety of glass chemical formulations used to date has been growing
continuously. This diversity exists even though most glasses fabricated on an
industrial scale are derived from only a few families of chemical compositions as their
suitability for a given application arises from intricate, precisely defined variations
among a range of major and minor (yet, similarly important) constituents. In this
setting, the discovery and further development of glasses with adapted chemical
composition set ever-increasing demands on the prediction accuracy and efficiency
of glass formulation.

However, unlike the large-scale manufacture of glass products, glass chemical
development is still based on empirical trial-and-error approaches relying on ad hoc
experience or even anecdotal knowledge. The associated laboratory workflows are
mainly handcrafted or, at best, partially automated. Laboratory glass melting is often
time- and resource-consuming and limited in accuracy and repeatability. This comes
with a lack of quantitative and reliable documentation for many process parameters,
resulting in notorious data inconsistency, limited benchmarking capability, and
reproducibility challenges. For example, operator fluctuations can have significant
effects on data and product quality.

Furthermore, trial-and-error approaches are particularly inefficient for glass
formulation, as most glass properties highly depend on variations in chemical
composition and melting parameters. This inefficiency persists even though glass
formulation can benefit from comprehensive databases Y, regression analysis,
and, more recently, machine learning (ML) and atrtificial intelligence (Al)-supported
property prediction.*** Following initial excitement and some demonstrated
benefits, however, these conventional approaches have stalled in other aspects due
to challenges with database consistency, variable data fidelity, and the enormous



variety of possible glass compositions and application targets not being reflected in
current databases.

Moreover, a sharp and persistent separation remains between computational
workflows and physical experimentation. The combination of computational
simulation and modeling with laboratory automation and robotic workflows would
overcome this drawback and lead to disruptive advances in laboratory glass
formulation with respect to speed of discovery, physical efficiency, and data quality.
To address these challenges, we are striving to implement an autonomous human-in-
the-loop (HITL) workflow combining self-driven robotic glass synthesis and analysis
systems with computational agents for iterative glass chemical formulation, in-
process decision making, and feedback generation. In contrast to large-scale
standardized glass manufacturing, such an embedded workflow must deal with an
enormous variety of chemical compositions, raw materials, and process parameters
to ultimately replace experience-based human operation and handicraft fabrication of
glass materials for scientific study.

The challenge at hand lies on one side with the diversity of (locally) embedded
workflows and, on the other side, a demand for global interlaboratory cooperation to
generate a consistent yet dynamic and flexible database with adapted evaluation
tools. Thus, a variety of software operations, device control, and data processing
techniques are combined with high-temperature material handling, process
monitoring, and high-throughput experimentation. Due to this complexity, the overall
workflow rests on a jointly accepted ontology embedding the required terminology,
semantic relations, and data formats. Further, with the advent of agentic Al systems,
large language models (LLMs) have become highly promising tools for HITL
workflows. LLMs facilitate agent-human interfaces, output curation, interactions with
the underlying semantic web, and loop interventions based on evaluation metrics or
key performance indicators and thus allow this indispensable human knowledge and
experience to be gradually absorbed, automated, and refined.

In this pursuit, an ontology-based interlaboratory digital infrastructure was conceived
and set up as the starting point for an autonomous glass discovery (AGD) system.
The AGD workflow integrates ML-based data mining and modeling tools, an
autonomous robotic glass melting system with inline sensing capabilities for process
intervention and optimization, as well as high-throughput sample analysis tools. It

provides a physical base for generating continuously expandable databases and
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evolutionary tools for glass property and process predictions and their physical
optimization. Here, we present this overall concept, together with first experiences
and use case examples, current capabilities and remaining challenges towards a fully

autonomous glass discovery system.

2. Autonomous glass discovery

2.1 Autonomous laboratory workflow

Figure 1 1 illustrates the complexity behind a potentially autonomous glass discovery
system. Typical to current glass development, the first step of developing a new or
adapted glass formulation is data mining for compositions that will meet, as close as
possible, a desired profile of properties.

Once first ideas about a promising range of compositions have emerged, this range
can be narrowed down through modeling. In the most pragmatic and widely
employed approach, this is wusually done through data interpolation using
multidimensional regressors, particularly when operating in densely populated
regions of the underlying database %', Alternatively, classical thermodynamic
estimations can be employed, using tabulated thermodynamic data instead of glass
property databases.*® Depending on data scarcity, fidelity, and consistency, more
elaborate ML models, atomistic simulations, or combinations thereof have become
available.?®?! Aside from the target properties of the final glass, this consideration
usually takes into account parameters that are also relevant for melt processing,

such as liquidus or glass transition temperatures, melting ranges, and viscosity.
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Figure 1. Schematic representation of an autonomous workflow for glass
development. The loop includes data mining and property simulation for (initial) batch
chemical formulation, robotic batching, melting, and sample handling supported by
process simulations and digital twinning for predicting optimal physical processing
parameters, and high-throughput analyses of basic physical and chemical properties,
guiding subsequent loops or even initiating new scientific studies. The workflow is
ontology-based and operated using agentic HITL LLMs.

In a typical use case situation, property predictions need to be backed up by physical
testing, in particular when extrapolations of the available data space are used for
predictions. To this end, we established a novel robotic glass melting system, which
provides glass samples suitable for scientific study and qualification, similar to the
common laboratory practices, e.g., for mechanical testing. To increase its capacity
and stability in autonomous operation, the system is equipped with tools for
autonomous inline sensing and process intervention, for example, regarding melt
foaming and crucible overflow or inline castability “? and viscosity analysis 3. Finally,
iteratively trained process simulations using finite element and multiphysical
modeling are intended as digital twins, reducing experimental load. They replace, for
instance, the laborious trial-and-error experiments when determining appropriate melt
casting parameters.

The final objective of the autonomous HITL system is to provide consistent physical
and processing data together with glass samples for further scientific study,
qualification and archiving. The system therefore involves downstream glass
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analyses tools. These serve both for providing process feedback (e.g., chemical
analysis, homogeneity analysis) and for facilitating the autonomous search for
composition-structure-property relations used in turn for input optimization in
subsequent process iterations.

HITL implementation is facilitated through large language models (LLMs) providing
intuitive, natural language-based access to the implemented web-based applications,
databases, process monitoring and intervention tools, and front-end functionality of
the overall system. For back-end functionality, these LLM agents are based on an
overarching (glass) ontology embedding semantic relations and data formats 24,
whereby the LLM itself could contribute in turn to refining and extending the
ontological backbone !,

In the following sections, we will describe the different stages of the loop drawn in
Figure 1 and discuss in detail their importance and interdependence across the AGD
workflow. For this discussion, we will showcase examples taken from the re-ported
interlaboratory infrastructure to highlight what has currently been accomplished and

where challenges persist towards a fully automated glass laboratory.

2.2 LLM Agents

LLMs have revolutionized several aspects of materials discovery, including
information extraction from the literature, in silico materials selection, materials
generation, and synthesizability predictions. More recently, LLM-based agents have
shown promise as planners toward autonomous and self-driving laboratories.*?"!
This approach typically involves a framework of LLM-based agents and tools, which
work in conjunction with a master LLM guiding the workflow with or without HITL.
Specifically, user queries are converted into sequences of actionable steps, which
are then routed to respective agents and tools. While such applications have been a
major focus of the research community, combining LLMs with self-driving laboratories
can yield several additional benefits that are often overlooked. These include: (i)
standardized documentation of the synthesis and characterization procedures, (ii)
optimization of the operating parameters, and (iii) from a fundamental standpoint,
potentially discovering a causal interaction in the composition—structure—processing—
property tetrahedron. Here, we posit that the self-driving glass laboratory empowered
with LLM agents can provide a fillip to glass science by converting user queries to

actionable experiments, information extraction and in silico glass design, design of
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experiments, as well as automated or even high-throughput synthesis,
characterization, and documentation routines.

An LLM-driven self-driving glass laboratory can address some key challenges in the
field of glass science. Consider a practical application where a user queries for a
silicate glass composition for the development of glass fibers. Here, the backbone
model takes the query and identifies the key agents and tools that are required for
the development task. Specifically, the user query is passed on to a data agent,
which mines literature and databases to identify the preferred ranges of properties for
a glass fiber. Following this, the LLM agent interacts with the surrogate model tool to
identify the optimized glass composition. The optimized glass compositions are
passed to the experimental module, which conducts physical glass synthesis (using a
robotic infrastructure).

Glasses, being non-equilibrium materials, exhibit varying properties depending on
their synthesis and testing conditions. While large glass datasets such as SciGlass
and INTERGLAD are available, these datasets do not provide detailed processing
and testing conditions. Here, the LLM documents the exact protocol used to prepare
the glass along with the compositions and properties in an automated, ontology-
backed manner. All information is finally added to the internal database, including
information on automated optimization procedures conducted while executing the
primary task, for example, of heating and cooling rates, mixing conditions, and
avoidance of melt foaming. To this end, inline video observation and image
processing tools are used along with LLM agents to optimize and plan the synthesis
protocol. This includes several decision-making steps en route to glass synthesis.
These decisions could be completely made by the LLM agents (e.g., emergency shut
down) or could also be made by HITL machine learning (e.g., switching raw material
feedstock).

2.3 Backbone ontology

The LLM agents, as well as all the data handled or gained from the automated and
robotic workflows sketched in Figure 1, need to be built on a machine-readable
concept of knowledge representation (KR). Such a concept allows for structuring the
data in a digital format that can be used for autonomous reasoning, learning, and
decision-making, but also remains easily understandable by human experts.?

Common KR methods are, e.g., knowledge graphs or ontologies.
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In the present case, the GlasDigital ontology (GDO)®?® was developed, providing all
the terminology and semantic relations necessary for the complex flow of information
during glass development (Figure 2, lower part). A detailed description of the GDO is
provided in Ref. 24,

Since this flow of information also involves interlaboratory data exchange and web-
based application tools, the GDO and the glass data space built on it must be jointly
accepted and must fit into higher-level ontologies and data formats of the semantic
web B°34 which currently extends the World Wide Web (WWW) with context-related
machine-readable semantic descriptions of stored information ®3. The GDO is
therefore linked to the PMD Core Ontology (PMDco) B*34 which was developed
within the MaterialDigital initiative ® to cover the field of materials science and
engineering in a more general way (Figure 2, middle part).

As a mid-level or domain ontology, PMDco, in turn, is linked to top-level ontologies, in
particular, the Basic Formal Ontology (BFO) B¢, which was developed for promoting
interoperability among different domain ontologies. Such domain ontologies are
widely used in materials science to describe experiments, processes, material

properties, as well as experimental and computational workflows.?”!
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Figure 2. Simplified scheme of the backbone ontology for automated glass
development. The GlasDigital ontology (GDO) ?*?? provides the required specific
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terminology and semantic relations essential for the complex flow of information ©. It
is linked to higher-level ontologies like the PMD Core Ontology (PMDco) B4 and the
top-level ontology Basic Formal Ontology (BFO) . Arrows represent semantic
relationships: unlabeled arrows denote rdfs:SubClassOf, while dashed arrows denote
relationships with multiple intermediate steps that are not shown here. Box prefixes,
such as pmd: symbolize the current curation of an ontology entity, which may change
with ongoing refinements.

2.4 Data space and data mining

Based on this backbone ontology, an expandable glass data space was created, in
which the incorporation of terminology and semantics from other fields of materials
science and engineering facilitates inter-domain operations. An open-access version
of the glass data space is provided through the platform SciGlass Next.!"?* This
platform is based on glass property data of about 422,000 glasses extracted from the
open-access SciGlass database .. In addition, SciGlass Next provides tools for glass
data mining and the tabular and graphical representation of the data, for example,
from patent literature. A frontend HITL interface allows for intuitive data

representation (Figure 3).
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Figure 3. Glass dataspace frontend functionality. A screenshot illustrating the search
for density data in the system Na.O-B,Os-SiO- is shown by way of example, using
SciGlass Next.'? The data source of each data point can be displayed by intuitive
selection.

The glass data space used for initial protocol development and testing also includes

high-throughput glass synthesis and property data measured in the commercially
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relevant system Na,O-B,0s;-SiO, (NBS) and corresponding data taken from the
commercial database INTERGLAD " (with ~ 800 individual datapoints). The
semantic knowledge base is built in the OntoDocker app provided by the
MaterialDigital platform 8. Application Programming Interfaces (APIs) and Graphical
User Interfaces (GUIs) allow data upload, deletion, and user authorization with the
open-source software Keycloak B9, Additionally, a patent data mining tool is
implemented.?*4% This ontology-based tool can extract patent information from tables
using PDF files as an input and is based on deep-learning techniques, statistical
analysis, and background knowledge.*” Further, information from the literature could
be mined to extend and automatically update the database.""

As raw data are often produced in different formats, they must be converted
(“wrapped”) into a canonical JSON format before being mapped into the Resource
Description Framework (RDF). This framework, standardized by the World Wide Web
Consortium (W3C) BY, represents any data in semantic triples (subject, predicate,
object) and enables data linkage to the glass ontology 4.

Interfaces to other existing databases (commercial as well as non-commercial) can
be implemented to further extend the glass data space via protected access. The
knowledge stored in the glass data space is thus safely stored in standardized
formats, easily accessible, continuously expanded, and updated to ensure
compliance with the FAIR principles (Findability, Accessibility, Interoperability,
Reusability).*243!

2.5 ML-Driven Glass Property Prediction

On mid-term and, as a prerequisite, upon availability of sufficiently large and
consistent datasets, (autonomous) physical experimentation is to be minimized in
terms of laboratory time and resource costs. For this purpose, in silico tools for auto-
optimization are implemented at various stages of the overall workflow. Upstream
optimization relates to the initial formulation of a desired glass (and batch) chemical
composition, which is done through predictive modelling.

Due to the enormous variety of possible glass compositions ¥ and target property
profiles, statistical glass property modeling based on large glass databases has
always played a major role in glass development.®®4-54 Although these classical
models often provide simple linear or polynomial interpolations, they have proven to

be successful in the range of well-investigated glass compositions ™. Contemporary
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ML-based models have advanced classical regression techniques further to reveal
hidden composition-structure-property correlations.*!>13151655581 Eor example, the
GlassNet model ™ has been established for predicting up to 85 glass properties; it
has been implemented in the open-access platform SciGlass Next . While these
models often rely on large datasets, alternative techniques such as multivariate
Gaussian process regression have also been proposed for property and process
predictions using smaller but highly consistent datasets.!**¢

One important aspect of ML-based modeling is the careful selection and pre-
processing of model input parameters (descriptors).®™ This selection must carefully
weigh data availability versus consistency for fast data processing on the one hand
and the inclusion of basic physical and chemical knowledge on the other. A widely
used descriptor in classical property modeling is the glass composition, which is
usually given in molar or weight fractions of oxides (such as SiO,) instead of atom
fractions.*®! However, it was found that other referencing techniques, such as using
approximations of constituting complex mineral phases ® or genomes obtained from
matrix rotation 3 could yield more powerful descriptors for linear property
correlations. As a downside, such (empirical) descriptors are highly dependent on the
underlying data set, its scarcity, and spatial coverage.

In order to obtain a more general framework for implementation with the AGD
workflow, density functional theory (DFT) was used to calculate a basic set of
properties for crystalline phases corresponding to the end member compounds of
ternary glass-forming diagrams. This property set, including, for instance, atomization
energy, Young’s modulus, and Poisson’s ratio, was combined with glass
composition, atomic radii, and atomic weight data to constitute the descriptor set for
ML modeling ?%. DFT-derived descriptors were used to evaluate the performance of
ML models trained on two datasets: one comprising 315 oxide, chalcogenide, and
metallic glasses with associated measurement data ¥, and an open-source dataset
based on the SciGlass database . For property predictions on the large-scale
SciGlass dataset, DFT-derived descriptors matched the accuracy of purely
composition-based descriptors while reducing input dimensionality. For the smaller
dataset of 315 glasses, the use of DFT-derived descriptors improved the predictive
performance of the ML models.

On a second layer, molecular dynamics (MD) simulation is employed to generate a

consistent dataset as the descriptor set for training ML models. Simulations for the
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Na,0O — AlLO; — B,0O; — SiO, (NABS) system were performed to calculate glass
density and mechanical properties, with compositions varied in intervals of 2.5 mol%
for each glass constituent. The ML models were trained using compositional data as
input and the aforementioned properties as targets. As illustrated in Figure 4 for one
of the considered ML algorithms, the random forest (RF), predictions from the ML
model trained solely on simulation data show good agreement with our
measurements for the xNa,O - (74-x)B,0O; — 26SiO, glass series, while also
capturing non-linear composition-property behaviors (e.g. boron anomaly or mixed-

alkaline effects).
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Figure 4. Comparison of glass density predictions for xNa,O - (74-x)B,03 - 26SiO,
from a random forest (RF) ML model trained on molecular dynamics (MD) simulation
data. The line, the shaded area, and the gray circles respectively represent predicted
RF data, their standard deviation, and experimental measurements.

2.6 Robotic glass melting

Once a set of promising glass compositions has been narrowed down, high-
throughput glass melting systems may provide a rapid physical validation of
predicted properties and process optimization pathways, with results and process
observations being fed back in real time for database extension and model evolution.
Robotic handling hereby eliminates various drawbacks of manual laboratory glass
melting: it can be conducted independently of laboratory working hours, can be
generally less time-consuming, reduce laboratory costs (mostly by liberating the
workforce), and improve laboratory safety. More importantly, it provides a level of

data density, consistency, and reproducibility not typically available in manual
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handling. A standing issue of human expert operations, process data documentation
and disclosure, is typically unsatisfactory in glass development 4%l Robotic glass
melting systems, however, provide comprehensive, machine-readable data for each
individual step of material handling, from batching to mixing, crucible forwarding, and
final casting. In addition, and depending on installed sensing capabilities, continuous
process monitoring and the preservation of process parameters and transient
observations are possible. As robots can mimic human handling (Figure 5), they can
thereby fully apply process steps optimized in decades of human laboratory practice.
Robotic glass melting systems can thus gradually adopt and parameterize human
experience that, while frequently overlooked or not shared, plays a critical role in

ensuring quality and reproducibility of glass synthesis.

Figure 5. Human versus robotic handling of laboratory glass melting. As the robotic
system mimics human operations, it ensures seamless documentation and
reproducibility.

A schematic overview of the modular robotic glass melting system is depicted in
Figure 6. In principle, it mimics established manual glass melting practices ©¢¢"l. The
system covers all aspects of laboratory glass melting practices including batch
weighing, mixing, melting, batch refilling, casting, and individual sample cooling.
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Figure 6. Scheme of a robotic glass melting system 5671 [ eft: batch dosing station
with four large and ten small raw material reservoirs above a batch container (gray)
placed on a precision balance (bottom). The four outer-left batch containers are
equipped with vibrating gutters allowing the use of coarse-grained raw materials,
such as glass cullets. Center background: three melting furnaces. Right: six cooling
furnaces and the multi-axis positioning system for cast glass blocks. Center
foreground: parking positions for crucibles, batch cups, lids, and cooled glass
samples. See Figure 7 for details.

The top image of Figure 7 depicts an overview of the center part of the system, which
is grouped around the robot. Figure 7b shows the lower part of the batch dosing
station with a series of raw material reservoirs, feeding pipes, and a batch container
(dark gray) placed on a precision balance. The batch is homogenized by robotic
shaking of the batch container (Figure 7c). Figure 7d shows the robot picking up a
crucible from the just opened vertical lift of a melting furnace. Figure 7e illustrates a
refill step of new batch material into a hot crucible already containing glass melt. The
melt casting station shown in Figure 7f allows casting onto steel molds while the melt
is held in shape by removable graphite jaws. It is also equipped with a cutter and a
steel stamp (Figure 7g). As the final step, the sample is placed into one of six cooling
furnaces and exposed to their individually programmed cooling regime by a separate
positioning system (Figure 7h).
16



Figure 7. Overview (a) and details of the robotic glass melting system sketched in
Figure 6. (b) batch dosing, (c) batch homogenization, (d) melt furnace loading, (e)
batch refill, (f) casting, (g) hot glass block after casting, (h) cooling furnace loading by
the gripper of a separate positioning system.

The entire process is automatically documented at every step. For example, during
any batch refill step, process parameters such as the batch refill time, the weight of
the added batch, the total weight of the refilled crucible (to detect weight losses
during melting), the furnace temperature evolution after reloading, and video
observation files of melting or casting. Aside from this immediate process description,
the documentation also includes robotic motion program data as well as targeted
process parameters, such as the nominal glass composition or target melting
temperatures. To predict viscosity-related process parameters, the multitask deep
neural network-based simulation package GlassPy ! s implemented to the
frontend software of the robotic melting system [©¢l,

All process data are continuously stored in a time-stamped JSON-Lines text format.
To include them in the semantic glass data space, they are converted into RDF file

formats according to Ref. 4. The system thus logs and codifies even subconscious
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process expertise (including initial process design steps), as well as human

intervention, thus building up an ever-growing expert knowledge over time.

2.7 Inline Sensing, Autonomous Intervention and Process Optimization

Process monitoring and operation safety require AGD systems with inline sensing
and autonomous intervention capabilities. For example, these need to detect and
react on situations of incomplete batch melting, batch foaming and crucible spillover,
inefficient casting, critical temperature overshoots or mechanical failure. Autonomous
intervention capabilities also increase the system capacity as they may reduce
restrictive safety measures, such as overly segmented batch refilling, which results in
more batch refill steps than necessary to prevent crucible spillovers. Furthermore,
they provide the system with in-depth process data for subsequent use in
autonomous or HITL optimization protocols. While the range of possible sensing
facilities is vast, the following three essential tools are implemented within the current
AGD workflow.

2.7.1 Autonomous detection of melting progress

Melting glasses from batches of raw materials involves a complex series of partially
overlapping reaction stages. These include solid, liquid, and gaseous phases, partial
melting, foaming, and buoyancy of residual bubbles before the final melt is suitable
for casting into glass specimens.

To this end, the melting furnaces of the robotic melting system have been equipped
with monitoring cameras. Although these cameras are placed outside the furnace,
small-aperture angle objectives allow the observation of the melt inside the furnace
through a narrow corundum tube in the furnace ceiling. Figure 8 presents images of
different melt stages of a sodium borosilicate glass (NBS), in this case, providing a

top view of the batch/melt surface.

Class: granules

Figure 8. In situ observation of batch melting at 1323 K. Real-time video data is used
to identify different stages of melting, in this case of a sodium borosilicate glass
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(27Na.O - 47B,0s; - 26SiO, mol%). Left: batch solid-state reactions; center: batch
melting and foaming; right: melt fining and homogenization. The scale bar applies to
all images. The field of view is limited by the corundum observation tube that passes
through the furnace ceiling.

To optimize the melting duration, the images of the melt are analyzed by real-time
image recognition using an ML-based open-source routine (ResNet34 ©¥). This deep
residual network of 34 layers was trained on 65,307 video frames per melt stage to
recognize and successfully distinguish between the solid-state batch reaction stage,
the batch melting and foaming stage, and the melt fining and homogenization stage
(Figure 8) . Although this analysis is often difficult even for human observers, the
large training set enabled a prediction reliability of ~ 90 % when tested for various
Na.O - AlLO; - B;O; - SiO, (NABS) and Na.O - CaO - SiO, glasses. Most
importantly, the process serves to predict completion of the melting and foaming
stages. In this way, it serves to optimize the batch-free time (clear melt stage is
reached) as it, e.g., predicts the earliest possible moment for batch refilling. Finally, it

detects possible overflow or spilling situations, triggering process termination.

2.7.2 Viscosity monitoring

Knowledge of melting viscosity is essential for AGD workflows. When recorded inline,
it provides a powerful parameter for adapting subsequent stages of melt fining,
homogenization and casting. Furthermore, the viscosity-temperature relation serves
as a fundamental property and design target of glass chemical formulations.

In the first application, a rapid method was implemented to evaluate the castability of
glass-forming melts in real time, based on indirect viscosity observations #?. This
method uses image analysis of the melt surface analogous to stage predictions
(Figure 8), but after being subjected to a mechanical impulse. This impulse causes
the melt surface to jiggle slightly, leading to dissimilarity between two subsequent
video frames. The degree of image dissimilarity serves as a measure of viscosity,
defining a threshold for experimental castability. In this way the AGD system is able
to autonomously infer the readiness of the melt to be cast into glass specimens and
to possibly interfere, for example, by increasing the furnace temperature.

While this approach provides a rapid, but qualitative decision point, quantitative
viscosity analysis is required for more complex processing and optimization protocols
(such as adapted casting). For this, a real time viscosity measurement method has
been developed capable of extracting quantitative viscosity data from similar video
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observations of the melt surface . In this case, a more defined mechanical
stimulation is required, achieved by gently moving the crucible back and forth using a
robot arm. The recorded image series is immediately analyzed with high precision,
expressing the degree of surface deflection (by melt jiggling) as the scalar, time-
dependent dissimilarity of an image frame relative to the first image of the video im-
age series (Figure 9). To conclude on viscosity, such sequences are compared to
interface profile dissimilarity sequences pre-calculated from a digital twin simulated

by Finite Element Method (FEM) (Figure 9, right) for different viscosities.
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Figure 9. Left: Sequence of the image gray value distribution dissimilarity to the initial
frame and some example images of the processed video. The mechanical
stimulation starts at 1.57 s. The filled cyan curve results from analyzing the full image
and is dominated by the crucible motion. The red curve results from analyzing the red
box only, which is fixed to the crucible position and thus dominated by the melt
deflection. Right: To conclude on viscosity, height distribution dissimilarity sequences
are calculated from an FEM model replicating the experiment for different viscosity
values. (Reproduced with permission from Ref. 2%, 2025, Adv.Intell.Syst.)

This method was successfully tested on water (o ~ 102 Pa s) and a glass melt (o ~
5 Pa s), covering viscosities over four orders of magnitude. As the reference interface
profile dissimilarity sequences expected for different viscosities are calculated
beforehand, this method provides a real time inline viscosity measurement at low

computational cost that mimics the human intuitive perception of liquid flow. !

2.7.3 Casting process

Once the final melting stage is reached and the decision is made to cast the glass,
further optimization is required. Due to non-homogeneous cooling or chemical
evaporation, melt casting can result in complex patterns of spatial stress, density, or
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compositional fluctuations within the final glass specimen. For adequate and
reproducible characterizations or scientific studies, however, homogeneous materials
are required.

Casting is typically done within a well-defined viscosity range (log (n-(Pa-s)™*) =2 - 4
49, whereby the final material homogeneity (or, e.g., the occurrence of optical
striae) depends on the casting methodology: angles, motions, and speeds. For the
robotic AGD system, the entire casting process must be coded beforehand. For this,
the model-free, intuitive human know-how must be taught to the robotic system,
which we accomplish through a digital twin. We use a Finite Element (FE) simulation
in COMSOL to solve fully coupled equations from the Navier-Stokes equation for the
fluid fields of air and the glass melt, thermal transport equations for the temperature
field, and an auxiliary set of the phase field equations for tracking the interface of the
air-glass melt. In this, the fluid field follows a simplified Navier-Stokes equation which
assumes incompressibility and constant density. An effective buoyancy force term
(Boussinesq approximation ) contributing to convective flow of the hot air is
introduced by thermal expansion and local temperature differences. The employed
phase field equations follow the same form used for viscosity referencing ¥,
determining the mixed fluid density based on their volume fraction average. For
viscosity, a smoothed Heaviside step function is used to interpolate the transition
between the interfaces. From this model, digital images for the physical casting
process are generated, compared to video observations of one reference
experiment, and refined to match this experiment through iterative referencing. The
result is a refined digital twin mimicking the respective experimental conditions
(crucible geometry, mold shape), on which optimization tasks can then be performed
in silico, that is, without the need for extensive casting experiments. Instead, the
robot motions are finally coded according to the optimized casting procedure found in

silico.
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Figure 10. Finite Element simulation of casting a 12.5Na,O — 62.5B,0; — 25SiO;
glass melt initially at 1200 °C in air at 20 °C. Left: Plots the volume fraction of the
glass melt in dark blue att = 0, 0.2 and 2.0 seconds. The three rows describe the
procedure of the glass melting from staying in the crucible to being cast into the
mold. Middle and right are the corresponding temperature and viscosity fields.

2.8 High-Throughput Analytics

The progress in glass formulation and synthesis achieved along the loop sketched in
Figure 1 would be pointless if it is not supplemented with high-throughput (HT)
characterization methods.

The most often automated methods are, understandably, those with the largest
commercial distribution due to their wide range of applications, that can even extend
to other types of materials. Thus, many of today’s X-ray fluorescence (XRF) and
differential scanning calorimetry (DSC) analyzers offer automated sampling
capabilities. For instance, the XRF system currently available for the robotic melting
system shown in Figure 6 and Figure 7 takes 10 minutes to analyze 5 elements. In
this way, 60 glass samples can be characterized with respect to 5 components a day
without compromising accuracy.

A similarly favorable situation is given for modern DSC systems. The DSC analyzer
in use, for instance, is equipped with an automatic supply system, which can handle
30 samples. Although DSC measurements of common oxide glasses take a long
time (up to 6 h due to the limited heating and cooling rates required, e.g., for T,

measurements) and must cover a wide temperature range (e.g., for crystal melting
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temperature detection), the DSC supply system allows the autonomous

measurement of at least 4 samples a day, again, without compromising accuracy.
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Figure 11. Left: DSC curves of 16 xNa,O - (74-x)B,Os; - 26SiO, glasses. The red,
blue, and green arrows indicate glass transition, crystallization, and crystal melting
temperatures, respectively. Upper right: glass transition temperature, T4, versus the
Na,O content, x. Lower right: Detail view of the DSC supply system.

Figure 11 exemplifies the possible benefits provided by the combination of robotic
glass synthesis and automated DSC for a NBS glass series containing 26 mol% SiO.
screened in composition steps of 2.5 mol %. This fine-grained analysis illustrates the
enormous relief in DSC peak assignment when it comes, for instance, to detect T, or
to decide whether a peak shifts or gradually disappears to be replaced by another
one. The glass data space can thus be largely refined, allowing for better recognition

of trends, gradients, or local extrema (Figure 12).
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Figure 12. Level surface representation of glass transition temperature data, T,, for
sodium borosilicate glasses (< 1 mol % of other oxides). Small spheres: taken from
SciGlass Next " (published before 2017) and INTERGLAD ™ (published between
2015 and 2023). Large spheres: measured on glass series melted by the robotic
melting system.

Another important aspect of HT analytics is automated data analysis. This problem
not only holds for the partially automated DSC measurements mentioned above, but
it is also challenging for optical spectra evaluation. For example, modern confocal
Raman microscopes do not require much more than a few minutes for recording a
spectrum. Peak assignments, however, can be much more time consuming. To
overcome this bottleneck, an automated Python-based band assignment tool was
developed. The thus provided data processing involves cosmic ray removal, spectra
normalization, baseline correction, smoothing, and band assignments. A section of
these spectra can be seen in Figure 13, which shows [BO;]° and [BO,] bands at 805
and 770 cm™ in the xNa,O — (74-x)B,0; — 26SiO; glass series, respectively "2, The
tool also returns special spectral features within a few seconds, such as the

integrated peak area.
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Figure 13. Left: Raman spectra of xNa.O - (74-x)B.0O; — 26SiO, glasses showing the
bands between 715 and 865 cm™ characterizing positions of [BOs]° groups and [BO4]
bands at 805 and 770 cm™, respectively. Right: Autonomously calculated integrated
peak area versus increasing sodium content.

3. Gaps, challenges, perspectives

Despite the significant progress illustrated above, gaps and challenges persist at
almost any stage of the AGD loop sketched in Figure 1. Although it already combines
robotic tools and high-temperature experimental hardware with a digital backbone
and agentic LLM interfaces, many bottlenecks remain as the advent of autonomous
laboratories just starts to extend to faciliies as complex as experimental glass

melting.

Ontology

A central remaining challenge is the further development, maintenance, and
governance of the glass ontology. Although the current GlasDigital ontology already
covers core concepts of glass composition, processing, and property evaluation, it
remains only the first layer of what must eventually become a comprehensive
semantic framework for AGD. Future extensions need to encompass a far broader
spectrum of sample types (e.g., blocks, frits, powders, compacts, and fibers),
processing steps (e.g., crystallization, crushing, grinding, and thermal history
descriptors), and specialized terminology, including mineralogical nomenclature,
industrial product definitions, and technical standards.

Furthermore, emerging requirements in quality control, sustainability, and
environmental data reporting demand additional semantic categories, such as CO.

footprint descriptors, energy consumption metrics, or recycling histories ™. The
25



ontology must also support cross-domain linking to external ontologies (e.qg.,
microscopy, simulation workflows, spectroscopic methods) to ensure semantic
interoperability in more complex HITL laboratory environments.

Achieving this requires long-term collaboration with international domain experts,
both for terminology harmonization and for the adoption of best practices in metadata
structuring. Ontologies are, by nature, never *“finished”; continuous curation,
community-driven refinement, and IT support for versioning and quality assurance
are indispensable.

Finally, long-term sustainability depends on institutional anchoring: formal
authorization by professional societies, international standardization bodies, or
industry associations would secure long-term acceptance and encourage broader
community participation. Such an endorsed ontology would also foster cross-platform
interoperability, making semantic searches, data mining algorithms, and Al-assisted

workflows far more powerful and reliable.

Data space and modeling

The glass data space, despite significant progress that has been reached, still faces
several critical challenges. One of the most urgent is data security, data provenance,
and trust. For autonomous workflows to function reliably, researchers and industry
partners must be confident that uploaded data remain secure, properly versioned,
and attributable to validated sources. Clear incentives for contributing new high-
quality data are necessary: this may include recognition mechanisms, controlled-
access layers for sensitive industrial data, or automated quality scoring and reward
schemes.

Another limitation is the heterogeneity of raw data formats. True interoperability
requires data providers — including instrument manufacturers — to output primary data
directly in canonical, ontology-compliant formats like JSON. Standardization efforts
must therefore extend beyond the academic sector and include cooperation with
instrument and software vendors. Committee work at national and international levels
will be important for promoting such standards.

The data space must also grow in property diversity. Many essential glass properties
(e.g., long-term durability, optical functionality, mechanical behavior under extreme
conditions) are scarcely represented in existing datasets. Closing these gaps
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requires coordinated experimental campaigns and interlaboratory cooperation, such
as the PyGGi initiative, allowing systematic generation of new high-quality data.

On the modeling side, the current generation of ML models still faces significant
challenges related to data sparsity, uneven property coverage, experimental
uncertainties, and limited representation of processing metadata. To address these
issues, future models must integrate multi-fidelity data, uncertainty quantification, and
hybrid descriptors merging physical theory, simulation output, and statistical patterns.
Combining LLM agents with structured descriptors and automated simulation
pipelines could enable self-updating surrogate models, continuously refined as new
data are ingested.

Ultimately, a mature glass data space should support fully closed-loop AGD
workflows, where synthesis, characterization, modeling, ontology reasoning, and Al
planning operate coherently. Achieving this requires not only more data but also
better data, produced under standardized conditions, annotated with machine-

readable metadata, semantically mapped, and continuously validated.

HT sample synthesis, Inline sensing, Autonomous intervention

Due to the unlimited variety of possible glass compositions and property profiles,
AGD places enormous demands on the reliability and capacity of HT melting
systems. In this sense, the here reported stage presents only a first step. However,
the integration of the system into future research will also diversify possible
applications and use cases. Routine use of the system will steadily increase process
reliability and melting capacity. The modular design of the robot-assisted melting
system facilitates the integration of new system components, such as inductively
heated furnaces, melting stirrers, or protective atmosphere systems for high-
temperature furnaces. This will gradually expand the technical capabilities and
backbone data space available to the system, e.g., for handling previously unknown
raw materials, cullets, compositions, application temperatures, atmospheres, etc.
Although most urgently needed for autonomous glass melting systems, most of the
semi-automated or autonomous workflows described in the previous section are also
valuable in their own right and offer no less important secondary benefits. For
example, ML-based optical recognition of different melting stages can be easily
applied to any laboratory glass melting furnace to study the kinetics of batch

reactions, foaming, and fining kinetics. Other integrated workflows, such as those for
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predicting casting viscosity using open-source simulation packages or workflows for
optical inline verification of castability, can also be used independently for process
optimization. It is also possible to use the developed digital glass twin to model
processing steps in industry and research laboratories. All these tools are also
suitable for the development of modified automatic glass synthesis systems for
industrial applications. The usual restriction of composition and target range

properties is an encouraging advantage here.

HT Analytics

For many glass properties, high-throughput analysis still remains difficult without
compromising accuracy. For example, Archimedean buoyancy and pycnometry
density measurements may require careful temperature equalization steps and the
placement of different hydrophilic glass samples in different measuring media. This
might explain why such existing systems are not yet operable by robots. As an
alternative, optical 3D scanners enable measurements within milliseconds and can
be easily integrated into automated systems. Such measurement methods are
increasingly widespread and standardized (e.g., VDI/VDE 2634) but are still less
accurate than conventional methods. This example illustrates that accuracy,
capacity, and cost often have to be weighed against each other.

HT analysis of properties that require complex sample preparation, such as
mechanical properties, is another challenge in itself. Such tools must not only match
the potential capacity of autonomous melting and analysis systems. Automated
sample preparation would also offer much greater reliability and consistency in
collaboration between laboratories. Nevertheless, this aspect is very demanding, as
many such workflows are still predominantly manual and, at best, partially
automated. The thermo-optical measurement concept (TOM) might be helpful to get
such information automatically ®®. Autonomous robot-assisted polishing systems
must therefore incorporate very specific, long-standing human experience, and
should be developed separately. This human experience must then be integrated into
the GlasDigital Ontology based on clearly defined and quantized inline sensor

technology.

4. Conclusion
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In this paper, we report an encompassing approach to establish a digital and
technical infrastructure for autonomous glass discovery. This infrastructure supports
workflows for every aspect of glass development, interweaving a broad web-based
glass data space, powerful ML tools for data mining, property prediction, and process
simulation with a novel robotic glass melting system.

The close interplay of all these most diverse workflows, the often necessary cross-
laboratory collaboration, and the integration of numerous web-based tools require all
data exchange to be based on a rigorous, machine-readable workflow ontology. The
GlasDigital Ontology, developed for this purpose, provides the required glass-specific
terminology and semantic relations and is interlinked with other ontologies for
different classes of materials. As part of an open access platform, graphical user
interfaces provide access to data sets of about 422,000 glasses, ML glass property
prediction and graphical data presentation tools, as well as routines for querying
patent data.

To ensure a high reliability and performance of the robotic melting system, novel
inline sensing and semi-autonomous intervention tools were developed and tested.
Based on optical observation techniques using ML image analysis, these tools
optimize melting duration, prevent crucible over-foamings, or estimate the most
suitable casting temperature and motion sequence. Although primarily developed for
autonomous glass melting systems, all these tools are valuable on their own. For
instance, the optical recognition of different melting stages can be easily applied to
any laboratory furnace. Similarly, the developed glass twin and the new approach to
measure viscosity within seconds — e.g., right before casting — are broadly applicable
in glass research and industry. Furthermore, the workflows currently being developed
to incorporate glass cullet as a substitute raw material open up exciting prospects for
integrating the entire life cycle of glass products into future glass development.
Despite this measurable progress, however, significant challenges remain, for
instance, with respect to the in situ and post-synthetic automated inline glass
characterization, automated sample preparation, and the further expansion of the
glass ontology. In all these areas, the gradual incorporation of long-year human

experiences is a central ongoing challenge.

5. Technical details and methods

5.1 Robotic glass melting system
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The automated robot-assisted glass melting system shown in section 2.6 (Figure 6
and Figure 7) is equipped with a six-axis robot (Staubli TX2-60L), two balances
(Sartorius, Germany) and different workplaces with storage areas for crucibles or
batch containers, a dosing station, three melting furnaces (Nabertherm, Germany), a
casting and quenching station, and six cooling furnaces (Nabertherm, Germany). The
dosing station allows for melting glasses from up to 14 different raw materials with
grain sizes < 0.5 mm and a weighing accuracy of < 0.02 g. This system enables the
parallel melting of three glasses in 200 ml crucibles in electrical melting furnaces with
a maximum heating rate of 20 K min* and maximum temperature of 1600 °C.

In situ monitoring of the melts is achieved by commercial cameras (Baumer GmbH,
Friedberg, Germany) that are placed above the melting furnaces. A representative
part of the melt surface is monitored using small aperture angle objectives through a
1 cm wide and 13 cm long corundum tube in the oven ceiling. Images are visualized
with the commercial camera software (Baumer Camera Explorer v3.2) and analyzed
in real-time by the integrated ML tool for melting stage analysis. The casting area is
equipped with a commercial VIS camera (VCXU-15C, Baumer GmbH, Friedberg,
Germany) and an IR camera (Vario-CAM®HDX, Infra Tec, Dresden, Germany) to
observe the casting viscosity and cooling of the glass block. Depending on the glass
melt volume and processing parameters, up to 20 glasses can be synthesized within
24 h as blocks, plates, or frits. This enables rapid production of unknown
compositional series in a highly reproducible manner where all process metadata are
automatically stored, and additional melting information can be gained from it. Such
process data sets are rarely described in detail in literature and are often based on

the experience of the operator.

5.2 Glass synthesis

Investigated glasses in the Na,O — B,O; — SiO, system were melted between 1000 —
1550 °C in PtRh10 crucibles with 1 - 3 crucible refilling steps and subsequent 1 h
melting time. The glass blocks were cast in a stainless-steel mold covered with boron

nitride and cooled down in a cooling furnace with 3 K min starting at T, + 50 K.

5.3 Analytical methods
DSC
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For the DSC analysis, a Themys One+ (Setaram KEP Technologies Group, France)
with an autosampler for up to 30 samples was used. 10-20 mg of bulk material was
heated at 10 K min™ up to max. 1423 K in a Pt crucible with 30 ml min™* synthetic air
flow. Spectra of the xNa,O — (74-x)B.O; — 26SiO, glasses were evaluated using the
software CALISTO (Setaram, France) and are shown in Figure 11. For the glass
transition temperature, T, an uncertainty of 2-5 K arises due to manual data

processing.

Compositional analysis

The composition of selected glasses was analyzed by a combination of X-ray
fluorescence spectroscopy (XRF according to DIN 51001:2003-08) and wet chemical
analysis (ICP-OES according to DIN EN ISO 21078-1:2008-04). The latter was used
for the analysis of boron oxide. This resulted in a deviation of the composition of
approximately 1.5 mol% compared to the initial weight. All other glasses were
analyzed only by XRF using a Zetium Ultimate (PANalytical) and the software
OMNIAN (PANalytical).

Raman spectroscopy

Raman measurements were carried out in a measurement range of 8 - 2000 cm™
and a step width D = 1.3 cm™ using a Renishaw confocal Raman microscope model
inViaTM equipped with an Ar* laser (514 nm) and a notch eclipse filter. To obtain the
highest possible quality vibrational spectra with a resolution of 1 cm™, a long

measurement time of approx. 30 min was used in extended measuring mode.
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