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Abstract

Managing small-volume but versatile chemical waste is a persistent safety and green
chemistry challenge. Human error in manual logs often leads to hazardous mixtures,
while existing tracking is unreliable. Although safety data is available, waste com-
position is often not captured at disposal. We propose an autonomous waste man-
agement system using a Digital Twin: a Physical Layer to monitor events, a Digital
Backbone to fuse data, and a Decision Layer for real-time checks and automation.
This system prevents incompatible mixing, creates an audit trail, and optimises re-
sources.

Highlights
* A Digital Twin architecture for autonomous laboratory waste management.
* Real-time sensing and knowledge graphs make disposal traceable.
* Compatibility checks at disposal prevent hazardous mixing.

* Autonomous agents close the loop from observation to action.
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1 Introduction

Chemical waste handling in research laboratories is usually organised as a small set of
predefined collection streams rather than a single disposal point. In European academic
environments this often includes separate containers for non halogenated organic solvents,
halogenated organic solvents, aqueous waste, solid contaminated waste such as wipes,
gloves, sorbents or silica, and dedicated special collections for substances that must be
excluded from general containers, for example heavy metal containing waste, oxidisers,
cyanides, mercury residues, peroxide formers, and pyrophoric or water reactive residues.
These categories are well established, yet correct routing remains difficult in academic
settings because waste streams are high mix and low volume, and they evolve contin-
uously as experiments change. The practical bottleneck is therefore reliable capture of
what is added to which container, when, and in what amount.

This challenge is becoming more consequential as laboratories face a broader shift toward
circularity. Under the European Union’s Green Deal and the Circular Economy Action
Plan, waste is increasingly framed not as an unavoidable byproduct but as a preventable
outcome of how processes are designed.[30] For academic laboratories, the implication
is not simply stricter disposal, but stronger expectations on traceability and data quality
across the chemical lifecycle. Figure 1 summarises the typical segregation workflow and
highlights where a Digital Twin can enforce traceable, safety-checked disposal.
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Figure 1: Schematic of laboratory waste segregation and its digitalisation pathway. Low-
volume, high-diversity residues are routed into dedicated waste streams; a Dig-
ital Twin can link container identity with transfer confirmation to enable trace-
able records, safer handling, and improved resource recovery.

The impetus for change is no longer merely aspirational but is also legally codified. The
emerging Ecodesign for Sustainable Products Regulation, which entered into force in
2024, and the associated Digital Product Passport (DPP) are shifting practice away from
paper-based records and toward interoperable digital documentation.[12, 31] By 2030, the
general “Chemicals” category will require machine-readable digital tracking throughout



the lifecycle.[53] Manual waste logs, which often rely on generic classifications such as
“halogenated solvents”, are fundamentally incompatible with these interoperable digital
ecosystems. Furthermore, the “End of Waste” criteria under REACH (Registration, Eval-
uation, Authorisation and Restriction of Chemicals) impose a strict requirement. That is,
laboratories attempting to recycle solvents must prove, through data, that the recovered
substance is chemically identical to a registered commercial product.[29] Without a reli-

able provenance of what enters each container over time, compliance with the EU’s “zero
pollution” ambition becomes difficult to operationalise.

Beyond compliance, a persistent safety challenge distinguishes academic environments
from their industrial counterparts. Data indicate that researchers in academic laborato-
ries are often more likely to be injured than those in the industrial sector.[48] Structural
factors such as high staff turnover, decentralised safety cultures, and the long tail of di-
verse chemical mixtures contribute to this disparity. Managing these unknowns is also a
financial haemorrhage. The cost of identifying and disposing of a single unlabelled bottle
can be 10 to 50 times that of a known substance.[60] Current manual handling, therefore,
drives conservative disposal practices, for example, lab packing and broad classification,
because the information required for safe segregation is often incomplete or unavailable
at the time of disposal.

While self-driving laboratories have automated synthesis and analysis to accelerate chemi-

cal discovery, waste management remains largely unaddressed within the Lab 4.0 paradigm.[44,
65] The loop of autonomy breaks at the waste reservoir, where disposal remains a manual

and error-prone process. Waste disposal currently indeed limits true 24/7 operation in
self-driving laboratories. When a waste container reaches its capacity, experiments can-

not continue unless a person is present to empty or replace it. This makes full unattended
operation impractical with existing setups.[55]

This article presents a prospective solution to bridge this gap, an autonomous waste man-
agement system based on a Digital Twin concept. We propose a three-layer structure.
The Physical reality layer uses sensors and computer vision to monitor pours, vessels,
and operating conditions. The Digital Backbone integrates a knowledge graph with elec-
tronic laboratory notebooks and related data sources to ensure traceability for regulatory
compliance. The Decision Layer performs real-time compatibility checks, applies rules
and models, and automates logistics actions. By shifting from after-the-fact logging to
verified, real-time recording and decision support at the point of disposal, this system ad-
dresses both the regulatory demands of the Green Deal and the practical safety constraints
of academic laboratories.

2 Digital Twin Architecture

To organise the development of an autonomous waste management system, we propose
a simple and testable three-layer architecture (see Figure 2) consisting of a Physical Re-
ality layer that captures disposal-relevant events through monitoring devices and interac-
tions with chemists/technicians and chemical-waste containers, a Digital Backbone that
harmonises these observations and represents them through an ontology and knowledge
graph while maintaining audit trails, and a Decision & Action layer that uses this digital
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Figure 2: Three-layer Digital Twin architecture for autonomous waste management:
Physical Layer (sensing), Digital Backbone (harmonisation, knowledge graph,
audit trail), and Decision & Action Layer (rules, models, interventions, logis-
tics).

representation to drive separation and safety models, labelling and logistics, and real-time
alerting and intervention.

This layered design supports modular development. Each layer can be implemented and
validated independently while preserving a clear information flow: observe, understand,
log, decide, and act. A thin digital thread connects the layers. This ensures that each
container and event has a persistent identifier, a timestamp, and a user ID, thereby linking
sensor readings, notebook entries, and decision outcomes for compliance and auditing.
Because the architecture is modular, a minimal deployment can start with a simple con-
figuration, for example, a camera, a basic container ID with a database, and a small set of
hard rules. It can then grow iteratively by adding sensors, richer knowledge representa-
tions, and machine-learning-based decision support as data and trust increase.

For example, a user selects an experiment in the electronic laboratory notebook, ap-
proaches a designated (smart-)waste container, and pours. The camera and scale detect
the pour and forward an event with the container ID to the Digital Backbone. The De-
cision Layer checks compatibility and capacity, then either permits and logs the pour or
issues an immediate intervention, such as a warning, a temporary block, label printing, or
pickup scheduling. This illustrates how the digital thread keeps the system auditable and
how small, verifiable actions close the loop.



3 The Physical Layer

The Physical Layer is the foundation for reliable, real-time observation in our Digital
Twin, tasked with detecting events at the waste station, including vessel identity, phase in-
terfaces, liquid levels, and pour events. Given its critical role, this layer needs to integrate
three key elements: (1) the sensing and perception hardware, such as sensors and cam-
eras, (2) the physical infrastructure, such as the canisters, waste containers, and the station
itself, and (3) the human users whose actions such as experimentation, pouring, labelling,
are being monitored. The combination of sensors and actors enables the production of
verifiable, auditable events (“who, when, what, how much’) from these interactions with
minimal user burden.

3.1 Computer vision for vessels and phases

Computer vision is becoming a practical, cost-effective baseline for observing labora-
tory vessels, monitoring material transfer, and distinguishing material phases.[26] In lab-
oratory automation, an effective paradigm is to first detect the geometry of the vessel
("container first") and subsequently analyse its contents. The HeinSight system intro-
duced by Jason E. Hein et al. demonstrates that vessel-geometry detection, combined
with image-based phase analysis, can provide robust feedback for autonomous chemical
operations.[27] Figure 3a,b show the HeinSight3.0 hardware setup and the correspond-
ing vision workflow. Sagi Eppel and co-workers introduced the Vector-LabPics dataset,
which contains over two thousand images of mostly transparent vessels with annotated
filling levels, material phases, labels, and corks, and serves as one such foundation. Mod-
els trained on this dataset achieve high accuracy for vessel detection and separating mate-
rials such as liquids, solids, and foams, though performance drops in complex multiphase
scenes.[28] Even standard webcams with sufficient resolution can provide cost-effective
monitoring, aiding decision-making and supporting phase classification in multiphase sce-
narios (e.g., distinguishing liquid from solid phases).

In real laboratory environments, vision systems must operate under imperfect conditions.
Condensation can form on container walls or camera lenses, reducing image clarity, while
glare from fume hood sashes and overhead lighting can obscure labels and liquid surfaces.
In addition, hands and tools may partially occlude the camera view during pouring, lead-
ing to a temporary loss of visual identification. [23, 27, 28]

Furthermore, vision pipelines developed for liquid-liquid extraction can output phase-
splitting and interfacial cues and detect pour events in real time. This capability is directly
applicable to residue handling.[23] When multiple phases coexist, the system can auto-
matically classify them into distinct categories, such as liquid versus solid or immiscible
liquid layers, each corresponding to different waste streams.[23, 28] This distinction is
critical for automated separation or routing logic, as a single vessel may contain both re-
cyclable solvent and hazardous residue.[27] High-resolution web cameras provide a prac-
tical, low-cost option for continuous monitoring and can be integrated into waste stations
or fume hoods without major infrastructure changes.

Vision also provides simple kinetic and optical proxies (e.g., colour change, turbidity)
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Figure 3: Overview of vision-enabled monitoring approaches relevant to autonomous
waste management. (a,b) HeinSight3.0 high-throughput liquid—liquid sepa-
ration platform: (a) experimental hardware setup and (b) computer-vision
workflow for vessel detection and phase/turbidity analysis (adapted from El-
khawaldeh et al. [27], CC BY). (¢,d) Smart waste-bin monitoring system: (c)
prototype and data-processing workflow; (d) mobile interfaces for bin status
and routing (adapted from Pardini et al. [50], CC BY 4.0).

that have proven useful for reaction monitoring and can inform routing or recovery de-
cisions for residuals.[70] For example, a sudden colour shift or opacity increase could
warn that an incompatible chemical is being poured into the wrong container, prompting
an automatic alert or a visual cue to stop the operation. Combined with phase-detection
algorithms, these optical and kinetic cues turn basic camera feeds into decision-support
mechanisms that reduce human error and generate an auditable record of each pouring
and filling event for integration within a Digital Twin framework, as demonstrated in the
work of Jonathan D. Hirst et al.[17, 23]

In practice, the robustness of vessel detection improves with controlled camera placement
and background, and by using vessel geometry as an anchor for downstream inference.
Vision alone has limits (e.g., opaque fluids, look-alike liquids). Therefore, lab systems
typically pair cameras with simple orthogonal cues to raise event confidence.[54]

Studies on waste and medical-waste sorting demonstrate that object detection and seg-
mentation models can flag overflowing containers, foreign objects, and hazardous items in
noisy, real-world scenes.[ 18, 38] Edge-ready detection models (e.g., You Only Look Once
(YOLO) variants used in waste sorting) show that real-time monitoring can run on mod-
est hardware in distributed lab deployments.[9] Spectral imaging (Short-wave infrared
(SWIR) / multispectral) supplements RGB vision where visual appearance is ambiguous,
enabling the separation of look-alike liquids and material classes.[45] Taken together, vi-



sion forms the foundational sensing modality in the physical layer, as it identifies vessels,
measures bulk phases, and produces pour/fill events that feed the Digital Twin when fused
with other sensors and the ELN.

3.2 Sensors

Reliable sensing starts with robust physical infrastructure. This includes labelled, closable
canisters, dedicated waste stations, and clear pickup logistics (scheduled collection, con-
tracted carriers).[22, 37] Canisters should support persistent identifiers (barcodes/RFID)
and seals for linking sensor events to disposal records.[22, 52] Pressure or differential
sensors on closed canisters can provide early warning of gas build-up or pressure drift
that would not be visible to a camera, and are therefore a low-cost safety addition to the
infrastructure.[72]

A pragmatic sensing stack begins with RGB webcams as the baseline perception channel.
This is supplemented by inexpensive orthogonal sensors for event validation and includes
chemical-specific probes only where they materially change a routing decision.[26, 54] By
“RGB camera/webcam” we mean a colour visible-light camera (red/green/blue channels)
at sufficient resolution (typical working minimum of 2-5 MP for bench/mid-range setups).
These units operate with controlled lighting and fixed mounts to stabilise the background
and viewpoint. They are inexpensive, widely available, and easy to integrate.[28] Web-
cams are cost-effective because they provide continuous spatial context (vessel geometry,
pour motion, splashes) that simple point sensors cannot. Good placement and simple
diffuse lighting greatly improve accuracy.[26]

Complementary low-cost sensors can make vision events verifiable. These include load
cells (mass), ultrasonic / time-of-flight level probes (height), and simple proximity/beam-
break switches that provide independent signals to corroborate a detected pour. A disposal
event is only confirmed when both the vision system and the load cell indicate a change
consistent with liquid transfer. When image, weight, and level change together, a pour
can be auto-logged with high confidence. Conflicts between sensors are expected in real
operation. For example, the camera may detect a pouring motion while the load cell
shows no measurable change in weight. This can occur due to glare, very small volumes,
or liquid falling outside the measurement area. In such cases, the event is treated as un-
certain and ignored until confirmation is obtained. In case of disagreement, priority can
be given to the load cell for confirming volume change, while vision primarily supports
the detection of the pouring action and the identification of the vessel. Unresolved con-
flicts are flagged for human verification rather than being automatically accepted.[9, 54]
For sealed or semi-closed containers, adding a pressure sensor and a simple gas sensor
(e.g., NO,/H,S for specific lab contexts) catches slowly developing hazards or leaks that
cameras and scales would miss.[72]

Smart-bin prototypes integrate cameras, ultrasonic sensors, load cells, and IoT gateways
to provide fill status, classification, and alerts.[54] Figure 3c,d show an example prototype
and its mobile interface from an IoT waste-management deployment.[50] Typical proto-
types pair a Convolutional Neural Network (CNN) (or lightweight detector) for coarse
visual classification with ultrasonic/weight signals for fill detection and a Bluetooth/Wi-



Fi link for remote dashboards and pickup scheduling. YOLO/ResNet class models and
ultrasonic sensors are common building blocks in these systems.[9] In labs, they flag over-
fill, detect contamination, and log to ELN/LIMS.[22] Limitations include dataset quality
for chemical classification, privacy concerns from video, and the need to tune models
for transparent vessels and small volumes typical in labs. These are all reasons to treat
smart-bins as a pragmatic complement (not a replacement) to other sensors and human
verification.[33]

Sensor combination rules should be simple and auditable. This means they should require
the concurrence of two orthogonal signals for automated acceptance (e.g., camera and
weight) and fall back to a human verification flow when confidence is low.[54] Optimised,
edge-ready models (lightweight CNNs or YOLO variants) enable real-time inference at
the waste station without streaming raw video to the cloud, reducing latency and privacy
concerns.[9] These models can be highly effective. For instance, the classification accu-
racy of the proposed CNN-based architecture is 95.3%, and the System Usability Scale
(SUS) score is 86%.[54]

3.3 Humans in the loop

Current self-driving laboratories (SDLs) still depend on human specialists to translate
abstract research goals into concrete experimental actions, to configure equipment, and
to verify safety before runs commence. Rihm et al. emphasise that the vision of fully
autonomous laboratories is one where humans would only set high-level goals based
on which the Al scientist derives appropriate experiments that are designed, executed,
and analysed fully autonomously.[55] However, the current reality necessitates substan-
tial human oversight throughout the experimental process. The authors argue that, while
actions within a narrowly defined experimental system are automated, peripheral data
and activities are decoupled from the design and execution of experiments and reside in
data silos.[55] This creates a critical gap where human intervention becomes essential for
bridging disconnected information streams and ensuring experimental integrity.

The paper advocates for a human-in-the-loop approach that recognises the interim tech-
nology gap between current capabilities and the envisioned fully autonomous systems.[55]
As the authors explain, in comparison with state-of-the-art SDLs, far less human input
would be required and, more importantly, less error-prone and potentially arbitrary hu-
man input would be involved.[55] This approach acknowledges that humans must con-
tinue to play critical roles in breaking down high-level objectives into actionable plans
and intervening when sensor data are ambiguous or unexpected.

There are three critical human roles that contribute essential tacit expertise not captured
by raw sensor streams alone. Chemists provide indispensable domain expertise and lab-
oratory experience that bridge theoretical knowledge and practical execution, helping de-
fine and constrain the experimental search space in current SDL development.[24] Prin-
cipal investigators (PIs) set experimental goals, risk tolerances, and the overall scientific
direction and they provide strategic oversight that aligns experimental campaigns with
broader objectives.[55] Lab managers coordinate operational and logistical support, in-
cluding reagent availability and equipment maintenance, which directly shapes feasible



scheduling and safe day-to-day operation.[55]

4 The Digital Backbone

The Digital Backbone serves as the central information-processing and knowledge-management
layer. It bridges the gap between the raw sensor data from the physical layer and the ac-
tionable intelligence required by the decision layer. Its primary function is to ingest,
contextualise, and structure information to create a verifiable, real-time model of the lab-
oratory waste streams. This is accomplished through data harmonisation, ontological
representation, and queryable knowledge services.

4.1 Physical-Digital Data Harmonisation

Physical-digital harmonisation is the pipeline that transforms raw sensor data from the
physical layer into verified, auditable waste events. This process involves real-time event-
stream processing, in which data from multiple sensors (e.g., cameras and load cells)
are fused to identify a single, high-confidence event, such as a pour. This event is then
contextualised through external data integration. Information from Electronic Laboratory
Notebooks (ELN) or Laboratory Information Management Systems (LIMS) is used to
link the event to a specific user and experiment.[8] Data from Building Information Man-
agement Systems (BIMS) can provide further spatial and environmental context.[46] The
final output of this harmonisation is an automated, time-stamped audit trail that forms the
persistent digital thread.

To support interoperability and machine-readable harmonisation, standard laboratory data
models, such as the Allotrope Data Framework and the Analytical Information Markup
Language (AnIML), can be adopted. These standards provide structured schemas for
experimental and analytical data, enabling consistent metadata capture across instruments,
ELNs, and LIMS, and reducing ambiguity in how waste-related events are represented and
exchanged.[6, 10]

ELNs and LIMS form the backbone of the contextualised event. Rapid access to and
analysis of laboratory notebook data enable researchers to obtain insights from results
and improve reproducibility across experiments.[36] For instance, some systems employ
colour-coding schemes that classify solvents into sustainability tiers, ranging from rec-
ommended to highly hazardous, while providing immediate feedback to researchers on
the sustainability of their choices.[17] While ELNs capture experimental intent, Labo-
ratory Information Management Systems function as the central data hub for laboratory
operations. A LIMS is a computerised system designed to gather, process, and store in-
formation generated by laboratories. Originally conceived to automate experimental data
management, these systems have evolved into digital hubs that coordinate many aspects
of laboratory operations.[64] Together, LIMS and ELNs create a comprehensive digital
ecosystem that bridges material management with experimental execution. The open-
BIS ELN-LIMS exemplifies this integration through its two interconnected components.
The LIMS maintains up-to-date information about materials and methods, while the ELN
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Figure 4: Digital Backbone concept and example interoperable knowledge representa-
tion. The ELN/LIMS example (left) is adapted from Argento [8]. The facili-
ties/BIMS example (bottom left) is adapted from Rihm et al. [56]. The ontology-
based knowledge-graph example (right) is redrawn from Bai et al. [11]. All
sources are CC BY.

stores and describes experimental data in a scientifically meaningful manner.[14]

Extending this integrated ecosystem, BIMS further enrich the data harmonisation pro-
cess by representing the facility’s layout and assets. Recent work on BIM-IoT integra-
tion demonstrates how sensor data and building models can be fused to enable real-time
operational monitoring and decision-making.[20] In our envisioned autonomous waste
management system, the building layer (BIMs) indicates the location of each canister,
and when integrated with sensor event data (pour, movement) and laboratory data (from
ELNs/LIMs) with a time-stamped audit trail, it creates a comprehensive digital thread.
Figure 4 summarises the Digital Backbone and illustrates how ELN/LIMS context, facil-
ity models (BIMS/BIM), and ontology-based knowledge representation can be integrated
into an auditable digital thread.

4.2 Ontology-based Knowledge Representation

This knowledge representation forms the foundation of the Digital Twin, where physical
and digital domains are unified within a knowledge graph. An ontology, or a formal
specification of concepts and classes, is required to define the core entities of the system.
As the paper explains, an ontology is a holistic approach to semantically describing data,
information, and knowledge within a domain.[63] It provides the terms, relations, and
logic necessary to semantically annotate and link data, which is the foundational work for
building a knowledge graph.[63] This is crucial because it ensures that data is not only
stored but also FAIR (Findable, Accessible, Interoperable, and Reusable).[63]

Ontologies play a vital role in representing modern chemical knowledge. At the core are
upper-level frameworks such as the Basic Formal Ontology (BFO), which supports in-
teroperability across the Open Biological and Biomedical Ontology (OBO) Foundry on-
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tologies. .[63] The OBO Foundry provides a curated ecosystem of life science ontologies
aligned with shared best practices. Building on these foundations, domain-specific ontolo-
gies capture chemical knowledge in detail.[63] Chemical Entities of Biological Interest
(ChEBI) classifies chemical entities and their roles and is widely integrated into resources
like PubChem and HMDB. The Chemical Information Ontology (CHEMINF) comple-
ments this by standardising software terms and data formats for chemical informatics.[63]
In other domains, such as waste biorefineries, specialised ontologies formalise flows and
processes. For instance, the Waste Biorefinery Ontology enables SPARQL-based discov-
ery of valorisation paths that connect waste resources to conversion technologies and final
products.[15]

These ontological frameworks enable practical application. Ontology-driven knowledge
graphs provide a unifying semantic layer for various municipal waste streams, enabling
automated integration, interpretation, and circular economy decision support.[47] The
proposed semantic model captures entities such as producers, authorities, and consumers
and links them through Resource Description Framework (RDF) and Web Ontology Lan-
guage (OWL) representations that can be queried via neural search, reducing the need
for manual SPARQL Protocol and RDF Query Language (SPARQL) construction.[47] A
similar ontology framework has been applied to hazardous chemical risk management,
where a domain-specific schema (including classes for chemicals, incidents, equipment,
etc.) supports high precision named entity recognition and enriches the graph with safety
relationships.[73]

The most important entities include WasteContainer, ChemicalSubstance, User,
Experiment, and PourEvent, along with their properties and inter-relationships. In this
schema, a Chemical Substance follows the relational trajectory described by Ghibaudi
and Cerruti, that is, chemical substance - material - product - goods - waste, so that
each transition can be captured as a state change of the entity.[34] The bibliometric
mapping of food-waste research shows that these state changes give rise to distinct re-
search clusters such as anaerobic digestion, composting and other value-added conversion
pathways.[49] Accordingly, a PourEvent records the moment a material is transferred
into aWasteContainer, triggering a shift along the ChemicalSubstance-waste trajec-
tory and linking the event to the relevant conversion cluster.[49] This ontology provides
the formal schema for the knowledge graph, ensuring that data is stored in a consistent,
unambiguous, and machine-readable format. The knowledge graph itself is the dynamic
instance of this ontology, populated with real-time data to reflect the current state of all
waste containers and activities.

The knowledge graph must also capture time-dependent state changes of chemical waste.
Certain solvents, such as ethers and dioxane, can form explosive peroxides upon stand-
ing for extended periods, making the age of a waste container a critical safety attribute.
Therefore, each WasteContainer and ChemicalSubstance instance should be as-
sociated with timestamps and temporal rules that allow the system to infer increasing
hazard over time and trigger alerts or disposal actions when safe storage durations are
exceeded.[21, 42]

By aligning with established standards, the system is positioned for integration with initia-
tives such as the Chemistry Consortium within the National Research Data Infrastructure
(NFDI4Chem) and with emerging research data infrastructures in Macedonia, such as the
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new Vezilka (“Embroidery”) project led by Ss. Cyril and Methodius University in Skopje
(UKIM), ensuring interoperability with broader European open science networks.[19, 62]
NFDI4Chem establishes and maintains a national research data infrastructure for the
field of chemistry in Germany, facilitating innovative services and scientific endeavours
grounded in research data.[62] Through this ontology-based approach, chemical waste
management evolves into a FAIR-compliant data system capable of contributing to cross-
institutional sustainability analytics and European research initiatives.

4.3 Knowledge Services for Autonomous Agents

Knowledge services provide the interpretive and reasoning layer that enables autonomous
agents to query, synthesise, and act on information from heterogeneous laboratory sys-
tems. They bridge sensing from the physical layer and actuation from the decision layer
by providing machine-readable semantic context that links raw data, rules, and ontologi-
cal knowledge into actionable form. In digital-lab architectures, this layer is increasingly
implemented through knowledge graphs (KGs) and ontologies that structure scientific
knowledge for autonomous reasoning and auditability.[17, 27]

Within autonomous laboratories, knowledge services operate as machine-readable inter-
mediaries between the Electronic Laboratory Notebook (ELN), Laboratory Information
Management System (LIMS), and the Digital Twin, ensuring that data produced by in-
struments and experiments are contextualised, interoperable, and queryable. Ontolo-
gies and knowledge graphs (KGs) provide the semantic backbone for this layer: they
encode chemical entities, equipment, processes, and safety relationships in a standard-
ised, queryable format (e.g., RDF/OWL), allowing agents to retrieve information through
SPARQL queries or API endpoints.[27] Recent research highlights dynamic and dis-
tributed knowledge graph infrastructures as the foundation for such systems.[11] demon-
strates that each laboratory or instrument can be represented as a node in a global, synchro-
nised KG, where autonomous “knowledge agents” continuously update states, metadata,
and experiment outcomes, forming a live, self-consistent representation of laboratory op-
erations.

A key component is Standardised API for Interoperability, which provides a machine-
readable query interface. This allows high-level Al agents to access complex, relational
information, such as retrieving the full history and calculated risk profile of a waste mix-
ture. Semantic-web-based interfaces (SPARQL endpoints, JSON-LD/GraphQL wrap-
pers) are common implementations because they support efficient, expressive queries at
scale.[11]

The Decision Support Engine implements logic to address complex operational ques-
tions, including disposal routing and real-time recommendations. For disposal routing, it
determines the closest and most appropriate disposal location for a given waste mixture
by combining geospatial data from BIMS with hazard profiles from LIMS and applying
graph-based pathfinding algorithms. For recommendation support, it provides real-time
advisories on whether a proposed chemical addition is safe and indicates the likely result-
ing state, e.g., single-phase or multiple phases. This service draws on predictive models
integrated into the knowledge graph, similar to those used in agent-based digital twins for
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fault handling in chemical processes.[35]

Recent multi-agent laboratory frameworks emphasise modular, knowledge-driven coor-
dination. For example,[41] introduces a multi-agent framework where specialised agents
query a shared knowledge graph to orchestrate experimental workflows, directly applica-
ble to waste logistics. Similarly,[1] demonstrates how knowledge graphs combined with
LLM-powered agents automate scientific discovery, offering a scalable pattern for query-
driven decision support.

The evolution of large language models (LLMs) has expanded the role of knowledge
services from passive data repositories to active reasoning partners.[16] demonstrates
that LLM-driven agents can autonomously plan and execute experiments by combining
unstructured text knowledge with structured laboratory interfaces. [58] further shows
that integrating LLMs with hazardous-chemical KGs enables retrieval-augmented rea-
soning for safe experiment and waste-handling decisions. These systems illustrate how
LLMSs can serve as natural-language front-ends to structured knowledge, translating hu-
man or system queries into executable, auditable agent actions. Recent advances show
that large language models can be extended to embodied, multimodal agents that directly
consume visual and continuous-sensor data while producing sequential action plans for
robots (PaLM-E). This demonstrates a practical pathway for coupling semantic knowl-
edge graphs with LLM-based planners so that waste-management agents can both under-
stand sensor context and generate auditable, executable actions.[25]

Finally, the Actionable Intelligence Outputs format queries results into clear, machine-
actionable instructions (for example, standardised JSON-LD or RDF messages such as
“Redirect Canister X to Collection Point Y”) so that downstream schedulers, robots, or
human operators can execute and audit the decision.[57] This aligns with accountable Al
agent designs using knowledge graphs for governance and auditability.[32]

S The Decision Layer

The Decision Layer is the active, executive component of the Digital Twin. It translates
the contextualised knowledge from the digital backbone layer into verifiable, autonomous
actions. Its primary purpose is to close the loop, ensuring that all laboratory activities,
particularly waste disposal, are safe, compliant, and efficient. It achieves this by querying
the knowledge services of the digital backbone and issuing commands to the user-facing
interfaces or physical hardware of the physical layer.

5.1 Rule-Based and Model-Driven Intelligence

The Rule-Based and Model-Driven Intelligence implements the core logic to model and
predict the dynamic state of chemical waste mixtures, enabling proactive decision-making
within the Digital Backbone. Rule systems enforce known chemical compatibility con-
straints, whereas model-driven methods estimate emergent behaviour (e.g., phase for-
mation, cumulative hazards) when explicit rules are unavailable. This intelligence layer
bridges structured data from harmonisation and ontological modelling, applying formal
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Figure S: lllustrative decision-layer schematic for autonomous laboratory waste man-
agement. An agent system combines (i) pattern deciphering and advisory func-
tions informed by ML-based monitoring approaches [69], (ii) collection and
recycling planning informed by route-optimisation frameworks [5], and (iii)
automated labelling and alerting actions within a closed-loop workflow.

rules and predictive models to ensure safety, compliance, and efficiency. By continu-
ously updating the waste state based on sensor inputs and external knowledge, it prevents
hazardous conditions and optimises disposal or recovery paths.

Formal class definitions establish the foundational entities for logical reasoning: Waste
Container (e.g. Canister with attributes like capacity and location), Chemical Substance
(properties such as density, solubility, hazards from LIMS), Waste Mixture (dynamic state
tracking cumulative composition), Waste Streams (disposal rules per regulatory standards)
and User (Humans/Agents for accountability).[51] These classes, grounded in semantic
ontologies like RDF/OWL, allow extensible modelling of complex interactions, as seen
in knowledge engineering for chemistry.[43] Figure 5 sketches the Decision Layer as
an agent system that converts verified waste events into guidance (pattern deciphering),
logistics decisions (collection/recycling planning), and operational actions (automated la-
belling and alerting).

Dynamic Chemical State Computation continuously calculates the overall hazard profile
(cumulative risk) and predicts phase status (single phase or multi-phase) using integrated
physical properties from LIMS data. For cumulative risk, rule-based aggregation applies
explicit decision rules to the known constituents and their classifications (e.g., GHS/CLP
hazard classes and, where applicable, concentration-based mixture rules), flagging thresh-
olds that trigger alerts.[22] Phase prediction employs model-driven approaches, such as
machine learning models trained on solubility and density data to forecast immiscibility
or emulsion formation.[23] Recent advancements in ML for mixture phase prediction,
like physics-embedded neural networks, enhance accuracy by incorporating thermody-
namic principles (e.g. UNIversal Functional Activity Coefficient (UNIFAC) for activity
coefficients).[71] This prediction informs disposal recommendations: single-phase mix-
tures might route to neutralisation, while multi-phase ones suggest separation, reducing
waste volume and costs as demonstrated in digital twins for wastewater.[68]

The Compatibility and Rule Engine implements proactive safety checks utilising LIMS
hazard data to flag incompatible additions before or immediately after a pour event. Rule-
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based systems, such as if-then logic from chemical compatibility charts, prevent reactions
like (potentially violent) exothermic reactions and boiling/splashing by cross-referencing
SDS data. In lab contexts, intelligent waste systems use CNNs for classification but in-
tegrate rules for real-time validation.[54] Model-driven extensions, e.g. graph neural net-
works for reactivity prediction, forecast outcomes for novel mixtures, aligning with SDLs
where agents simulate states to avoid errors.[26] This engine maintains an audit trail, en-
suring regulatory compliance by logging all checks and overrides.

Hybrid rule-ML approaches further enhance the layer, combining physical knowledge
(e.g. group contributions) with machine learning to predict thermodynamic properties un-
der data-scarce conditions.[39, 40] For instance, matrix completion methods fill gaps in
interaction parameters, enabling reliable state computations for diverse waste streams.[40]
In digital twins, these hybrids optimise processes like treatment scheduling, as seen in
wastewater applications where mechanistic models integrate with ML for phase and prop-
erty estimation.[68] Overall, this intelligence layer transforms passive data into actionable
insights, supporting autonomous agents in the decision layer while addressing gaps like
data sparsity through hybrid rule-ML approaches.

5.2 Real-Time Intervention and Control

In the Decision Layer of the waste-management digital twin, software agents continuously
monitor live sensor data and apply knowledge-based rules to enact safety interventions on
the fly. This Real-Time Intervention and Control component responds to flagged risks
from compatibility checks by issuing alerts and initiating automated safeguards, blending
human oversight with autonomous actions to maintain laboratory safety. By processing
real-time data from the Physical Layer and applying reasoning from the knowledge graph,
it prevents incompatible mixtures or sensor anomalies from escalating into incidents such
as fires, leaks, or overfills.

Alerts are graduated based on severity: minor issues trigger visual cues (e.g., LED warn-
ings on waste stations), while critical ones send notifications via apps or emails to lab
personnel or issue an audible or visual alarm to nearby users.[54] For example, if a pour
event risks overfill or incompatibility, the system might display a "stop" signal and log the
event for audit trails. In self-driving labs, similar mechanisms use multi-level feedback
to halt processes, as seen in platforms that use computer vision to detect anomalies and
pause operations.[26]

Automated interventions include physical controls like solenoid locks on canister lids or
diversion valves for waste streams, activated when rules detect imminent dangers. To pre-
vent alert fatigue, modern systems gate notifications on a Confidence Score derived from
sensor data and historical user reactions.[67] While static thresholds often generate ex-
cessive irrelevant alarms, adaptive strategies that personalise limits to situational context
significantly reduce alarm burden without sacrificing sensitivity.[66] Machine learning
models, specifically random forests, continuously refine these thresholds by learning from
prior interactions to suppress false positives. This approach ensures that as a user’s expe-
rience increases and their reaction patterns stabilise, the system becomes more accurate
at presenting only the most relevant alerts.[67]
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Automated labelling and compliance management are also part of this layer. Connected
IoT printers can generate hazard labels whenever a new chemical deposit or pour event
occurs, thereby keeping labels up to date without delay. Each verified waste transfer,
confirmed by sensors or RFID, is logged in a secure audit trail to support regulatory
review.[22] When a fill level sensor reports that a container is full, a rule can trigger a
pickup scheduling workflow and notify the waste team. In one implementation, each vir-
tual object polls its IoT sensors in a loop and allows operations to proceed only when
all disposition conditions are satisfied. If a condition is not satisfied, the system immedi-
ately notifies the user through the interface.[61] These interventions include alerts, label
printing, lid locking, event logging, and pickup scheduling. They illustrate how the Deci-
sion Layer uses knowledge graph reasoning and sensor feedback within an event-driven,
agent-based architecture. Ontology-based rules can continuously run over the integrated
knowledge graph, triggering immediate responses when thresholds are violated. For ex-
ample, Semantic Web Rule Language (SWRL) logic embedded in the twin can interpret
sensor inputs and initiate emergency workflows without human intervention.[61]

Human-in-the-loop protocols allow overrides for verified safe actions, with all interven-
tions recorded immutably for regulatory reviews.[22] This balance supports moderate au-
tonomy, where agents confirm decisions before execution, aligning with SDL frameworks
that prioritise safety in uncertain environments.[65] Ultimately, this layered, knowledge-
driven design transforms raw sensor data into structured, actionable intelligence. The
Decision Layer autonomously interprets live data, infers hazards, and dispatches control
actions or alerts within milliseconds, reducing error rates and cutting operational costs
through proactive hazard management.

5.3 Logistical Optimisation and Resource Management

Beyond immediate safety, the Decision Layer provides long-term logistical optimisation.
By aggregating data from the Digital Backbone over time, this layer can identify patterns
in waste generation. It can then propose resource-efficient actions, such as identifying and
segregating high-purity solvent streams for simple on-site treatment or reuse. It can also
optimise pickup schedules based on predicted fill rates rather than a fixed calendar, reduc-
ing both costs and the risks associated with storing full containers. This function directly
supports the Green Chemistry goal of proactive and resource-efficient management.

Traditional waste collection systems operate on predetermined schedules that do not ac-
count for the actual fill levels of waste containers, resulting in suboptimal resource util-
isation and elevated operational costs. In these processes, the frequency of collection
routes is established in advance based on fixed plans, regardless of the waste levels in
bins. This approach prevents the efficient utilisation of collection trucks while attempt-
ing to meet all waste collection demands.[13] Modern IoT-enabled systems address this
limitation through the application of predictive analytics. For example, smart bin systems
equipped with ultrasonic fill sensors and GPS transmitters can digitally incorporate sensor
characteristics to align with real-world smart bin telemetry.[7] Machine learning models,
particularly Extreme Gradient Boosting (XGBoost) classifiers, have demonstrated high
predictive accuracy for overflow events. XGBoost classification models can predict the
likelihood of bin overflow based on historical fill level patterns with accuracies reaching
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approximately ninety-four per cent and recall rates exceeding ninety-five per cent.[7]

A critical component of a systems-level approach is the integration of intelligent decision
logic to identify and prioritise "High-Value Recovery" streams in real-time.[3] By utilis-
ing Machine Learning algorithms to analyse waste stream characteristics (solvent identity,
composition, and purity), the system can detect when a container exceeds a viable thresh-
old for reuse.[3] For example, since acetone represents a significant portion of industrial
solvent use, the logic can identify high-purity streams (e.g. >98%) and suggest solvent
recovery instead of standard disposal via incineration.[59]

The Decision Layer synthesises predictive scheduling, route optimisation, and resource
recovery into a unified decision support framework.[4] Machine learning algorithms can
be designed to fine-tune the parameters of optimisation algorithms by analysing the inputs
and outputs of real-world trips.[2] This integration supports both operational efficiency
and sustainability objectives.[7] By shifting laboratory waste management from a reactive,
schedule-based approach to a proactive, data-driven system, the Decision Layer enhances
safety results, lowers operational expenses, and promotes environmental sustainability in
alignment with Green Chemistry principles.

6 Technology Gaps and Roadmap

Although the Physical Layer, Digital Backbone, and Decision Layer each have mature
components in isolation, a deployable autonomous waste-management system requires
these components to function as a single, verifiable loop under conditions typical of aca-
demic laboratories (high-mix, low-volume, frequent edge cases). The main obstacles
are therefore not only performance-related, but integration-related: (i) perception must
remain robust under realistic visual and material variability, (ii) sensor events must be
bound to chemical and experimental context without manual effort, and (ii1) safety deci-
sions must generalise beyond fixed rule sets and database lookups to novel compounds
and mixtures.

To make the transition from gap identification to implementation logic explicit, each layer-
specific gap is mapped to the capability that must be strengthened and to the enabling Al
development that most directly addresses it. This gap-to-roadmap mapping is summarised
in Table | and serves as the organising bridge from the diagnostic analysis to the proposed
development sequence.

The mapping in Table | implies a practical roadmap that closes the autonomy loop in three
complementary steps. First, the Physical Layer bottleneck is dominated by data sparsity
and edge cases (rare hazardous conditions, multiphase scenes, opaque fluids, and variable
lighting). Here, Generative Al offers a pragmatic mechanism to expand training cover-
age without recreating dangerous scenarios: diffusion models can be used to synthesise
photorealistic hazard-relevant images (e.g., crystallisation, phase separation, fuming) and
difficult operational conditions (occlusions, glare), thereby augmenting datasets such as
Vector-LabPics and improving robustness of vessel-, phase-, and pour-event inference.

Second, even reliable sensing is insufficient if events remain disconnected from identity
and context. The dominant gap in the Digital Backbone is the manual, error-prone binding
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Table 1: Technology gaps and corresponding Al roadmap components for achieving au-
tonomous laboratory waste management.

Layer Key Gap Required Capability Roadmap Component

Physical Robust perception under Improved edge-case Generative Al (synthetic
opaque, multiphase, and detection and visual hazard data)
variable lighting conditions. ~ generalisation.

Digital Manual linking of pour Automatic semantic Autonomous Al agents
events to ELN, user, and eventcontext binding.
chemical identity.

Decision Inability to predict hazards Structure-to-property Foundational chemistry
for novel or complex inference and predictive models
mixtures beyond rule sets. compatibility.

General High-mix, low-volume Integrated perception, Combined deployment of all
laboratory environment context, and predictive three components
requiring adaptability. reasoning.

between a detected pour and the corresponding experiment, user, and chemical identity
in ELN/LIMS workflows. Autonomous Al agents address this by shifting from passive
logging to goal-oriented coordination: an agent can query ELN/LIMS context at the time
of the event, reconcile container identity and contents, and trigger operational actions
(e.g., label updates, audit logging, pickup requests) with minimal human burden. In multi-
station settings, agents can additionally coordinate load balancing by directing users to a
nearby compatible container when capacity or compatibility constraints are detected.

Third, the Decision Layer currently remains limited by non-generalising logic: compati-
bility charts and fixed lookups do not cover the long tail of experimental compounds and
complex mixtures. Foundational models of chemistry (e.g., ChemBERTa, MolFormer)
provide a route to structure-to-property inference that can extend decision-making beyond
explicit database entries. When a new reagent is not in the compatibility knowledge base,
the model can generate representations supporting predictive estimates of reactivity- and
hazard-relevant behaviour, enabling compatibility scoring and intervention logic even for
novel species. In combination, these three roadmap elements operationalise a continuous
path from observation (robust perception), to meaning (automatic event—context binding),
to action (predictive compatibility and intervention), which is the minimum requirement
for a fully autonomous and proactive chemical-waste management system.

7 Conclusion and Outlook

Significant challenges remain in laboratory waste handling, particularly the need for reli-
able, real-time monitoring. The Digital Twin approach addresses this by integrating mul-
tiple data sources. This will require new sensors and smart waste containers. Seamless
interoperability with electronic lab notebooks, laboratory information management sys-
tems, and building information models shifts safety checks—such as preventing misrout-
ing, overfill, or incompatible mixtures—from manual logs to automated, point-of-disposal
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control. The audit trail ensures regulatory compliance and provides traceable records of
waste composition and timing.

The next step is real-world deployment and validation. Detection performance must be
tested under realistic lab conditions, including glare, occlusions, and complex residues.
Event-to-experiment linking should be streamlined while preserving uncertainty flags and
an auditable override path. Risk assessment should be enhanced by combining rule-based
checks with predictive models that provide calibrated confidence. From a sustainability
perspective, the initial focus should be on recovering high-purity solvent streams using
accurate composition histories. Standardising event records will facilitate sharing waste
data across institutions as regulations develop.
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