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Abstract 
Industrial symbiosis, the practice of routing one firm's waste output as another firm's material input, has 

demonstrated substantial resource efficiency and waste reduction potential in eco-industrial parks worldwide. 

However, the realization of symbiotic exchanges has historically depended on opportunistic identification by 

manual brokers operating with incomplete information, limiting both the scale and the speed at which symbiosis 

networks can expand and adapt. This paper proposes a data-driven architecture for industrial symbiosis at scale, 

integrating real-time IoT waste stream characterization, machine learning quality prediction, constrained 

optimization matching, and automated governance interfaces within a platform connecting co-located 

manufacturing firms. We review the evidence base for each platform component, characterize five representative 

waste stream exchange types with estimated value creation, and analyze the governance requirements for 

translating matched opportunities into executed transactions. The evidence from digital twin-enabled waste stream 

monitoring demonstrates that the data infrastructure for symbiosis matching already exists and produces 

measurable recovery value at the facility level; the contribution of this paper is to show how that infrastructure can 

be extended to multi-firm, real-time, dynamic matching at industrial park scale. The proposed architecture directly 

addresses the five primary barriers to symbiosis network formation identified in the industrial ecology literature: 

information asymmetry, temporal mismatch, quality uncertainty, brokerage cost, and regulatory ambiguity. 
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Introduction 
The circular economy paradigm requires that materials and energy cycle continuously through production and 

consumption systems rather than following a linear take-make-dispose trajectory [1]. Industrial symbiosis, in 

which the waste or byproduct output of one manufacturing firm becomes the material or energy input of another, 

represents one of the most direct mechanisms available for closing industrial material loops. The canonical 

example of the Kalundborg industrial symbiosis network in Denmark, where a power plant, oil refinery, 

pharmaceutical manufacturer, and wallboard producer exchange steam, fly ash, gas, and waste heat, demonstrated 

in the 1970s that co-located firms could achieve substantial mutual economic and environmental benefit through 

systematic resource exchange [2]. 

 

Yet the Kalundborg network and the dozens of eco-industrial parks modeled on it share a critical structural 

characteristic: their symbiotic exchanges evolved opportunistically over years to decades through personal 

relationships, chance encounters, and manual brokerage. Chertow documented that most industrial symbiosis 

relationships begin as informal bilateral exchanges between adjacent firms and only subsequently become 

formalized, a process that typically requires a dedicated facilitation function and operates on timescales of years 

[2]. This emergent, relationship-dependent formation process creates three fundamental limitations on symbiosis 

scale. First, it is slow: the manual identification of compatible waste and input streams across a large industrial 

park with dozens of firms is computationally intractable without digital infrastructure. Second, it is static: once 

exchanges are established, they persist based on relationship inertia rather than adapting dynamically to changes 

in production schedules, waste stream composition, or market conditions. Third, it is incomplete: manual 

brokerage with limited information visibility necessarily misses exchange opportunities that a comprehensive 

data-driven matching process would identify. 

 

The emergence of real-time industrial sensing, machine learning quality prediction, and digital twin technology 

has created the conditions for a fundamentally different approach. Gupta demonstrated that a digital twin platform 

integrating IoT sensor networks, machine learning algorithms, and circular economy optimization at a single 

manufacturing facility identified 12 discrete industrial symbiosis opportunities through real-time waste stream 
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characterization, achieved a 45% improvement in resource recovery rate, and reduced material waste by 27% [3]. 

This result establishes that the data infrastructure for waste stream monitoring and opportunity identification 

already exists and produces measurable value at the facility level. The central question this paper addresses is 

whether and how this infrastructure can be extended from single-facility monitoring to multi-firm, real-time, 

dynamic matching at industrial park scale. 

 

Section 2 reviews the industrial symbiosis and data-driven circular economy literature. Section 3 characterizes the 

barriers to symbiosis network formation. Section 4 presents the proposed real-time matching architecture. Section 

5 describes representative exchange types with value estimates. Section 6 addresses governance requirements. 

Section 7 concludes with research directions. 

 

Literature Review 
2.1 Industrial symbiosis: from Kalundborg to eco-industrial parks 
The industrial ecology literature has documented industrial symbiosis networks across more than 30 countries, 

ranging from purpose-designed eco-industrial parks to spontaneously formed regional networks of firms 

exchanging materials and energy [2]. Jacobsen's longitudinal analysis of the Kalundborg network documented 

cumulative environmental savings of 635,000 tonnes of CO2, 70 million cubic meters of water, and 2.9 million 

tonnes of material over three decades, providing compelling evidence for the aggregate value of symbiotic 

exchange [4]. Lombardi and Lyons extended this analysis to assess what percentage of theoretically available 

symbiotic exchanges are actually realized, finding that most networks capture fewer than 30% of the technically 

feasible exchange opportunities identified through material flow analysis [5]. The gap between theoretical 

opportunity and realized exchange is the central problem that data-driven infrastructure must address. 

 

2.2 Digital technologies in circular economy contexts 
The application of digital technologies to circular economy optimization has accelerated substantially since 2018. 

Domenech and Davies established that real-time material flow visibility is a prerequisite for closing the 

information asymmetry that prevents firms from identifying exchange partners with compatible waste and input 

profiles [6]. Tao et al. established a comprehensive state-of-the-art review of digital twin technology in industry, 

documenting how virtual-physical synchronization enables real-time monitoring and optimization of complex 

manufacturing processes [7]. Pagoropoulos et al. reviewed the emergent role of digital technologies in enabling 

circular economy transitions, identifying data visibility and feedback loop closure as the primary mechanisms 

through which digital platforms create circular economy value [8]. Rajput and Singh reviewed Industry 4.0 

technologies in the context of industrial symbiosis, identifying IoT-enabled waste stream monitoring, machine 

learning quality prediction, and optimization-based matching as the three technology components most likely to 

increase symbiosis network density [9]. Geissdoerfer et al. established the theoretical basis for assessing Industry 

4.0 contributions against circular economy principles, arguing that the value of digital technologies in circular 

contexts is realized through enhanced data visibility, feedback loop closure, and system-level optimization rather 

than individual process efficiency gains [10]. 

 

2.3 Machine learning for waste stream quality prediction 
The quality unpredictability of waste streams is a primary deterrent to recipient firms committing to waste-as-

input supply chains. Dong et al. demonstrated that LSTM neural networks trained on process parameter histories 

can predict waste stream composition 24 to 72 hours ahead with sufficient accuracy to support procurement 

planning, reducing the quality uncertainty barrier that historically required laboratory assay before each exchange 

transaction [11]. The key insight from this work is that waste stream composition is not random but is a 

deterministic function of production process parameters that are continuously monitored in modern manufacturing 

environments. When these process parameters are jointly modeled with waste characterization data, the resulting 

prediction model provides the forward-looking quality information that recipient firms require to commit to 

exchange contracts without absorbing unacceptable quality risk. 

 

Barriers to Industrial Symbiosis Network Formation 
Table 1 presents a structured taxonomy of the five primary barriers to industrial symbiosis network formation 

identified in the literature, mapping each to its underlying driver and evidence base. Understanding these barriers 

in detail is prerequisite to designing platform architecture that addresses them directly rather than providing 

generic data infrastructure whose value is unclear to potential participants. 
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Table 1. Barriers to Industrial Symbiosis Network Formation and Their Drivers 

Barrier category Description Primary driver 

Information asymmetry 

Firms lack visibility into each 

other's waste stream 

composition, volume, and 

quality 

Transaction cost 

Temporal mismatch 

Waste generation and input 

demand cycles do not align 

without coordination 

Operational planning 

Quality uncertainty 

Waste stream composition 

varies with production runs, 

reducing recipient confidence 

Technical risk 

Brokerage cost 

Manual matchmaking by 

industrial symbiosis facilitators 

is costly and slow 

Transaction cost 

Regulatory ambiguity 

Waste-as-resource classification 

varies across jurisdictions, 

creating legal risk 

Governance gap 

 

The information asymmetry barrier is the most foundational: firms cannot seek exchange partners for waste 

streams whose composition, volume, and quality they cannot reliably characterize and communicate. Traditional 

manual waste characterization through periodic laboratory sampling provides data at weekly or monthly intervals 

that is insufficient for dynamic matching. IoT-enabled continuous monitoring, as demonstrated in facility-level 

digital twin implementations [3], produces the real-time composition data that makes information asymmetry 

technically addressable. The temporal mismatch barrier requires predictive capability: even with real-time 

composition data, firms need forward-looking forecasts to plan logistics and commit capacity, which requires the 

machine learning quality prediction layer described in Section 4. 

 

Real-Time Matching Architecture 
Figure 1 illustrates the proposed architecture for data-driven industrial symbiosis at scale, showing how co-located 

manufacturing firms connect through a central real-time data platform to enable dynamic waste stream matching. 

The platform receives continuous data feeds from IoT sensors at each firm, processes this data through quality 

prediction and matching components, and broadcasts matched exchange opportunities back to participating firms. 

A governance and reporting layer at the base of the architecture manages regulatory compliance, exchange 

contracts, and environmental accounting. 

 

 
Figure 1. Proposed real-time data-driven industrial symbiosis architecture for co-located manufacturing 

firms. Dashed lines represent IoT data feeds from firms to the central matching platform. Solid teal arrows 

show matched material exchange flows between firms. The platform comprises four components: IoT waste 

characterization, ML quality prediction, supply-demand matching, and price signal generation. A 

governance and reporting layer manages regulatory compliance and environmental accounting. 
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Table 2 describes the five functional components of the proposed platform architecture, specifying the technology 

enabling each component, the data it produces, and its role in addressing the symbiosis formation barriers 

identified in Section 3. 

 

Table 2. Platform Architecture Components for Real-Time Industrial Symbiosis Matching 

Component Function Technology Data output 

Waste stream sensors 

Continuous composition 

monitoring at process 

outflow points 

IoT chemical analyzers, 

flow meters, NIR 

spectroscopy 

Volume, composition, 

quality grade every 15 

min 

Quality prediction 

engine 

Forecast waste stream 

properties 24 to 72 

hours ahead based on 

production schedule 

LSTM neural network 

trained on process-waste 

correlations 

Predicted grade 

distribution with 

confidence interval 

Matching algorithm 

Identify feasible 

material exchanges 

between supply and 

demand profiles 

Constrained 

optimization with 

transport cost and 

compatibility constraints 

Ranked exchange 

opportunities with 

economic value estimate 

Price signal generator 

Compute shadow price 

for each waste stream 

based on avoided 

disposal cost and input 

substitution value 

Activity-based cost 

model updated in real 

time 

Per-tonne value estimate 

for each exchange 

pairing 

Governance interface 

Facilitate exchange 

contracts, regulatory 

compliance checks, and 

LCA verification 

API-connected to 

national waste registry 

and environmental 

reporting systems 

Automated compliance 

certificate and mass 

balance record 

 

4.1 Waste stream characterisation layer 
Continuous composition monitoring at process outflow points using IoT-connected chemical analyzers, near-

infrared spectroscopy units, and flow meters provides the real-time waste stream characterization data that 

addresses the information asymmetry barrier. Sampling at 15-minute intervals produces an order-of-magnitude 

improvement in data currency relative to laboratory-based weekly sampling, enabling the matching algorithm to 

respond to production schedule changes within hours rather than days. The digital twin approach demonstrated by 

Gupta, in which IoT sensor data is continuously assimilated into a virtual model of facility material flows, 

provides the analytical foundation for this layer [3]: by extending the virtual model from single-facility to multi-

firm scope, the platform creates a shared digital representation of the industrial park's aggregate material flow that 

is inaccessible through any individual firm's internal monitoring. 

 

4.2 Machine learning quality prediction engine 
The quality prediction engine addresses the temporal mismatch and quality uncertainty barriers simultaneously. 

Trained on historical pairings of production process parameters and downstream waste stream characterization 

data, an LSTM-based neural network can forecast waste stream composition and quality grade distributions 24 to 

72 hours ahead of generation [11]. These forward-looking quality forecasts enable recipient firms to plan logistics 

and reserve processing capacity before waste becomes available, converting waste stream supply from an 

uncertain spot market into a predictable procurement channel. Confidence intervals on quality predictions, 

calibrated through rolling validation against observed outcomes, give recipient firms the information they need to 

set contractual quality thresholds without requiring pre-shipment laboratory assay for every transaction. 

 

4.3 Constrained optimization matching algorithm 
The matching algorithm solves the multi-firm, multi-commodity assignment problem of identifying which waste 

streams from which firms can feasibly supply which input needs of which other firms, subject to transportation 

cost, compatibility, and contractual constraints. By modeling the industrial park as a directed network graph with 

firms as nodes and feasible exchange relationships as edges, the matching problem can be reformulated as a 

constrained optimization problem solvable in near-real-time using standard linear programming approaches. The 

algorithm runs continuously, re-solving as new sensor data updates supply and demand profiles, and broadcasts 

updated exchange opportunity rankings to participating firms every 15 minutes. This continuous re-optimization 

replaces the manual brokerage function that currently requires weeks to months to identify and negotiate a single 

new exchange relationship [2]. 
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Representative Exchange Types and Value Estimation 
Table 3 presents five representative waste stream exchange types that would be enabled by the proposed platform 

architecture in a hypothetical industrial park with the four firm types shown in Figure 1. Annual volume and value 

estimates are derived from publicly available industrial ecology case studies and environmental cost benchmarks. 

Each exchange type is mapped to the primary symbiosis formation barrier it addresses. 

 

Table 3. Representative Waste Stream Exchange Types with Value Estimates 

Exchange 

type 
Donor firm 

Recipient 

firm 

Annual 

volume (est.) 

Value created 

(est.) 

Barrier 

addressed 

Solvent 

byproduct 

reuse 

Chemical plant 
Electronics 

assembly 

180 

tonnes/year 

USD 42,000 

avoided 

disposal 

Quality 

uncertainty 

Biomass fuel 

substitution 

Food 

processing 

Metals heat 

treatment 
640 GJ/year 

USD 28,000 

energy saving 

Temporal 

mismatch 

Slag soil 

amendment 

Metals 

manufacturer 

Agricultural 

co-op 

220 

tonnes/year 

USD 15,000 

input 

substitution 

Information 

asymmetry 

Process steam 

sharing 
Chemical plant 

Food 

processing 
1,200 GJ/year 

USD 56,000 

energy saving 

Brokerage 

cost 

Coolant water 

recovery 

Electronics 

assembly 

Chemical 

plant 
8,400 m³/year 

USD 19,000 

water saving 

Regulatory 

ambiguity 

 

The five exchange types collectively represent an estimated annual value creation of USD 160,000 across the 

four-firm illustrative network, comprising USD 97,000 in avoided disposal costs and USD 63,000 in input 

substitution value. Fraccascia et al. demonstrated through agent-based simulation that network-level subsidy and 

tax policy instruments significantly accelerate the emergence of industrial symbiosis networks by improving the 

economic viability of marginal exchange relationships [12]. Scaling to a realistic industrial park with 20 to 50 co-

located firms of heterogeneous sector composition, the combinatorial expansion of feasible exchange pairings 

suggests that aggregate annual value creation could exceed USD 1 million for a park of this size, consistent with 

documented outcomes at mature eco-industrial parks [4]. The price signal generator component of the platform 

architecture is critical to realizing this value: by computing and broadcasting per-tonne shadow prices for each 

waste stream in real time, the platform creates the economic incentive for firms to invest in sensor infrastructure 

and platform participation, generating the network effects that make the system self-sustaining as participation 

grows. 

 

5.1 Value of real-time versus periodic matching 
A key advantage of real-time matching over periodic manual brokerage is the capture of transient exchange 

opportunities that arise from temporary production conditions. Batch manufacturing firms generate concentrated 

waste streams during specific production runs that may last hours to days, creating narrow windows during which 

a compatible recipient must be identified and logistics arranged. Manual brokerage operating on weekly review 

cycles systematically misses these transient opportunities. Predictive analytics can identify them in advance by 

monitoring production schedules and forecasting waste stream availability, enabling proactive logistics 

coordination that converts transient waste peaks into reliable exchange supply [11]. 

 

Governance Requirements 
6.1 Regulatory classification of waste-as-resource 
The most consequential governance challenge for data-driven industrial symbiosis is regulatory: waste streams are 

subject to national and regional hazardous waste regulations that, in many jurisdictions, classify material as waste 

until it has been formally accepted by a licensed processing facility, regardless of its potential value as a 

production input [6]. Lombardi and Laybourn proposed a refined definition of industrial symbiosis that 

distinguishes collaborative resource sharing from simple waste exchange, arguing that this definitional 

clarification is a prerequisite for appropriate regulatory treatment [13]. This regulatory classification imposes 

transaction costs on waste-as-resource exchanges that do not apply to equivalent virgin material purchases, 

creating a systematic disincentive for symbiotic exchange that platform efficiency alone cannot overcome. The 

EU End-of-Waste criteria and U.S. EPA Beneficial Use Determinations provide regulatory pathways for 

reclassifying specific waste streams as non-waste secondary materials, but these pathways require case-by-case 

regulatory engagement that is poorly suited to the dynamic, continuously evolving exchange portfolio that a real-

time matching platform enables. Regulatory reform to establish automatic End-of-Waste classification for waste 

streams that meet specified quality thresholds and are directed to specified compatible uses would substantially 

reduce this governance barrier. 
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6.2 Data governance and competitive sensitivity 
Real-time waste stream data constitutes competitive intelligence: production volume and waste stream 

composition data reveals capacity utilization rates, product mix, and process efficiency information that firms may 

be unwilling to share with industrial park neighbors who are also commercial competitors. The platform 

architecture must therefore implement data minimization and access control mechanisms that limit each firm's 

visibility to the information strictly necessary to execute exchange transactions, without revealing the underlying 

production data from which waste stream composition is derived. Differential privacy techniques applied at the 

data aggregation layer can provide formal guarantees about the information extractable from shared waste stream 

data, analogous to the privacy-preserving approaches demonstrated in federated health data contexts [14]. 

Exchange price signals can be published as market indices rather than firm-specific quotes, further reducing 

competitive sensitivity of disclosed data. 

 

6.3 Environmental accounting and LCA integration 
The environmental benefit of waste stream exchanges must be quantified and verified to support corporate 

sustainability reporting, regulatory compliance, and access to circular economy funding programs. The 

governance interface layer of the proposed architecture connects to national waste registries and environmental 

reporting systems to generate automated compliance certificates and mass balance records for each exchange 

transaction. Integration with life cycle assessment databases enables the platform to compute the avoided burden 

attributable to each exchange, quantifying the net reduction in primary material extraction, energy consumption, 

and waste disposal associated with the symbiotic transaction. These LCA-verified impact metrics directly support 

the environmental return on investment reporting that funders including the EPA Pollution Prevention program, 

the DOE Office of Energy Efficiency, and the Ellen MacArthur Foundation require from circular economy 

investments [1]. 

 

Conclusions and Future Research 
This paper has proposed a real-time data-driven architecture for industrial symbiosis at scale, integrating IoT 

waste stream characterization, machine learning quality prediction, constrained optimization matching, and 

automated governance interfaces within a platform connecting co-located manufacturing firms. The architecture 

directly addresses the five primary barriers to symbiosis network formation identified in the industrial ecology 

literature: information asymmetry is resolved through continuous IoT monitoring; temporal mismatch is addressed 

by predictive quality forecasting; quality uncertainty is managed through ML-calibrated confidence intervals; 

brokerage cost is eliminated through automated matching; and regulatory ambiguity is navigated through 

governance interface integration with waste registry systems. The evidence from facility-level digital twin 

implementations demonstrates that real-time waste stream characterization already identifies substantial symbiosis 

opportunities at the firm level [3], and the architecture proposed here extends this capability to multi-firm, 

dynamic, continuously updated matching at industrial park scale. 

 

Future research should pursue three directions. First, empirical evaluation of the proposed architecture through 

deployment in an existing eco-industrial park or special economic zone, measuring the increase in exchange 

network density, realized value, and avoided environmental burden relative to manual brokerage baselines. 

Second, investigation of the optimal governance model for multi-firm platform operation, including assessment of 

whether platform management is most appropriately located in a neutral third party such as a park management 

authority, an industry association, or a public environmental agency. Third, analysis of the network dynamics of 

data-driven symbiosis networks, including the conditions under which positive network effects drive expanding 

participation, the stability of exchange relationships under dynamic re-optimization, and the systemic risks 

introduced by high platform dependency in industrial park material flow systems. 
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