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The wood processing industry generates substantial waste. If not managed, this kind of waste can pose environmental and safety concerns. One solution is to convert waste into an alternative industrial fuel. This article examines the challenges and opportunities wood industry companies face when repurposing waste into secondary fuels. The study compares manufacturing networks in two companies in southern Brazil: one reuses its wood waste, and the other does not. The research uses interviews with key decision-makers, analysis of internal documents (the order database), and plant visits. A proxy variable is employed to assess the complexity of manufacturing arrangements. In this context, Shannon entropy serves as a proxy for system variability, reflecting the network's intrinsic complexity. The findings highlight several factors that influence the decision to reuse wood waste. These include limited profitability, the need for chemical analysis, seasonality requiring warehousing and handling, and safety and regulatory constraints. Understanding how these factors add to system complexity helps support more informed and viable decisions about waste reuse
Introduction
Complexity is a property of systems of interconnected elements. These interactions generate collective behaviors absent in isolated parts. Causal relationships are not proportional. Outcomes result from adaptive feedback dependent on initial conditions. Changes in key parameters may alter system dynamics, thereby limiting predictive power (Murphy et al., 2024). The number of components does not determine complexity; it depends on their interactions over time. Complexity studies avoid reducing objects to independent parts and instead focus on relations, flows, and processes. This perspective seeks statistical regularities, interaction structures, and self-organization mechanisms explaining pattern formation without centralized control or fixed laws (Artime and De Domenico, 2022). Biological, economic, and social systems show this type of organization. Their patterns emerge from local interactions (Jusup et al., 2022).
A concept associated with complexity and shared across multiple scientific domains is emergence: the disclosing of global-level properties or behaviors that are not present at the local level. The concept of emergence enables the description of analogous processes across domains using a common conceptual framework, thereby allowing formal comparisons among physical, biological, and social systems and the transfer of established methods within a given field. Complexity may function as a scientific reference framework guiding model construction and data interpretation, emphasizing relations and processes instead of individual behaviors (Rosas et al., 2020).
Industrial operations that reuse biomass are inherently complex due to the diverse materials, processes, and interactions involved. For example, wood industry waste—sawdust, chips, bark, and sludge—varies in composition, moisture, and particle size, affecting collection, processing, storage, and distribution (Nunes et al., 2020). Operations such as drying, combustion, gasification, pyrolysis, and biochemical conversion rely on interactions among biomass properties, operating parameters, and environmental conditions. These interdependencies create nonlinear behaviors, since changes in one stage affect others. An isolated analysis would ignore feedbacks in material and energy flows, which influence efficiency, emissions, and by-product generation (Hossain et al., 2022).
Measuring complexity in wood waste reuse requires viewing the operation as a network of interdependent processes. Technology choices, pretreatment, and energy integration all affect costs, resource use, and environmental impacts. Variability in residue supply, often driven by seasonal and logistical factors, introduces uncertainty (Nunes et al., 2020). Complex systems-based models, such as dynamic simulations and network analysis, help evaluate integration scenarios among industrial units, cogeneration, and bioproduct production. They also show trade-offs under uncertainty, a feature typical of complex environments (Gital et al., 2024).
Searches in Scopus, including articles in English from 2020 to 2026, returned 2,713 and 357 articles for the keywords "wood waste" and "complexity management," respectively. A third search for their intersection returned zero articles, confirming that exploring complexity in wood waste reuse operations is a research gap, even when alternative terms such as "waste repurposing" or "wood reuse" were used. This gap motivates the present article, which aims to compare the network complexity of manufacturing activities in two companies in southern Brazil: one company that does not reuse its wood waste and another that does. Using a quantitative modelling approach, the study identifies key factors that increase complexity in biomass-reuse operations. The expected contribution is to reveal how complexity can be measured and managed in industrial settings, providing analytical insights to aid decision-making about waste reutilization strategies. The following sections detail the literature review, methodological procedures, results, discussion, conclusions, and future research.
Wood waste reuse, drivers of complexity and Shannon entropy
[bookmark: _GoBack]In industry, wood waste reuse is widely studied as a way to add value to by-products from the forest, timber, and furniture sectors, including packaging, mainly pallets (Adlmaier and Sellitto, 2007). Residues such as sawdust, chips, shavings, bark, offcuts, and sludge occupy large volumes, prompting the need for technologies to reintegrate them as industrial inputs or energy (Putra et al., 2024). Reusing wood waste reduces primary resource use, diverts waste from landfills, and advances circular economy principles (Leone et al., 2025).
As material inputs, wood waste is used to make particle boards, MDF, OSB, and other lignocellulosic composites. In these products, particles or fibers are bonded using synthetic resins or binders. Wood waste also serves as filler or reinforcement in polymeric materials, wood–cement composites, and biocomposites. This allows partial substitution for mineral or petrochemical inputs. Physical and chemical pretreatments, including grinding, drying, particle classification, and surface modification, are needed for mechanical performance and stability. Feedstock variability is a recurring issue in the literature. It affects product quality, process repetition, and industrial control (Akter et al., 2022).
For energy applications, wood waste is used as solid fuel or for thermal and thermochemical conversion. Direct combustion for heat and power generation is the most established route, particularly in cogeneration systems—facilities that produce both electricity and useful heat—integrated with pulp, paper, and panel industries (Gil, 2021). Gasification and pyrolysis produce syngas, bio-oil, and biochar, while briquetting and pelletizing serve as secondary fuels. Parameters such as heating value, moisture, ash, and composition affect energy efficiency, emission levels, and equipment performance (Voulgaris et al., 2021).
Several methods have been proposed to measure complexity in industrial operations. This study uses Shannon entropy to quantify operational states (Sellitto et al., 2025; Herrera-Vidal et al., 2024). Equation (1) defines Shannon’s entropy in bits, as shown in Equation (2), for the discrete outcomes of a random variable that reveals if specific information is needed. Greater operational complexity means a higher chance that more information will be needed. quantifies uncertainty in a probability distribution: higher values mean more randomness and unpredictability, while lower values mean increased predictability and less uncertainty. As predictability goes up, coordination needs fall, lowering internal complexity. A higher value thus means more information is required to reduce uncertainty. A lower value means the opposite. For multiple operations, this is expressed in Equation (3). In this study, n = 2, the binary Shannon entropy, that appears in Equation (4). Maximum entropy occurs when pi = 0.5 (Sellitto et al., 2025).
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Where:
H(P) = entropy of a random variable;
pi is the probability of the ith outcome for a variable;
n is the number of possible outcomes for a variable;
m is the number of elements in a given dimension of the problem;
pi…k are the probabilities of the possible outcomes for the variables in a multidimensional problem.

As the complexity depends on the network’s size, a relative metric is due, given by the absolute entropy provided by Equation (3) divided by the maximum possible entropy. H(P) reaches its maximum when p = 0.5 for every operation. Since , when the probability of the existence of a complexity driver is 0% or 100%, variability is equally null, and the resulting increase in complexity is identical in both cases. However, the degree of complication is greater in the second case, reinforcing the notion that complexity and complication are not synonymous (Sellitto et al., 2024). For example, in both studied cases, managing compliance with environmental regulation is necessary for all orders, so the probability of needing further action is 100% and the complement is 0%. Even more complicated, the complexity is the same, as the variability or uncertainty in merit is null.   
The research
Methodology
The study adopted the following steps: (i) a literature review identified drivers with potential to boost complexity in wood waste reuse operations; (ii) a focus group composed of three scholars specialized in waste reuse in industrial operations evaluated the set of drivers, identified redundancies, and simplified the measurement model; (iii) two companies from the Southern Brazilian furniture industry that generate wood waste were identified. One company operates under MTS (make-to-stock), and the other under ETO (engineering-to-order); (iv) two managers from each company were interviewed and answered the question: what is the probability that a production order j is affected by driver i? If the probability is greater than 50%, for parsimony the study assumes the complement, since H(p) = H(1-p) (v). Using Shannon entropy, the increase in complexity due to waste reuse was calculated, compared, and discussed. The calculation embraces two outcomes and four operations: collection, processing, storage, and destination, so Equations (3-4) are due. 
Results and discussion
The first operation involves the production of standardized components for the furniture industry and generates approximately 20% waste, which is solid (offcuts, cutting leftovers, defective parts, and panel remnants) or particulate (sawdust, wood shavings, chips, and wood dust). The materials are collected, sorted, packaged, stored, and dispatched by logistics operators for further application. The ETO operation may generate up to 50% waste, consisting of solid particulates and leftovers that require segregation, such as glues, resins, adhesives, paints, varnishes, or solvents that emit volatile organic compounds (VOCs). Given the volume, the company produces briquettes for combustion in industrial boilers, which requires industrial machines. Comparing the processes, the first case is expected to be less complex.
Wood waste reuse systems exhibit structural and operational complexity arising from the interactions among sources of variability, technological choices, logistical constraints, and multi-level decision dependencies across industrial networks. A review of the literature identified the most important factors that could increase complexity in wood waste reuse operations. The scholars evaluated the drivers and suggested reducing indicators by aggregating those deemed similar or correlated across the studied cases. For further applications, the original, complete model should be considered. The companies’ managers evaluated the probability of each driver being active (and therefore requiring further coordination actions) in the fulfilment of the production order across four processes: collection (C), processing (P), storage (S), and destination (D). The evaluation included consulting the production orders’ database of the companies and a technical evaluation in the field supported by practitioners. Table 1 synthesizes the drivers, classified as safety (S), environment (EV), and economic (EC) concerns. Tables 2 and 3 show the probabilities and the entropies of the operations calculated by Equation 3.
Table 1: Drivers of complexity in wood waste reuse operations
	Driver
	Description
	Empirical reference

	Technology route selection (S1)
	Choice among combustion, gasification, pyrolysis, panel manufacturing, or chemical conversion.
	(Rosas et al., 2020)

	Pre-treatment requirements (S2)
	Drying, grinding, classification, and homogenization may introduce additional energy and material decisions 
	(Liu, 2015)

	Storage and degradation (S3)
	Physic-chemical and biological changes during the storage time affecting processing parameters.
	(Pari et al., 2020; Sellitto et al., 2012)

	Multi-actor coordination (S4)
	Interactions among waste producers, processors, logistics providers, and consumers.
	(Artime & De Domenico, 2022)

	Control and automation (S5)
	Difficulty in maintaining operational stability under variable inputs and multiple operating strategies.
	(Herrera-Vidal et al., 2025)

	Collection and transport (EV1)
	Geographical dispersion of sources affecting transportation requirements. 
	(González-García and Bacenetti, 2019)

	Secondary waste generation (EV2)
	Production of ashes, tars, effluents, and rejects requiring further treatment or disposal.
	(Arena, 2012)

	Data availability and monitoring (EV3)
	Limited real-time measurement of biomass properties and process performance 
	(Rosas et al., 2020).

	Regulatory constraints (EV4)
	Emission limits, product quality standards, and traceability requirements.
	(Agyemang et al., 2024)

	Energy and material efficiency trade-offs (EV5)
	Balancing yield maximization, energy consumption, and by-product generation.
	(Corona et al., 2020)

	Mixed origin (EC1)
	Combination of waste from multiple industrial processes, suppliers, and production stages 
	(Robichaud et al., 2019)

	Feedstock variability (EC2)
	Differences in wood species, moisture, chemical composition, density, and particle size
	(Mancini et al., 2021).

	Supply fluctuations (EC3)
	Variation in waste availability due to seasonality, demand, and production rates 
	(Okolo and Susaeta, 2025) 

	Process integration (EC4)
	Coupling of biomass conversion units with existing industrial processes 
	(Ochieng et al., 2022)

	Interdependence between stages (EC5)
	Influence of operational parameters in one unit on downstream performance.
	(Murphy et al., 2024)

	Market uncertainty (EC6)
	Fluctuations in demand for wood-based products and bioenergy
	(Okolo and Susaeta, 2025) 

	Economic viability (EC7)
	Sensitivity to energy prices, feedstock costs, transport expenses, and capital investment 
	(Wüstenhagen and Menichetti, 2012)

	Scale of operation (EC8)
	Differences in strategic performance between small, medium, and large batches.
	(Demirbas, 2010)


Table 2: Probabilities of existence of active complexity drivers in individual operations
	Driver
	C1
	P1
	S1
	D1
	C2
	P2
	S2
	D2

	S1-2
	0%
	0%
	0%
	0%
	0%
	0%
	0%
	0%

	S3
	10%
	10%
	20%
	10%
	0%
	10%
	20%
	20%

	S4
	20%
	0%
	0%
	0%
	20%
	30%
	10%
	10%

	S5
	0%
	0%
	0%
	0%
	0%
	0%
	0%
	0%

	EV1
	20%
	0%
	0%
	20%
	20%
	10%
	0%
	10%

	EV2
	0%
	0%
	0%
	0%
	0%
	20%
	10%
	10%

	EV3-4
	0%
	0%
	0%
	0%
	0%
	0%
	0%
	0%

	EV5
	0%
	20%
	10%
	0%
	10%
	20%
	10%
	0%

	EC1-2
	0%
	0%
	0%
	0%
	20%
	20%
	0%
	0%

	EC3
	10%
	10%
	0%
	0%
	10%
	10%
	0%
	0%

	EC4-5
	20%
	10%
	0%
	0%
	10%
	20%
	10%
	20%

	EC6-7-8
	10%
	10%
	0%
	0%
	10%
	10%
	10%
	10%

	Average
	8%
	5%
	3%
	3%
	8%
	13%
	6%
	7%



Table 3: Calculated entropies of all individual operations
	Driver
	C1
	P1
	S1
	D1
	C2
	P2
	S2
	D2

	S1-2
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00

	S3
	-0.47
	-0.47
	-0.72
	-0.47
	0.00
	-0.47
	-0.72
	-0.72

	S4
	-0.72
	0.00
	0.00
	0.00
	-0.72
	-0.88
	-0.47
	-0.47

	S5
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00

	EV1
	-0.72
	0.00
	0.00
	-0.72
	-0.72
	-0.47
	0.00
	-0.47

	EV2
	0.00
	0.00
	0.00
	0.00
	0.00
	-0.72
	-0.47
	-0.47

	EV3-4
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00

	EV5
	0.00
	-0.72
	-0.47
	0.00
	-0.47
	-0.72
	-0.47
	0.00

	EC1-2
	0.00
	0.00
	0.00
	0.00
	-0.72
	-0.72
	0.00
	0.00

	EC3
	-0.47
	-0.47
	0.00
	0.00
	-0.47
	-0.47
	0.00
	0.00

	EC4-5
	-0.72
	-0.47
	0.00
	0.00
	-0.47
	-0.72
	-0.47
	-0.72

	EC6-7-8
	-0.47
	-0.47
	0.00
	0.00
	-0.47
	-0.47
	-0.47
	-0.47

	Entropy
	
	
	
	8.55
	
	
	
	16.07



For the first and second cases, reported by Tables 2 and 3, complexity increases by 8.55 and 16.07 bits, respectively. As the maximum possible complexity is 48 (if all probabilities were 50%), the percentage entropies are 17.8% and 33.5%, respectively. The first case embeds less variability, requires less coordination effort, allows more automation as processes become more stable, and is therefore less complex. The second embeds more variability, which implies more extraordinary coordination actions, resulting in a more complex operation. In the first case, the operation that contributes most to complexity is material collection, explained by the diversity of waste volumes and particle sizes. The second case’s collection operation adds approximately the same amount of complexity, as the operations are similar. In the second case, the operation that contributes most to complexity is processing, explained by the need for segregation due to contaminated fractions and by the briquetting operation. Storage and distribution operations add more complexity than in the first case, due to the larger waste volume and packaging. The first case prioritizes cost and quality, characterizing an efficient, small number of emergencies, a low complexity network that requires lean strategies. The second prioritizes flexibility and dependability that require agile strategies, characterizing a responsive, high complexity network that allows emergencies to improve the capacity to tackle unexpected problems. In short, controlling complexity may require either avoiding or allowing emergencies, depending on the strategic priorities.
Conclusion
This study demonstrates that the complexity inherent in wood waste valorization extends underlying technical issues, encompassing interactions among safety protocols, environmental compliance, and economic viability. Using Shannon entropy analysis, we quantified operational complexity across two distinct production strategies: an MTS operation exhibited 17.8% entropy (8.55 bits), while an ETO operation reached 33.5% entropy (16.07 bits). The comparative analysis reveals that strategic priorities fundamentally shape the approaches to complexity management. Lean-oriented operations favor efficient, low-complexity networks with standardized processes, whereas responsive-prioritizing systems require agile, high-complexity configurations capable of supporting emergent challenges. The main study´s contribution is to underscore that successful wood waste reuse demands holistic complexity assessment rather than isolated technical optimization. Future research should incorporate multicriteria decision-making frameworks, expand sample sizes, and develop refined metrics to address multicollinearity in multivariate analyses. Understanding complexity dynamics enables wood processing industries to design economically viable, environmentally sustainable, and operationally safe waste valorization strategies aligned with circular economy principles.
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