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Abstract 

Sustainable aviation fuel (SAF) has demonstrated promising potential in reducing carbon emissions 

within the aviation industry. Several initiatives have been started to increase the use of SAF in the 

industry. However, the technology needed for its development requires important insights to guide 

policymakers and investors. Industry 4.0 is a potential platform that can provide the most 

technologically sophisticated technologies. This study aims to review the existing literature and 

identify similar studies and case studies that can assist in advancing SAF supply chains and 

production processes utilizing technologies offered by Industry 4.0, ultimately helping the SAF 

Grand Challenge achieve its sustainability goals. This research's findings will benefit practitioners, 

policymakers, investors, government entities, and other stakeholders in the aviation sector by 

identifying appropriate methods and technology to enhance SAF production and advance the 

mission. 

Keywords: industry 4.0; aviation; sustainable aviation fuels; sustainable supply chains; technology 

adoption 

 

1. Introduction 

As global aviation continues to expand, so does its environmental footprint, particularly 

concerning greenhouse gas (GHG) emissions. Aviation currently accounts for 2-3% of global carbon 

dioxide emissions. Without targeted interventions, this share is expected to grow significantly over 

the coming decades due to increased air travel demand (Chireshe et al., 2025; Staples et al., 2018; 

World Economic Forum, 2021). Sustainable Aviation Fuel (SAF), derived from renewable biomass, 

waste materials, or synthetic processes, has emerged as a promising solution to substantially reduce 

aviation-related carbon emissions (Staples et al., 2018). SAF can reduce lifecycle greenhouse gas 

emissions by 50-90% compared to conventional fossil-based jet fuels (Cui & Chen, 2024). This 

replacement supports international climate commitments such as the SAF Grand Challenge, which 

includes achieving net-zero emissions for the aviation sector (DOE, USDA, DOT, and EPA, 2022). 

Despite the recognized benefits, the widespread adoption of SAF faces several barriers. These 

include high production costs, stringent quality requirements, feedstock availability and 

sustainability, complex regulatory certification processes, challenges in distributing and integrating 

SAF into existing aviation infrastructures, lack of policy support, incentives, and mandates, and lack 

of awareness of the role of SAF as a sustainable fuel (Grim et al., 2024; Kandaramath Hari et al., 2015; 

Watson, Machado, Da Silva, et al., 2024; Sharno & Hiloidhari, 2024). These barriers must be overcome 
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through innovative approaches, such as adopting Industry 4.0 technologies to play a transformative 

role (Bhagwan & Evans, 2023). 

Industry 4.0 is characterized by its integration of modern technologies. These include artificial 

intelligence (AI), Internet of Things (IoT), blockchain, digital twins, big data analytics, cloud 

computing, augmented reality (AR), virtual reality (VR), and robotics (Arafat et al., 2024; Bhagwan 

& Evans, 2023; Frank et al., 2019; Ghobakhloo et al., 2024; Ivanov, 2023; Olsen & Tomlin, 2019; M. 

Sharma et al., 2024). These technologies appear promising when applied to supply chain integration 

and SAF production. They have significant potential in commercializing SAF production, expediting 

development, improving fuel quality, simplifying certification procedures, and improving 

infrastructure compatibility (He et al., 2024). 

This goal of this study is to answer the research question: How could the technological 

constituents of Industry 4.0 assist in speeding up SAF production and create a clear pathway towards 

net-zero emissions in the aviation sector by 2050? The study will draw upon some case studies and 

examples of the practical integrations within energy production systems and supply chains. The 

study will inform industry stakeholders such as policymakers, federal agencies, investors, farmers, 

producers, airlines, airports, researchers, and technology providers. 

The remainder of the paper is structured as follows: Section 2 expands on information regarding 

the technological aspects of Industry 4.0, elaborates further on the SAF Grand Challenge, and 

highlights gaps in the literature that this study fills. Section 3 discusses the research methodology. 

Section 4 discusses the workstream intersections between Industry 4.0 technologies and the SAF 

Grand Challenge. In conclusion, section 5 provides a summary of the findings and outlines a 

perspective for future studies. 

2. Background 

This section contributes an overview of the two key concepts explored in this research: the SAF 

Grand Challenge and Industry 4.0, along with their associated technologies. 

2.1. Sustainable Aviation Roadmaps 

Achieving deep decarbonization in the aviation sector is a central challenge in the global effort 

to mitigate climate change. The United Nations SDGs, particularly SDG 7 (Affordable and Clean 

Energy) and SDG 13 (Climate Action), emphasize the need for accelerating transitions toward low-

carbon energy systems, including those used in hard-to-abate sectors such as aviation (Inan et al., 

2025). Given the industry’s dependence on high energy-dense liquid fuels, SAF has emerged as a 

promising alternative capable of reducing lifecycle GHG emissions by up to 80% compared to 

conventional jet fuels (ICAO, 2019). 

Over the past two decades, several global and national efforts have been launched to promote 

SAF development through policy incentives, R&D funding, certification frameworks, and private-

public collaborations. Several landmark regional and global initiatives have been instrumental in 

laying the foundation for the worldwide development and adoption of SAF. The efforts were initiated 

with the ASTM D7566 Certification in 2009, which approved blending SAF with conventional jet fuel. 

The ASTM Certification provided the initial commercial pathway for the use of SAF consistent with 

existing aircraft and airport infrastructure (ASTM, 2025; IATA, 2020). In 2013, the International Civil 

Aviation Organization (ICAO) rolled out the Alternative Fuels Roadmap to provide guidance to 

member states on sustainable fuels, while also compiling global SAF progress metrics. The 

establishment of this roadmap laid the groundwork for subsequent regulations and contributed to 

the ICAO Expo's development of the Carbon Offsetting and Reduction Scheme for International 

Aviation (CORSIA) in October 2016. As a key part of CORSIA, when an airline surpasses its 2020 CO2 

emissions threshold, it must offset those emissions (ICAO, 2013, 2016). One of the most significant 

regional initiatives, launched by the European Union (EU) in 2020, is the ReFuelEU Aviation Initiative 

(European Parliament, 2021). ReFuelEU Aviation sets binding SAF targets for airlines in the EU. This 

involves blending SAF, starting at a minimum of 2% by 2025 and increasing to 70% by 2050. 
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Additionally, multiple nations have considered whether to develop their own SAF roadmap 

with a focus on increasing SAF capacity and the building of SAF supply chains and supporting 

sustainable feedstocks, SAF production and SAF blending at airports. A summary of the initiatives 

by countries is presented in Table 1. It is worth noting that several other countries not included in the 

table, such as France, the United Kingdom, Finland, Norway, and Sweden, have established 

ambitious objectives for producing SAF; However, they have yet to publicly disclose a 

comprehensive roadmap outlining their plans and expectations, encompassing not only mandates 

and GHG reductions expected, but also all relevant aspects of SAF production. 

Table 1. Global SAF initiatives: A chronological overview. 

Year 
Initiative / 

Program 

Country/O

rg 
Objective Reference 

2021 

SAF Grand 

Challenge 

Roadmap 

US (DOE, 

DOT, 

USDA, 

EPA) 

• 3B gallons by 2030, 35B gallons 

by 2050 

• Integrated multi-agency strategy 

focused on feedstock, technology, and 

supply chain development 

(DOE, USDA, 

DOT, and 

EPA, 2022) 

2021 
Canada Clean 

Fuel Regulations 
Canada 

• Establishes SAF as a credit-

generating option in fuel compliance 

markets 

• Targets a 15% reduction by 2030 

(CFR, 2022) 

2021 
Japan SAF 

Roadmap 
Japan 

• Establishes SAF as part of 

national decarbonization strategy (No 

details have been released on design 

aspects) 

• Targets 10% SAF by 2030 for 

international flights 

(SkyNRG, 

2024) 

2021 
SAF Consortium 

Roadmap 

New 

Zealand 

• Plans establishing a domestic 

SAF industry in New Zealand capable 

of reducing aviation emissions by up to 

85% by 2050. 

• Strong support for public-private 

collaboration 

•  

(MBIE, 2021) 

2022 

National 

Sustainable 

Aviation Fuel 

Roadmap 

United 

Arab 

Emirates 

• Aim to produce 700 million liters 

of SAF annually by 2030 

• Aims to implement a voluntary 

target for locally produced SAF to 

represent at least 1% of the total fuel 

used by national airlines at UAE 

airports by 2031. 

(GCAA & 

MOEI, 2022) 

2023 

Sustainable 

Aviation Fuel 

Roadmap 

Australia 

• Focuses on production, supply 

chain development, and integration 

into the national aviation sector 

• Supported by Queensland Govt., 

Qantas, Airbus, and LanzaJet 

(CSIRO, 2023) 

2024 

Singapore 

Sustainable Air 

Hub Blueprint 

Singapore 

• Achieve a 20% reduction in 

domestic aviation emissions by 2030, 

with a firm commitment to reach net 

zero emissions by 205. 

• From 2026, flights departing 

Singapore will be mandated to use SAF  

(CASS, 2024) 
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Building upon these global and national initiatives, the United States has emerged as a key actor 

in advancing SAF through the launch of the Sustainable Aviation Fuel Grand Challenge. While many 

countries have outlined general goals or introduced mandates related to SAF production and use, the 

U.S. roadmap distinguishes itself through its depth, interagency coordination, and actionable 

framework. The SAF Grand Challenge offers a clear pathway for specific actions across the supply 

chain. It sets ambitious production targets and aims to spur collaboration and innovation at every 

step in the effort to derive sustainable aviation fuel solutions. The following takes a deeper look at 

this initiative, its structure, and its relevance as a benchmark model for other national efforts aiming 

to scale SAF production and decarbonize aviation. 
The SAF Grand Challenge is an effort that integrates resources from the U.S. Department of 

Energy (DOE), Department of Transportation (DOT), and the U.S. Department of Agriculture 

(USDA) alongside the Environmental Protection Agency (EPA) with the aim of accelerating SAF 

production and utilization (DOE, USDA, DOT, and EPA, 2022). The U.S. Biden administration 

designed this initiative to enhance the use of SAF towards decarbonizing the U.S. aviation industry. 

The SAF Grand Challenge sought to achieve an annual production of 3 billion gallons by 2030 and 35 

billion gallons by 2050 (DOE, USDA, DOT, and EPA, 2022). This goal envisions achieving a complete 

substitution for conventional jet fuel utilized within domestic aviation. The move would reduce GHG 

emissions by at least 50% over their life cycle. 

This initiative builds on the fact that aviation is one of the most challenging sectors to 

decarbonize because of its reliance on high-density liquid fuels (Alaska, 2021; Bergero et al., 2023). 

SAF offers a feasible option for emission reduction in the near and intermediate terms. SAF can be 

produced from renewable or waste-derived streams and is fully compatible with existing aircraft and 

infrastructure. However, production at these levels necessitates multiple and coordinated changes in 

policies, investments, and collaboration along the entire supply chain. These changes will range from 

feedstock cultivation and fuel production to logistics, certification, and consumption. 

To achieve the strategic objective, the SAF Grand Challenge Roadmap lays out six key action 

areas: (1) Feedstock Innovation, (2) Conversion Technology Innovation, (3) Building Supply Chains, 

(4) Policy and Valuation Analysis, (5) Enabling End Use, and (6) Communicating Progress and 

Building Support. Each area includes specific workstreams designed to tackle multifaceted technical, 

economic, environmental, and institutional issues. For instance, feedstock innovation relates to 

increasing the recovery of sustainable biomass and waste resources. Workstreams under conversion 

technology seek to enhance the efficiency and effectiveness of viable jet fuel production. The roadmap 

also highlights the need to develop comprehensive and regionally optimized supply chains capable 

of large-scale operations in production and distribution. 

While the roadmap is more of a policy and coordination-oriented plan, it implicitly suggests that 

innovation and technical progress must be at the center of fulfilling each of these goals. Workstreams 

include developing environmental models, optimizing resource flows, fuel quality analysis, and 

infrastructure capacity expansion. The roadmap emphasizes that the objectives will not be achieved 

without long-term coordination and collaboration across government agencies, industry partners, 

academics, and the community. This collaboration is meant to provide consistent cross-sector action 

that is reactive and proactive. The rationale is to incorporate the best available data, information, 

knowledge, and intelligence into the various processes and operations embedded in SAF supply 

chains. The roadmap also highlights the need for adaptive implementation through ongoing learning, 

system-level assessment, and feedback loops. In this way, the capability and willingness to 

implement new approaches, tools, and innovations in relation to feedstock management, fuel 

qualification, and supply chain modelling will reflect the need to continually develop competitive 

capabilities. As a result, although the roadmap focuses on policy and coordination, its structure 

leaves space for advanced and innovative approaches and technologies to shape and assist the 

broader decarbonization goal in aviation. 

2.2. Industry 4.0 
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Industry 4.0 represents the Fourth Industrial Revolution. A group of German scientists 

introduced the concept around 2011 to describe emerging technological trends in manufacturing. It 

focuses on the integration of automation, the management of big data through cloud computing, 

high-capacity data exchanges that enable connectivity across manufacturing processes, and the 

capability to convert digital instructions into physical outputs (C. Chauhan & Singh, 2019). A key 

feature of Industry 4.0 is the decentralization of decision-making, allowing cyber-physical systems to 

operate independently (Núñez-Merino et al., 2020). Many disruptive technologies have been 

suggested under Industry 4.0. However, scholars have yet to reach an agreement, due to different 

perspectives across research domains (Ghobakhloo et al., 2024). 

This paper builds on the paradigms introduced by Weyer et al. (2015) and insights from Choi et 

al.'s (2022). Figure 1 maps a broad set of technologies and applications associated with Industry 4.0, 

including blockchains, AI, IoT, 3D printing, and digital twins. Then, the following sections further 

explore the specific technologies that fall within each of these broader categories. 

 

Figure 1. Disruptive technologies under Industry 4.0. 

2.2.1. Blockchains 

Blockchains are decentralized ledgers secured through cryptography. They can process and 

verify transactional data within a distributed database system (Oriekhoe et al., 2024). According to 

Pattison (2017), the core feature of a blockchain is decentralization, which eliminates the need for a 
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central authority and prevents any single entity from controlling the information. A blockchain 

operates on a peer-to-peer (P2P) network, requiring all relevant parties to agree on the validity of 

transactions (Sharabati & Jreisat, 2024). This system is often governed by smart contracts, which are 

digital protocols containing predefined terms that are stored directly on the blockchain. These smart 

contracts enable the synchronized and immutable storage of information, providing a high level of 

security and traceability throughout the information flow (A. Park & Li, 2021). Table 2 summarizes 

the key technology components in a blockchain and their applications in supply chain management. 

Table 2. Key technologies in blockchains and their applications in supply chain management. 

Technology Definition Applications 

Distributed 

ledger 

technology 

(DLT) 

• A shared, 

immutable ledger that 

operates without a 

central authority, 

minimizing the need for 

intermediaries (Rauchs 

et al., 2018). 

• Enables the collection, storage, and 

sharing of critical information (Kamble et al., 

2019). 

• Strengthens input authenticity, supports 

ethical sourcing, and minimizes fraud 

(Balakrishnan et al., 2024; Roeck et al., 2020). 

• Enables a data-driven evaluation of 

performance through improved transparency 

(Morgan et al., 2018). 

• Strengthens cybersecurity; fosters reliable 

and efficient supply chain management (Brody, 

2017). 

• Enables real-time tracking and tracing of 

goods to ensure efficient logistics and smooth 

supply chain flow (Tönnissen & Teuteberg, 

2020). 

Smart contract 

• A computer-

driven, automated 

contracting system 

designed to streamline 

digital collaboration 

among multiple parties 

(Cai et al., 2021). 

• Ethereum is a type of blockchain that 

allows users to design their contracts with 

customized data structures and functions 

through unique digital addresses and 

application programming interfaces (APIs) 

(Ethereum, 2025). 

• Facilitates automation, synchronization, 

and transparency (Treleaven et al., 2017). 

• Supports the enforcement of legal 

agreements and reduces the need for 

intermediaries in transferring asset ownership 

(Magazzeni et al., 2017; Treleaven et al., 2017). 

• Collaborates on a shared digital platform 

leading to significant reductions in operational 

costs (Y. Chang et al., 2020). 

• Tracks changes in asset status throughout 

the logistics process (S. E. Chang et al., 2019; Y. 

Guo & Liang, 2016). 

Tokenization 

• A digital 

representation of 

physical or intangible 

assets in the form of 

cryptographic tokens 

that can be exchanged 

or traded (Kouhizadeh 

& Sarkis, 2020). 

• Enables cross-border payments and 

facilitates seamless information exchange (Eyo-

Udo et al., 2025). 

• Enhances the visibility and traceability of 

transaction flow (Rachana Harish et al., 2021). 

• Collects financial information (e.g., ratio of 

on-time deliveries) and non-financial 

information (e.g., cargo and vehicle details) to 
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aid financial institutions make informed 

decisions (Kim et al., 2021; X. L. Liu et al., 2020; 

Rachana Harish et al., 2023). 

• Enhances financial credibility, resulting in 

lower interest rates or expedited loan approvals 

(Hofmann et al., 2018; Y. Yu et al., 2021). 

• Raises capital and secures financing for 

their operations (Kumar et al., 2023). 

2.2.2. AI 

Artificial intelligence is currently driving significant transformation in Industry 4.0 by enabling 

innovative and intelligent production, operational, and management systems (Ali et al., 2024). Major 

companies, such as Amazon, Walmart, and Best Buy, have already extensively integrated AI into 

their supply chains. The most widely adopted disruptive technologies within the field of AI include 

machine learning (ML), natural language processing (NLP), computer vision, robotic process 

automation, and generative AI (Duan et al., 2019). Table 3 summarizes the key technologies in AI and 

their applications in supply chain management. 

Table 3. Key technologies in AI and their applications in supply chain management. 

Technolog

y  
Definition  Application 

  ML 

• Relies on 

algorithms to enable 

systems to learn 

representations of 

large, complex 

datasets (Brynjolfsson 

and McAfee 2017). 

• Extracts valuable information to support 

practical supplier evaluation and selection 

(Harikrishnakumar et al., 2019). 

• Uncovers hidden patterns in inventory (Bastani 

et al., 2022). 

• Enhances transportation and distribution 

efficiency through delivery route optimization (Y. 

Yang et al., 2021). 

• Analyzes historical sales data for seasonal 

forecasting and strategic planning (Tirkolaee et al., 

2021). 

NLP 

• Leverages 

statistical and 

semantic analysis to 

break down the 

relationships between 

words and phrases, 

enabling the 

automated extraction 

of meaning from 

speech or text 

(Syafrudin et al., 

2024). 

• Automates the extraction of key information like 

supplier names, quantities, and contract terms from 

invoices, bills, and other documents (Holloway, 2024). 

• Facilitates real-time translation and enables 

chatbot-assisted correspondence in global supply 

chains (Moshebah et al., 2024; Painuly & Sharma, 

2024). 

• Utilizes sentiment analysis to evaluate feedback 

from customers and suppliers (Serna et al., 2021). 

• Interprets complex legal language in supply 

chain contracts (Aejas et al., 2025). 

• Supports planning by analyzing news and 

operational data to detect compliance issues and risks 

(Aslam & Calghan, 2023). 

Computer 

vision 

• Enables the 

interpretation and 

extraction of 

meaningful 

information from 

visual inputs like 

• Enables sophisticated image recognition 

algorithms to monitor inventory levels and warehouse 

management (Tienin et al., 2024). 

• Automates stock counting, inventory tracking, 

and replenishment forecasting (Villegas-Ch et al., 

2024). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 July 2025 doi:10.20944/preprints202507.0819.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.0819.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 43 

 

images and videos (D 

Kulkarni Saurav, 

2024). 

• Enhances surveillance and security systems 

(Chavan et al., 2023). 

• Supports quality control with autonomous defect 

detection during production and packaging (Loce et 

al., 2013; Zhou et al., 2023). 

• Enhances traffic signs recognition, license plate 

reading, vehicle tracking, and cargo loading (Dilek & 

Dener, 2023). 

Robotic 

Process 

Automatio

n (RPA) 

• Uses 

programming 

interfaces and 

software robots to 

automate the 

repetition of routine 

tasks (Stevens, 2023). 

• Automates repetitive tasks like order processing, 

data entry, predictive maintenance, logistics 

coordination, inventory updates, shipment scheduling 

and tracking, invoice processing, report generation, 

and communications (Mahey, 2020). 

• Utilizes warehouse management through 

technologies such as Automated Storage and Retrieval 

Systems (AS/RS), Automated Guided Vehicles (AGVs), 

Collaborative Robots (Cobots), and Goods-to-Person 

(G2P) systems (Banur et al., 2024; Fitzgerald & 

Quasney, 2017). 

• Identifies, classifies, and manages items, 

including tasks like truck loading/unloading, item 

sorting, and shelf replenishment (A. Chauhan et al., 

2022; Ribeiro et al., 2021). 

• Integrates with SAP, Excel, and web portals to 

provide visualization for RPA analytics (Banur et al., 

2024). 

• Coordinates with AI techniques like fuzzy logic 

and artificial neural networks to extract information 

from documents, streamlining procurement and 

simplifying RPA workflows (Mahey, 2020). 

Generative 

AI (GAI) 

• Refers to 

systems that can 

create new content, 

such as text, images, 

videos, software code, 

or simulations, by 

learning patterns 

from existing data 

(Brynjolfsson et al., 

2025). 

• Generates Python code from verbal descriptions 

to simulate queuing systems and inventory processes 

(Jackson et al., 2024). 

• Negotiates with suppliers by analyzing inputs 

and adapting customized negotiation strategies for 

mutual benefits (Remko Van Hoek et al., 2022). 

• Utilizes ML techniques to track users’ website 

behavior and purchase history to offer personalized 

shopping recommendations (MIT Technology Review, 

2023). 

• Provides comprehensive analysis including 

disruptions, managerial directives, cost-efficiency 

measurements, service quality, route optimization, 

and weather (Richey et al., 2023). 

• Supports sustainable and ethical business 

practices by minimizing carbon emissions through 

resource and warehouse optimization (Dwivedi et al., 

2021; Klumpp & Ruiner, 2022). 

• Monitors regulation, media, social and 

environmental impacts to prioritize fair trade and 

ethics (Ashok et al., 2022; Dwivedi et al., 2023). 

• Recommends actions like audits, alternative 

suppliers, or communication to address potential 
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violations of fair-trade principles, environmental 

regulations, or labor laws (Pan & Nishant, 2023; von 

Krogh et al., 2023). 

2.2.3. Internet of Things (IoT) 

According to Hassini (2008), the Internet of Things (IoT) refers to a network of physical devices 

characterized by the following key features: (1) they are digitally integrated within the supply chain 

network; (2) this connectivity enables data storage, sharing, and analysis; (3) it supports both intra- 

and inter-organizational processes; and (4) it enhances coordination in supply chain planning, 

control, and management. IoT plays a foundational role in the context of Industry 4.0, serving as a 

critical enabler of the Fourth Industrial Revolution (Y. Khan et al., 2023; Sallam et al., 2023). An IoT 

network in supply chain management typically includes the four essential layers summarized in 

Table 4 (Al-Qaseemi et al., 2016; L. D. Xu et al., 2014). 

Table 4. Four layers in IoT and their applications in supply chain management. 

IoT Layers and Features Applications 

• Sensing Layer includes RFID tags, sensors, 

actuators, and other intelligent devices (Lee & 

Lee, 2015). 

o A foundational layer. 

o Enables identification, tracking, and 

collection of data from physical objects (Rayes & 

Salam, 2022). 

• Uses temperature sensors, multi-

agent systems, and smart devices to 

facilitate collaborative operations while 

maintaining high standards of safety 

and security in warehousing (Gao et al., 

2020). 

• Utilizes Ethereum-generated QR 

codes (Subramanian & Thampy, 2021) 

to store and secure tamper-proof 

manufacturing, tracking, and shipping 

information through unique blockchain 

address (Subramanian et al., 2021). 

• Uses a wide array of sensors, 

including accelerometers (Bhargava et 

al., 2022), battery sensors (Subramanian 

& Thampy, 2021), cameras (Alkhader et 

al., 2020), color sensors, gas sensors 

(Maiti et al., 2019), GPS modules, 

gyroscopes, light sensors, humidity 

sensors (Verdouw et al., 2018), moisture 

sensors, pH sensors, and temperature 

sensors to support the effective 

management of transportation, 

logistics, inventory, and manufacturing 

activities (Al-Rakhami & Al-Mashari, 

2021). 

• Network Layer transmits information 

gathered at sensing layer via wired or wireless 

networks (Alyahya et al., 2016; Rayes & Salam, 

2017). 

o Utilizes wireless networks and sensor-

enabled RFID technology to provide real-time 

visibility. 

• Service Layer uses middleware to interact 

between data services and applications (Lee and 

Lee, 2015, Borgia, 2014). 

o Integrates cloud computing to allow 

sensing devices to interface with IoT 

applications (Gubbi et al., 2013). 

• Interface Layer facilitates user interaction 

with the IoT system (Taj et al., 2023; Choi et al., 

2015). 

o Presents data in an accessible format and 

functions as an interactive gateway between 

end-users and IoT-enabled devices (O’Donovan 

et al., 2015). 

2.2.4. 3D Printing 

3D printing, also called additive manufacturing, enables the creation of complex physical objects 

from digital 3D models by using a variety of materials such as plastics, metals, ceramics, and even 

biomaterials (Gibson et al., 2015; Rogers et al., 2016). It has brought unprecedented levels of 

innovation to manufacturing as it allows diverse material inputs to support individualized design 

(Petrick & Simpson, 2013; Rogers et al., 2016). Table 5 summarizes its key features and applications 

in supply chain management. 
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Table 5. Key features in 3D printing and their applications in supply chain management. 

Key features Applications 

Mass 

customization 

• Disrupts downstream production and distribution operations 

(Kietzmann et al., 2015). 

• Allows customers co-creation of personalized products, merging 

product design, production, and distribution processes (Holmström & 

Partanen, 2014; Mohr & Khan, 2015). 

Material 

efficiency 

• Utilizes diverse raw materials to benefit upstream partners (Gress 

& Kalafsky, 2015). 

• Encourages smarter component design, recycled materials, and 

lower environmental impact (Despeisse et al., 2017). 

• Supports sustainable and eco-friendly supply chain by lowering 

global carbon emissions and promoting responsible resource utilization 

(Petrick & Simpson, 2013). 

Manufacturing 

decentralization 

• Facilitates a made-to-order production model, reducing inventory 

levels (Thomas Birtchnell et al., 2012).  

• Supports decentralization manufacturing near consumption 

(Chan et al., 2018), cutting lead times and reliance on centralized 

production (Mohr & Khan, 2015). 

Inventory and 

logistics costs 

reduction 

• Enables on-site production, reduces the need for extensive 

physical transportation (Tatham et al., 2015).  

• Allows end users to produce items locally (Nyman & Sarlin, 

2014).  

• Transforms inventory management towards a leaner system with 

more raw materials and semi-finished components over large volumes 

of finished stock (Corsini et al., 2022; Huang et al., 2013). 

2.2.5. Simulations (Digital twins/AR/VR) 

A digital twin is a real-time virtual model of a physical object or system that is created using 

sensor data gathered from the real world (Ivanov & and Dolgui, 2021). Teams can visualize, analyze, 

and learn more about the behavior and performance of the physical counterpart throughout its 

lifecycle with this data-driven model (Abideen et al., 2021). The ability to deliver continuous and real-

time data is the most crucial advantage of a digital twin. It enables organizations to monitor system 

performance, anticipate potential issues, and make more informed, data-driven decisions (Židek et 

al., 2020). Digital twins can also provide simulations of how products, processes, and systems could 

react under varying situations (Fuller et al., 2020; Qazi et al., 2022). 

Augmented Reality (AR) and Virtual Reality (VR) are immersive technologies that enhance 

physical-digital integration in supply chains by providing real-time, spatially contextualized 

information (Akbari et al., 2022). AR overlays digital content onto physical environments through 

smart glasses or mobile devices, while VR creates fully immersive simulations of supply chain 

environments, enabling users to interact with complex systems virtually (Akbari et al., 2022). These 

technologies are increasingly applied to support end-to-end supply chain functions, including 

logistics optimization, warehouse management, training and workforce development, infrastructure 

design, and collaborative decision-making. Table 6 summarizes key features and applications of 

digital twins, AR, and VR in supply chain management. 

Table 6. Key features in digital twins and their applications in supply chain management. 

Features Applications  

Virtual 

representation 

• Virtual representations of machines, production lines, or 

entire facilities enables intelligent task execution and process 

improvement (Qi & Tao, 2018; Viola & Chen, 2020). 
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Features Applications  

• Simulates products, processes, and systems, enabling 

responses to different situations (Fuller et al., 2020). 

Real time visibility  

• Enables virtual testing to reduce material waste and 

downtime, supports employee training and process validation 

(Halenar et al., 2019).  

Continuous 

monitoring 

• Mimic real-time operation for continuous monitoring (Javaid 

et al., 2022; Joseph et al., 2021). 

• Sends live data to cloud platforms for disruption prediction 

and scenario simulations (Agnusdei et al., 2021).  

• Empowers manufacturers to assess risks, estimate costs, and 

refine processes before large-scale changes (Roy et al., 2020; Santos 

et al., 2022). 

Immersive training 

simulations 

• Realistic VR flight and maintenance simulators, combined 

with AR-guided field training, prepare technicians, and operators 

without real-world risks (Rejeb et al., 2021). 

Remote 

collaboration and 

stakeholder 

engagement 

• Immersive AR/VR experiences engage stakeholders by 

demonstrating their activities and opinions in an interactive way 

(WEF, 2024). For instance, a VR tour of a SAF production site can 

show investors and regulators the supply chain and sustainability 

practices first-hand. 

2.2. Research Gaps 

This research offers a unique contribution to the existing literature on SAF production and 

commercialization. It presents the first exploratory analysis of how Industry 4.0 technologies are 

integrated and applied within SAF roadmaps aligned with the SDG initiative, specifically focusing 

on the SAF Grand Challenge in the United States. Prior studies have examined technological 

innovations associated with Industry 4.0 and their general applicability in renewable energy supply 

chains. However, no study targeted the role of innovations and the potential contributions of 

integrating Industry 4.0 technologies to advance SAF commercialization. This research addresses 

knowledge gaps by evaluating current practices and potential technological applications, specifically 

assessing how Industry 4.0 technologies can tackle key challenges in the SAF Grand Challenge. These 

include feedstock innovation, conversion technologies, supply chain management, policy 

formulation and evaluation, end-use implementation, and stakeholder communication. 

This study clearly reveals technological gaps, highlighting opportunities where Industry 4.0 

could simplify the SAF commercialization pathway, expedite regulatory approvals, enhance fuel 

quality, and improve overall SAF operations and supply chains. Through detailed case analyses and 

synthesis of existing literature on SAF production and Industry 4.0 technologies, this study offers 

managerial implications on the practical integration of Industry 4.0 technologies into SAF production 

systems. This work, therefore, provides valuable insights not only for academics seeking to advance 

understanding of potential opportunities for achieving sustainable SAF production, but also for the 

stakeholders and policymakers aiming to accelerate SAF adoption to achieve emissions-reduction 

targets in the aviation industry. 

3. Research Methods 

The integrative literature review approach has been adopted as the primary research 

methodology (Whittemore & Knafl, 2005). An integrative review is particularly suitable for emerging 

topics that have not yet been extensively conceptualized, allowing researchers to synthesize insights 

from multiple disciplinary perspectives to generate initial conceptualizations and theoretical 

frameworks (Snyder, 2019). This approach offers an ideal methodological foundation for this study 
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because the nexus between Industry 4.0 and SAF production is an emerging and multidisciplinary 

field. 

The authors of this research chose the integrative literature review method because it is flexible 

and can produce new theoretical insights and practical frameworks instead of just summarizing the 

body of existing literature. A more focused but creative analysis is made possible by the method’s 

emphasis on synthesizing and critically evaluating literature that particularly supports the study 

objectives, as opposed to a systematic review’s pursuit of thorough coverage of all pertinent literature 

(Torraco, 2005). The current study investigates the applicability of Industry 4.0 technologies in SAF 

production systems, which are both emerging research domains. 

An integrative literature review requires researchers to demonstrate excellent conceptual 

thinking (MacInnis, 2011), transparency, and skillful techniques to critically review a large body of 

literature. This method of literature review aims to collect, examine, and synthesize the current 

literature on a research topic to facilitate new perspectives or framework emergence, while 

generating new knowledge (Torraco, 2005). 

This study conducted an integrative literature review because it can successfully capture 

literature from multiple domains through holistic conceptualization and synthesis (Torraco, 2016). 

The review included streams of literature from different fields to generate the data for the review. 

The method used relevant keywords to retrieve the literature from databases. Specifically, the process 

involved three steps. First, a topic search for “the literature review of Industry 4.0” produced relevant 

review papers on Industry 4.0 for scrutiny. Second, a topic search for “Industry 4.0 in supply chain” 

produced literature aimed at understanding the applications of disruptive technologies from a 

supply chain management perspective. Third, a topic search for “Industry 4.0 in SAF”, “Industry 4.0 

in biofuels”, and “Industry 4.0 in renewable fuels” produced literature on specific technological 

applications from a SAF (or related fuel) perspective. Hence, these three main bodies of literature 

progressed from broad to narrow, covering key disruptive technologies under Industry 4.0, supply 

chain management, and the six grand challenges of SAF. 

Each step of the literature search utilized the following databases and related search tools: 

EBSCOhost, Emerald, Wiley, Taylor and Francis, Google Scholar, ScienceDirect, Springer, and Web 

of Science. The Google search engine produced additional literature from white papers, newspaper 

articles, company websites, and brochures. These data sources are well recognized as a reliable 

foundation for academic research (Pansare et al., 2021). 

Finally, the research team reviewed titles and abstracts to identify the most representative 

sources. The selection of articles, books, and grey literature was based on the following criteria: 

(1) Provide reviews that enhance understanding of Industry 4.0 and its representative technologies. 

(2) Provide knowledge that highlights the applications of Industry 4.0 in supply chain management. 

(3) Bridge the understanding of how disruptive technologies under Industry 4.0 could address the 

six streams of SAF grand challenges. 

Through this integrative methodology, the current research synthesizes existing literature across 

diverse but interrelated fields, such as renewable energy, aviation fuel policy, and advanced digital 

technologies to enrich the framework offered by the SAF Grand Challenge regarding technological 

advancements. 

4. Discussion and Implications 

This section examines the potential contributions of various technological dimensions of 

Industry 4.0 toward achieving the SAF Grand Challenge objective, specifically focusing on the 

commercialization of SAF. Each aspect of Industry 4.0 technologies is analyzed individually to 

identify its intersections and applications within the respective work streams and action areas 

outlined in section two, pertaining to the SAF Grand Challenge. Table 7 demonstrates how relevant 

Industry 4.0 technologies can be aligned with the SAF Grand Challenge workstreams and their key 

action areas. The following subsections will then provide a more detailed discussion of each of these 
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connections, explaining how the enabling technologies can facilitate and/or advance the 

implementation of each workstream. 

Table 7. Overview of Industry 4.0 applications within SAF commercialization framework. 

Workstream Key Action Area Industry 4.0 Technologies 

Feedstock 

Innovation 

Resource Market & Availability 

Analysis 
AI, Big Data, Blockchain, Cloud 

Increase Sustainable Lipid Supply AI, ML, Blockchain, IoT 

Boost Biomass Production & Waste 

Collection 
IoT, AI, Autonomous Robots 

Improve Feedstock Supply Logistics 
AI, IoT, Blockchain, Edge 

Computing 

Improve Feedstock Handling 

Reliability 

AI, Digital Twins, Robotics, 

Edge Computing 

Enhance Sustainability of Biomass 

Supply 
AI, Blockchain, IoT 

Conversion 

Technology 

Decarbonize and Scale Fermentation-

Based Fuels 

AI, ML, IoT, Blockchain, Edge 

Computing 

Enhance ASTM Pathways 
Digital Twins, AI, Blockchain, 

3D Printing 

Develop Bio-intermediates 
AI, Cyber-physical Systems, 3D 

Printing 

Reduce Risk & Scale-Up AI, Digital Twins, Blockchain 

Develop Innovative Pathways AI, IoT, Automation 

Building 

Supply 

Chains 

Establish Regional Coalitions 
Blockchain, Cloud, Smart 

Contracts 

Model SAF Supply Chains 
AI, Big Data, IoT, Edge 

Computing 

Demonstrate Regional Supply Chains AI, Digital Twins, 3D Printing 

Develop Production Infrastructure 
AI, Robotics, Automation, 

Blockchain 

Policy and 

Valuation 

Improve Environmental Data & 

Models 
AI, Big Data, Blockchain, Cloud 

Techno-economic Feasibility Analysis 
AI, Digital Twins, Edge 

Computing 

Contribute to SAF Policy 

Development 
AI, Blockchain, Cloud 

Enabling End 

Use 

Support Evaluation & Testing 
AI, Digital Twins, Blockchain, 

Automation 

Adopt High-percentage SAF Blends 
AI, Cyber-physical Systems, 

Sensors 

Explore Synthetic Jet Fuels AI, 3D Printing, Automation 
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Adapt Infrastructure IoT, Blockchain, AI 

Communicati

ng Progress 

Engage Stakeholders AI, Blockchain, Cloud 

Assess Benefits & Influence AI, Digital Twins, Cloud 

Track SAF Grand Challenge IoT, Blockchain, AI, Cloud 

Share Positive Impacts 
AI, AR/VR, Blockchain, 

Sentiment Analysis 

4.2. Feedstock Innovation 

It is crucial to establish sustainable feedstock supply chains to scale SAF production while 

minimizing costs, risks, and environmental impacts (Martinez-Valencia et al., 2021). Feedstock 

availability, efficiency, and sustainability can be enhanced by leveraging Industry 4.0 technologies 

such as analytic support from AI, real-time monitoring through IoT devices, transparency using 

blockchain technology, and efficiency of logistics leveraging automation (Liao & Yao, 2021). These 

technologies play a critical role in addressing each key action area under the Feedstock Innovation 

workstream, ensuring a resilient and scalable SAF supply chain. 

4.2.6. Recourse Market and Availability Analysis 

SAF supply chains present unique challenges in securing adequate, sustainable feedstocks and 

dealing with complex markets (DOE, USDA, DOT, and EPA, 2022). Emerging digital technologies, 

from big data analytics and AI to blockchain and cloud platforms, are being deployed to process and 

optimize feedstock availability, traceability, and market selection. For resource market analysis, big 

data analytics and AI-driven modeling tools can improve forecasting of feedstock supply and 

demand trends under varying SAF production scenarios (Jahin et al., 2024; J. Xu et al., 2021; Zamani 

et al., 2023). C. Wu et al. (2024) presents an ML framework that enables rapid estimation of fuel cost 

across randomized input scenarios for SAF production. Using this model, one can evaluate how 

variations in feedstock cost, supply volume, or technology performance impact SAF prices. As a 

producer of SAF, LanzaJet integrates AI and data analytics to refine its feedstock and production 

strategies (World Economic Forum, 2023). The application of ML to datasets of agricultural yields 

and available waste enables the company to pinpoint optimal feedstock sources and enhance its 

conversion processes. Such a proactive approach furthers innovative SAF, enhances new plant site 

selection, alters fuel compositions, and improves overall profitability. 

Blockchain-enabled market databases can provide transparent tracking of commodity and non-

commodity feedstock sources, ensuring secure and verifiable data for stakeholders (Ronaghi, 2021; 

Yi, 2022). The Roundtable on Sustainable Biomaterials (RSB), in collaboration with Bioledger, piloted 

a project that involved creating a blockchain database to track the lifecycle of used cooking oil (UCO) 

as a feedstock for biodiesel (Kennedy, 2021). By 2020, in cooperation with industry partners, the 

system had claimed to track around 1.93 million liters of UCO along with proof of UCO’s verifiable 

origin, secure digital records, and claims of simplified auditing. 

Leveraging cloud computing, AI-powered Cloud platforms can integrate real-time market data 

and conduct analyses, allowing policymakers and industry leaders to anticipate shortages, optimize 

pricing, and manage resource allocation (Ivanov et al., 2022; Moyer, 2021). With feedstock markets 

proving volatile, SAF and low-carbon fuel companies are increasingly turning to cloud AI solutions 

to streamline operations. Biofuel refinery Imubit, for instance, uses an AI optimization system 

(Imubit, 2025). Its cloud-based platform identifies plant-level process data, market data like feedstock 

prices, demand in specific geographies, and competitive position. The company automatically adjusts 

the production parameters for ongoing optimal profitability. Their platform features real-time 

dashboards that enable operators to monitor key performance indicators (KPIs) and conduct scenario 

analysis. 
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4.2.7. Increase Sustainable Lipid Supply 

According to the near-term plans specified in the SAF Grand Challenge, policy support and 

investment are essential to facilitate the production and utilization of expanded lipid-based 

feedstocks (DOE, USDA, DOT, and EPA, 2022). AI is transforming precision agriculture, which 

means utilizing more technology and innovative practices in order to improve agricultural 

productivity (Mana et al., 2024). AI provides guidance by using analyzed geospatial data to supply 

real-time information about soil moisture, weather, and crop water requirements. Farmers can then 

manage their resources responsibly, optimizing agricultural production potential with less 

environmental footprint (Obi Reddy et al., 2023). Similarly, there are blockchain tracking systems that 

provide transparency in waste lipid collection and processing, as well as to ensure sustainability of 

used cooking oils (UCOs), industrial byproducts, and other waste lipids (Gong et al., 2024). A pilot 

study report by the Roundtable on Sustainable Biomaterials (RSB, 2021) showcased how numerous 

transparency and accountability challenges within the UCO market could be addressed or vastly 

improved through the use of a blockchain ledger. Another study by Gong et al. (2024) examined UCO 

recycling in the UK and described a South European pilot that integrated blockchain with IoT sensors. 

The blockchain-IoT system authenticated each collection and traced the oil’s lifecycle. This curtailed 

fraudulent collections and tax evasion associated with black-market oil trading. ML algorithms can 

analyze data from waste treatment plants using sources such as UCO, identifying new opportunities 

for lipid recovery and conversion into SAF (Yan et al., 2025). 

Investments alongside policy support are required for the production and utilization of 

expanded lipid-based feedstocks as highlighted in the SAF Grand Challenge (DOE, USDA, DOT, and 

EPA, 2022). AI can transform precision farming, which is the application of farming practices that 

utilize advanced technologies, to increase agriculture productivity (Mana et al., 2024). Resource 

allocation is made more effective with the abundant use of AI. An example is the analysis of 

geospatial data that can provide real-time information on the soil moisture content, weather 

conditions, and the amount of water crops require. This aids in optimal resource allocation while 

improving harvest yields and crop health, while reducing the ecological footprint (Obi Reddy et al., 

2023). The collection and processing of waste lipids such as UCO or industrial byproducts can be 

verified for their sustainability using blockchain tracking systems, therefore ensuring transparency 

for lipid waste collection and processing (Gong et al., 2024). There are new opportunities for 

recovering lipids from waste treatment facilities, and converting them to SAF, that can be discovered 

through analyses of UCO employing ML algorithms (Yan et al., 2025). 

4.2.8. Boost Biomass Production and Waste Collection 

For improving biomass and waste collection processes, IoT sensors in waste management 

facilities collect monitored data from municipal solid waste (MSW), and agricultural and forestry 

residues. This ensures efficient collection and sorting (Lakhouit, 2025; Banerjee, 2023). AI-powered 

route optimization tools can improve waste-to-biofuel supply chain logistics, reducing transportation 

costs and emissions (Chávez et al., 2018; Csedő et al., 2024). A comprehensive analysis by 

Fang et al. (2023) found that AI optimization reduces waste transportation distances by 36.8%, 

resulting in a 13.3% reduction in costs, and almost 28% in time savings in collection operations. Also, 

autonomous waste-sorting robots can classify and separate biodegradable and non-biodegradable 

materials, increasing the efficiency of recyclable waste (Koskinopoulou et al., 2021; Olawade et al., 

2024). Koskinopoulou et al. (2021) developed a low-cost computer vision module based on deep 

learning for identifying and sorting items. Also, location allocation of the potential biomass 

feedstocks for SAF can clarify and accelerate the adoption process by farmers and investors, by 

providing them with accurate information about the feasibility and profitability of the feedstocks 

(Alam & Dwivedi, 2019; Ebrahimi et al., 2022). 

4.2.9. Improve Feedstock Supply Logistics 
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To optimize feedstock logistics, AI-powered logistics platforms can streamline feedstock 

transportation, storage, and preprocessing by analyzing real-time data on weather, road conditions, 

and refinery demand (Shah et al., 2025). FuelCab India is an AI-based logistics platform specializing 

in biofuels (FuelCab India, 2024). It connects bio-refineries with feedstock suppliers, including 

farmers and waste generators. They forecast feedstock availability, recommend optimal routes, and 

predict market demand. To reduce delays, FuelCab’s logistics engine uses real-time data together 

with predictive analytics (FuelCab India, 2024). 

IoT-enabled monitoring systems can track biomass storage conditions. This ensures that 

feedstock remains stable and usable throughout the supply chain (Bastos et al., 2024; Flak, 2020). By 

monitoring and controlling stored biomass in real-time, researchers emphasize being able to maintain 

desired specifications of biomass, such as temperature and humidity, and ultimately improve the 

effectiveness of downstream conversion (Bastos et al., 2024) as well as its resiliency to uncertainties 

(Zahraee et al., 2022). Blockchain operationalized smart contracts improve operational efficiency 

through the automatic transaction between stakeholders in a biomass supply chain. Stakeholders 

include feedstock suppliers, transporters, and biorefineries (Andiappan et al., 2021; Ronaghi, 2021). 

According to Andiappan et al. (2021), with blockchain technology integration, stakeholders 

connected within a biomass supply chain can control the quality of the biomass and ensure 

compliance with sustainability standards. Hence, they can select suppliers based on verified quality. 

Edge computing for biomass feedstock logistics supports low-latency, real-time decision-making 

through local computation on devices like harvesters and drones (Palander et al., 2024). This reduces 

network data transmitted, simplifies bandwidth requirements, and enhances resilience and 

autonomy, especially in low-connectivity areas. 

4.2.10. Improve Feedstock Handling System Reliability 

Digital twins and AI-driven material behavior models can simulate solid feedstock 

characteristics to inform handling efficiency enhancement and reducing processing downtime 

(Karkaria et al., 2025; National Agricultural Library, 2021). In biomass supply chains, AI 

models and digital twins can simulate how heterogeneous feedstocks will behave under handling, 

for example, the way moisture content, particle size, or density would clog a conveyor or hopper 

(Ikbarieh et al., 2025). The integration of real-time sensor data with advanced simulations enables 

digital twins to forecast issues (such as bridging in hoppers) and enable predictive maintenance, thus 

minimizing downtime (M. R. Khan et al., 2024). Robotic automation in biomass preprocessing 

facilities can ensure uniform feedstock quality, thereby reducing inefficiencies in SAF conversion 

processes (Liao & Yao, 2021; Shi et al., 2023). Edge computing solutions enable real-time analysis of 

feedstock composition. This allows processing facilities to dynamically adjust pre-treatment methods 

for optimal fuel yield (L. Wu et al., 2025). Within SAF supply chains, edge-computing gear 

continuously monitors feedstock characteristics and adjusts operations in real-time. Hence, nothing 

goes to waste (L. Wu et al., 2025). Preprocessing plants can now line conveyors and grinders with a 

mix of NIR scanners, cameras, and moisture probes that read each batch while it moves. This allows 

the system to log moisture, ash, particle size, and other characteristics (Bioenergy Insight, 2023). 

Rather than transferring that data to a cloud system, local units can run their own AI models and 

decide whether the material meets specifications (Bioenergy Insight, 2023). 

Robotic pre-processing in biomass preprocessing facilities can ensure uniform feedstock quality. 

This reduces inefficiencies in SAF conversion procedures (Bioenergy Insight, 2023; Liao & Yao, 2021; 

Shi et al., 2023). One example is smart sorting setups now used for city trash and farm waste 

(Bioenergy Insight, 2023). Modern preparation lines utilize optical and chemical sensors guided by 

AI to recognize materials such as plastics, metals, and papers by matching their shape, color, and 

spectral fingerprint. Guided by those readings, robotic arms or pneumatic grabs can swiftly pull away 

the unwanted pieces, leaving a steadier, cleaner biomass stream for the next step. 

4.2.11. Enhance Sustainability of Biomass and Waste Supply Systems 
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AI-powered life-cycle assessments (LCA) can examine the social and environmental impacts of 

collecting and converting biomass to ensure its sustainability (Balakrishnan et al., 2024; G. Guo et al., 

2023; Romeiko et al., 2024). For instance, Ghoroghi et al. (2022) showed that machine-learning tools 

now help set up scenarios and streamline inventory records during an LCA. In a real-world test, G. 

Guo et al. (2023) trained a gradient-boosting tree to forecast how much bio-oil a given feedstock 

would produce. The model then fed those predictions into a follow-up LCA. They found that every 

kilogram of bio-oil emitted 2.05 kilograms of CO-equivalent emissions. 

Blockchain-enabled sustainability tracking verifies compliance with renewable energy policies 

and emission reduction targets. This ensures that feedstock sourcing remains ethical and 

environmentally responsible (Yadav et al., 2022). For example, Energy Web Foundation and Rocky 

Mountain Institute are developing a new blockchain registry called SAFc, tailored for the aviation 

industry (Insights, 2022). Fuel producers will mint SAF digital certificates at production so that 

airlines and companies can claim them to track CO2 reduction (Insights, 2022). Additionally, IoT-

based environmental monitoring systems track carbon sequestration and land-use impacts. This 

provides data-driven insights for sustainable feedstock cultivation (Fay et al., 2024; Lim et al., 2024). 

As one illustration, Dryad Networks (a German startup) uses distributed sensors to measure 

variables like soil moisture, fuel moisture, and tree growth. Their roadmap explicitly includes 

dendrometer sensors to gauge carbon sequestration in individual trees (Dryad, 2025). 

4.3. Conversion Technology 

Developing and deploying SAF conversion technologies requires improvements in process 

efficiency, scalability, and infrastructure compatibility. Industry 4.0 technologies such as AI-driven 

process optimization, automation, IoT-enabled monitoring, blockchain for regulatory compliance, 

and additive manufacturing for catalyst development can provide several benefits. They include 

streamlining fermentation efficiency, validating ASTM pathways, developing bio-intermediates, 

mitigating risks, and innovating processes (Borrill et al., 2024). These technologies can play a key role 

in accelerating SAF deployment by reducing costs, improving efficiency, and enhancing scalability. 

4.3.6. Decarbonize, Diversify, and Scale the Current Fermentation-Based Fuel Industry 

AI-powered process control and enzyme optimization driven by ML can reduce the carbon 

intensity of starch ethanol production while maximizing yield in the fermentation process (da Costa 

& Normey-Rico, 2011; Naveed et al., 2024; Petre et al., 2021). Owusu & Marfo (2023) showed that 

combining a neural network with an ant-colony optimizer models both enzymatic hydrolysis and 

fermentation stages at the same time. The system produced accurate forecasts of sugar and ethanol 

level reductions. 

IoT-enabled bioreactors monitor fermentation conditions in real-time, adjusting temperature, 

pH, and nutrient supply dynamically to enhance microbial efficiency without requiring additional 

corn planting (Adeleke et al., 2023; Islam et al., 2023). For example, Baicu et al. (2024) presented an 

IoT bioreactor proof-of-concept with a microcontroller connected to digital temperature and turbidity 

sensors. This system preserved the optimal yeast-culture conditions by transferring data to the cloud 

and utilizing a Peltier module for precise heating or cooling. Edge computing solutions let 

fermentation plants process data on-site, which speeds up processes and lets them make decisions in 

real time (O’Grady et al., 2019). Additionally, blockchain-based carbon tracking systems can help 

monitor and verify emission reductions in ethanol-to-SAF conversion, ensuring regulatory 

compliance (Yi, 2022). Blockchain tracks every ethanol milestone (corn harvest, fermentation, alcohol-

to-jet upgrade) to create a clear low-carbon auditable record. Research shows this ledger can improve 

feedstock traceability by about 30%, cutting the odds of double-counting or errors (Luman, 2024). 

4.3.7. Enhance Production and Reduce Carbon Intensity of Existing ASTM-Approved Pathways 
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To advance ASTM-qualified pathways, digital twins and AI-driven process simulations can 

model SAF conversion under different process conditions. This helps optimize efficiency and reduce 

costs before full-scale deployment (Borowski, 2021; Ghenai et al., 2022; W. Yu et al., 2022). Within an 

EU project, ORLEN and Yokogawa collaboratively developed a virtual plant model for green-

hydrogen-and-carbon-dioxide-based synthetic aviation fuel (H2-View, 2023). The digital twin will 

simulate process economics and emissions for various modes of operation to identify the most 

promising route for production. 3D printing and additive manufacturing enable rapid catalyst and 

reactor component prototyping. This improves the efficiency of hydro-processed esters and fatty 

acids (HEFA), Fischer-Tropsch (FT), and alcohol-to-jet (ATJ) pathways (Lakhouit, 2025; Metzger et 

al., 2023). Compliance monitoring with blockchain technology streamlines the regulatory approvals 

process by ensuring the accuracy of fuel performance data documentation. This accelerates the 

commercialization of ASTM-qualified SAF (RMI, 2022). In a shipping industry pilot, COSCO 

Shipping and the Global Sustainable Bioenergy Network used blockchain to issue verifiable green 

certificates tied to specific biofuel procurements (COSCO, 2024). Each Proof of Sustainability 

certificate was recorded on-chain, allowing auditors, customers, and regulators to track carbon 

intensity and sustainability from source to combustion. This approach simplifies auditing and 

provides transparent proof of compliance for ASTM-approved SAF and renewable fuels. 

4.3.8. Develop Bio-Intermediates and Pathways Compatible with Existing Capital Assets. 

For developing bio-intermediates and compatible pathways, AI-powered predictive modeling 

can identify optimal bio-intermediate formulations that are compatible with existing refineries. This 

reduces the need for costly infrastructure overhauls (Meena et al., 2021; Tanzil et al., 2021). Comesana 

et al. (2022) noted that ML models can predict relevant biofuel production pathways and screen large 

libraries of candidate molecules (jet fuel precursors) by their boiling point, energy content, and other 

characteristics. This enables rapid down-selection of promising formulations. Cyber-physical 

systems and automated processing units dynamically adjust reaction conditions. This optimizes the 

conversion of biomass, industrial waste gases, and other alternative feedstocks into SAF-compatible 

intermediates (Arias et al., 2023). For example, a project led by the IEA investigated the conversion 

of biomass into bio-oils using fast pyrolysis or liquefaction (IEA, 2021). These intermediates are then 

co-processed in existing refinery units. This method uses current equipment, such as hydrocrackers 

or FCC units, to upgrade bio-crude on-site. Doing so eliminates the need for new investments while 

producing low-carbon jet and diesel fuels. 3D-printed biocatalysts and enzyme reactors improve the 

efficiency of biochemical conversion processes. This ensures higher yields at lower costs (Sans, 2020). 

For instance, Schmieg et al. (2019) utilized 3D-printed hydrogel lattices to entrap enzymes for 

continuous conversion. They achieved stable reactor operation for 72 hours with consistent product 

formation. 

4.3.9. Reduce Risk During Operations and Scale-Up 

To mitigate scale-up and operational risks, AI-driven predictive maintenance reduces 

equipment failures by analyzing sensor data from reactors, distillation units, and processing plants 

to anticipate potential disruptions (Arafat et al., 2024; Zonta et al., 2020). Shell used ML to monitor 

sensor signals, detecting deviations in temperatures and valve positions (Bhashyam et al., 2022). In 

2020, the AI system identified 65 control valves needing repair, which traditional inspections had 

missed. Digital twins can simulate SAF production scenarios. This helps identify bottlenecks and 

optimize process design before large-scale implementation (Akhator & Oboirien, 2025; Ghenai et al., 

2022). For example, Sierla et al. (2020) outlined a semi-automated workflow that interprets a 

brownfield plant’s piping and instrumentation (P&ID) diagram and sensor data to construct a 

validated simulation model. Blockchain-based smart contracts can enhance supply chain 

coordination. This helps to reduce transaction delays and financial risks in feedstock procurement, 

processing, and SAF distribution, when upscaling the SAF production (Borowski, 2021). The 

Roundtable on Sustainable Biomaterials (RSB) and Bioledger piloted a blockchain database to track 
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biofuel transactions and certifications. The implementation recorded each feedstock delivery and 

processing step under configurable smart contract rules that met the EU Renewable Fuel standards 

(Bioledger, 2021). The pilot showed that a blockchain ledger can enforce compliance and prevent 

fraud by ensuring every transaction detects tampering. 

4.3.10. Develop Innovative Unit Operations and Pathways 

To achieve innovative unit operations and expand pathways, AI-enabled reaction modeling can 

help identify new SAF production methods that enhance feedstock flexibility while improving 

conversion efficiency (Liao & Yao, 2021). For example, ML models can predict optimal reaction 

networks and catalytic conditions. In one study, researchers built ML models to predict key physical 

properties such as the boiling point and heat of combustion for thousands of organic molecules 

(Comesana et al., 2022). Shell used ML to monitor sensor signals, detecting deviations in temperatures 

and valve positions (Shell, 2022). IoT sensors in SAF refining facilities can provide real-time insights 

into reactor conditions. This helps optimize energy use and reduce operational costs (J. Park & Kang, 

2024). Advanced automation in SAF conversion plants improves process reliability. This allows SAF 

production to scale up efficiently without sacrificing quality or sustainability (McKinsey, 2024). Neste 

has launched a Fintoil biorefinery in Finland that produces drop-in biofuels by utilizing pine residues 

(Emerson, 2022). They are utilizing Emerson automation capabilities to achieve peak performance. 

Neste’s newly established Fintoil biorefinery in Finland, produces drop-in biofuels derived from pine 

residues. The system employs an Emerson automation suite to optimize performance (Emerson, 

2022). 

4.4. Building Supply Chains 

Industry 4.0 technologies are key to establishing optimum, scalable, low-emission SAF supply 

chains. Agility of stakeholder collaboration, selection of optimal supply chain modelling, risk 

avoidance, and large-scale production infrastructure development will be realized through Industry 

4.0 technologies. Regional stakeholders build coalitions created on blockchain and deployed on cloud 

computing. This enables transparent collaboration and secure transactions between feedstock 

suppliers, refiners, and airlines. For example, blockchain smart contracts are programmed to 

automate agreements and real-time sustainability certification to build trust between SAF producers 

and users. Cloud-based platforms provide real-time information about feedstock availability, 

refinery capacity, and airport demand. This facilitates data exchange and decisions. AI-driven tools 

will enhance the accuracy of policy analysis and investment expectations regarding SAF. This allows 

stakeholders to evaluate the effect of regulatory incentives on SAF acceptance in different areas. Also, 

digital twins can help simulate a prospective SAF supply chain and its performance before 

implementing and locating its operational components. 

4.4.6. Establish Regional Stakeholder Coalitions 

This workstream is about creating partnerships between feedstock providers, refiners, airlines, 

and policymakers to help actively develop supply chains for SAFs. Also, blockchain can improve SAF 

traceability when documenting its entire travel from feedstock to distribution by 30% (Luman, 2024). 

This can reduce fraud and lead to higher regulatory compliance. For instance, Shell’s Avelia platform 

uses blockchain to provide clear and transparent tracking of SAF’s environmental attributes and to 

prevent double-counting of emissions credits (Jessen, 2024b). By embedding agreed trust rules into 

the blockchain, all supply chain partners (from farmers and refineries to airlines and shippers) co-

define and validate each transaction (Bioledger, 2021). This effectively builds a system of consensus 

and embedded trust that aligns the coalition’s incentives. Cloud-based platforms provide a common 

real-time information backbone for SAF ecosystems. This implementation enables the ease of 

exchange of critical metrics such as fuel and inventory levels, fuel volume, and emissions intensity 

across value chain partners (B. Wang et al., 2024). Microsoft Cloud Logistics working with DB 
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Schenker exemplifies this in SAF supply chains (Jessen, 2024a). Their pilot integrates SAF 

procurement, routing, and sustainability dashboards across companies to support coordinated 

decision-making and emissions tracking. According to IATA, a robust traceability framework, such 

as blockchain on a cloud platform, is essential for ensuring accurate SAF accounting in mixed fuel 

batches (Norazmi, 2023). 

4.4.7. Model SAF Supply Chains 

To develop and disseminate data and analytical tools, big data and AI are deployed to optimize 

feedstock sourcing, refinery site selection, and transportation logistics (Okolie, 2024; Ukoba et al., 

2024; He et al., 2024). This ensures cost-effective and low-carbon supply chain pathways. In a case 

study related to the central Vietnam region, Duc & Nananukul (2023) used an integrated 

methodology combining ML algorithms and optimization models to optimize the performance of a 

biomass supply chain. For example, airlines and fuel distributors can apply AI-based demand 

forecasting models to stabilize SAF supply, while also reducing transportation constraints (S. Ma et 

al., 2022). Utilizing IoT sensors and edge computing facilitates the collection of real-time information 

from farms, refineries, and airports, can provide data on feedstock inventory, processes for fuel 

blending, and the efficiency of distribution (Osman, 2023). With the data collected from sensors, edge 

computing ensures immediate data processing at the source (Bastos et al., 2024). This enables faster 

adjustments in logistics and refinery operations. 

4.4.8. Demonstration of Regional SAF Supply Chains 

As part of feedstock-to-fueling demonstration projects, Industry 4.0 can enable the de-risking 

and maturation of SAF production technologies before commercial deployment. AI-driven process 

optimization refines pilot plant operations, ensuring biomass-to-fuel conversion processes reach 

maximum efficiency before scaling. Biomass-to-fuel pilot facilities (e.g. NREL’s Integrated 

Biorefinery Research Facility) provide scaled-down biorefinery units such as hydrolysis and 

fermentation tanks. These units allow operators to gather process data and tune conditions before 

full-scale SAF production (DOE, 2023). H. Wang et al. (2019) built a validated artificial neural network 

(ANN) model of a pilot-scale (ton/day) entrained-flow gasifier. They trained the ANN on simulated 

pilot data and then used it in multi-objective optimizations to find operating conditions that 

maximize carbon conversion and hydrogen output. Cyber-physical systems in automated SAF 

processing can further enhance reliability by self-learning and adjusting processing parameters 

dynamically (Arias et al., 2023). This minimizes inefficiencies during scaling. Additionally, 3D 

printing (additive manufacturing) accelerates technology deployment by enabling the rapid 

development of custom reactor components, catalysts, and fuel processing equipment tailored for 

SAF conversion pathways (Haseltalab et al., 2023). Borges et al. (2017) demonstrated 3D printing a 

micro-structured catalytic stirring system for biodiesel production. It shows how 3D printing enables 

high mechanical strength and reusability. These capabilities accelerate technology deployment for 

custom components in biofuel production, including SAF. 

4.4.9. Develop a Production Infrastructure to Support SAF Deployment in the Industry 

Industry 4.0 technologies provide automated solutions for refining, blending, and distribution 

to ensure successful investment in commercial-scale SAF production infrastructure (V. Sharma et al., 

2023; Ukoba et al., 2024; Arias et al., 2023). Honeywell deployed its automation suite at a large SAF 

biorefinery to provide real-time monitoring and control of complex conversion processes 

(Honeywell, 2024). The system optimized performance and minimized downtime. Industrial robotics 

improve operational efficiency by automating critical fuel processing, storage, and blending systems 

to ensure consistent SAF quality (Asghar et al., 2022). Schneider Electric notes that modern 

biorefineries track Renewable Identification Numbers (RINs) and automate batch operations via 

integrated supervisory control data acquisition (SCADA) and distributed control systems (DCS) 
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platforms (Emerson, 2025). This enables consistent blend quality and automated sampling. AI-

powered predictive maintenance enhances refinery and distribution reliability by detecting potential 

failures, thereby reducing downtime and increasing SAF output (Ucar et al., 2024). In their study, 

Arinze et al. (2024) noted the increasingly broader possibilities for facilitating reliability and cost 

savings in predictive maintenance of energy infrastructure like oil and gas facilities, mainly due to 

AI applications. Additionally, blockchain-based carbon tracking systems provide transparent carbon 

accounting and regulatory compliance for airlines, refineries, and policy regulators, ensuring 

CORSIA and other SAF mandates are met (Patro et al., 2024; Sipthorpe et al., 2022). Yi (2022) 

highlighted blockchain’s use in biofuel supply chains for transparency and traceability, which can 

extend to SAF.. 

4.5. Policy and Valuation 

To maximize the social, economic, and environmental benefits of SAF under a multi-

dimensional valuation framework, prioritizing robust policy and valuation is vital. In addition, the 

use of Industry 4.0 technology and advances in these technologies can help support better data-

driven policy making and more evaluative economics. It can clarify the valuations of SAFs by 

providing data processing through AI-based analytics, blockchain protocols for transparent data 

sharing, and digital modeling methods. These technologies supplement three primary focus areas in 

the Policy and Valuation Analysis workstream as they provide accurate, evidence-based conclusions 

for use by policymakers at the federal, state, and international levels. 

4.5.6. Improve the Environmental Data and Models for SAF 

Under the creation of more robust environmental and socioeconomic datasets and analytical 

tools, big data, IoT, and AI provide capacity for real-time environmental assessments. This will help 

policymakers understand SAF’s carbon mitigation dimensions, land-use changes, and economic 

value (Popowicz et al., 2025). AI models used for real-time predictive modelling are also being used 

for dynamic LCA that combine instant feedback on feedstock sourcing, energy intensity and carbon 

emissions (Romeiko et al., 2024). It is important to note that the enhanced accuracy ability is due to 

the advanced data integration. AI can also model the source of feedstocks and emissions dynamically 

and will provide more accurate and confident decisions (C. Ma et al., 2022). 

Additionally, blockchain-based sustainability tracking ensures transparent verification of SAF’s 

environmental benefits, helping stakeholders comply with regulatory frameworks like CORSIA and 

the Renewable Fuel Standard (RFS) (Bioledger, 2021; Yi, 2022). Furthermore, by applying blockchain 

to carbon tracking, stakeholders can transparently account for emissions reductions (Sipthorpe et al., 

2022). Cloud-based policy simulation platforms also allow regulators to test different policy 

scenarios. This will optimize incentive structures and carbon pricing mechanisms for SAF expansion. 

By running policy simulations in the cloud, authorities can test carbon pricing rules, subsidy levels, 

blending mandates, and other levers on a virtual SAF market. For example, a European project 

(PolicyCLOUD) demonstrated a serverless cloud framework that lets analysts simulate and compare 

alternative policies before implementation (Biran et al., 2022). Similarly, the DOE/NREL Engage tool 

is a cloud-based energy simulator with a browser-based interface that manages data and scenarios in 

the cloud (NREL, 2025). This system enables stakeholders to model grid and fuel transitions 

collaboratively. 

4.5.7. Conduct Techno-Economic and Production Feasibility Analysis 

For techno-economic and production potential analyses, AI-driven economic modeling can 

assess cost-competitiveness, feedstock pricing trends, and infrastructure investment needs across 

different SAF pathways (C. Wu et al., 2024). A framework using ML for tech-economic evaluations 

of SAF is proposed by C. Wu et al. (2024) used a stochastic analysis to investigate the likelihood of 

loss, demonstrating AI's ability to comprehend and control the economic risks related to SAF routes. 
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In another study, He et al. (2024) highlighted the role of ML in optimizing transesterification 

processes and predicting biodiesel yield while performing techno-economic analyses. They 

emphasized that ML models can predict fuel properties with high accuracy (R² = 0.85 to 0.99) and 

contribute to cost reduction by shortening technology development time and supporting process 

optimization. Digital twins simulate SAF production at varying scales to identify bottlenecks and cost 

reduction opportunities before real-world implementation (Huynh & Zondervan, 2022; Sheik et al., 

2024). Muldbak et al. (2022) developed a digital twin of a pilot bio-production plant that uses two-

way data exchange to link real-time plant data with simulation models. The implementation enabled 

virtual testing of process changes, prediction of production bottlenecks, and suggested optimizations 

prior to physical implementation. 

Policymakers can gain real-time cost and performance data through edge computing-enabled 

refinery sensors, enhancing their economic feasibility assessments (Andriulo et al., 2024). This allows 

policymakers and analysts to use live data streams for immediate refinement of economic models, 

thereby improving their accuracy. By incorporating up-to-date operational conditions without 

delays, these sensors improve the accuracy of feasibility assessments. Meanwhile, automated data 

processing platforms streamline the integration of economic, environmental, and supply chain 

variables. This integration helps identify the most viable SAF production models (Watson, Machado, 

da Silva, et al., 2024). For instance, a DOE-sponsored project is releasing a web-based toolkit that 

unifies techno-economic analysis (TEA) and life-cycle assessment (LCA) models for multi-input 

biorefineries (DOE, 2023). Ficili et al. (2025) describes automated platforms operating with massive 

datasets to improve supply chain optimizations. Similar opportunities exist for SAF, if these 

platforms can integrate feedstock prices, environmental costs, and supply chain features into techno-

economic analyses. 

4.5.8. Contribute to SAF Policy Development 

Informing SAF policy development requires AI-powered policy evaluation tools to analyze 

historical data and forecast the long-term impacts of SAF incentives, subsidies, and regulatory 

frameworks (Raman et al., 2024). In climate finance research, ML methods have successfully 

uncovered nonlinear policy effects and provided predictive insights to anticipate impacts of financial 

and regulatory policies, such as sequencing of green credits or tax rules (Qudrat-Ullah, 2025). Yar et 

al. (2024) discuss the impact of AI advancements on public policy by providing opportunities for 

decision-making improvements and data-driven insights, especially through enhanced policy 

prediction capabilities. 

Blockchain-enhanced governance platforms ensure transparency in SAF credit trading systems, 

tax incentives, and compliance tracking (Javaid et al., 2022; Woo et al., 2021). This approach help with 

mitigating fraud and ensuring equitable access to incentives. In practice, a blockchain-based 

certificate scheme records each credit transaction (issuer, buyer, quantity) on-chain, providing 

regulators and auditors a tamper-proof trail (Fu et al., 2023; Merlo et al., 2025). Also, smart contracts 

can auto-issue and settle SAF or biofuel certificates when fuel is produced or blended (Fu et al., 2023). 

Swinkels (2024) explores trading voluntary carbon credits on a blockchain-based exchange, which is 

analogous to SAF credit trading. Additionally, cloud-based collaboration networks can enable 

federal, state, and international policymakers to share best practices and coordinate regulatory 

frameworks for SAF expansion. For instance, the EU’s federated-system approach for flexible and 

interoperable energy communities (FEDECOM) project is developing a cloud-based platform for 

integrated local energy systems and cross-border energy trading (Lennard, 2025). The system will 

provide centralized data, analytics, and communication for policymakers to harmonize standards 

and update regulations in real time. 

4.6. Enabling End Use 

Facilitating the widespread adoption and integration of SAF among civil and military users 

requires overcoming technical, regulatory, and logistical barriers. Industry 4.0 technologies can help 
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accelerate SAF evaluation, support performance testing, sort distribution logistics, and enable 

infrastructure integration through AI-driven analytics, blockchain-enabled tracking, automation, and 

advanced manufacturing techniques. These technologies play a critical role in addressing the four 

key action areas in the Enabling End Use workstream, ensuring safe, efficient, and cost-effective 

deployment of SAF while meeting the aviation industry standards. 

4.6.6. Support SAF Evaluation, Testing, Qualification, and Specification 

For SAF evaluation, testing, qualification, and specification, AI can optimize fuel performance 

modeling to reduce the reliance on costly experiments (Ai & Cho, 2024). In the aviation arena, He et 

al. (2024) emphasized that ML-based technologies can shorten technology development time and 

support process optimization for certified aviation fuels. Baumann & Klingauf (2020) used ML to 

develop fuel flow models based on full-flight data, which can be applied to SAF to optimize fuel 

performance and reduce physical testing. Digital twins simulate SAF combustion and engine 

compatibility under varying conditions (Borowski, 2021). This can help accelerate desirable 

certifications while minimizing testing costs for producers. Researchers at NREL use digital twins to 

study SAF combustion in jet engines, which is crucial for engine compatibility and certification 

(NREL, 2024). Airbus. ,for instance, uses digital twins to plan, experiment, and run operations, such 

as simulating fuel performance and compatibility with the engine (Airbus, 2025). Besides, lab robots 

can mechanize fuel property analysis to ensure that SAF meets regulatory standards to a greater 

extent. Such automation lessens the scope for error and the need for constant testing, with each step 

and result traceable, a huge benefit for compliance to quality requirements by policymakers (Heike 

Risse, 2024). Blockchain digital certification systems can further enhance traceability and evidence of 

compliance (Patro et al., 2025). This reduces the administrative burden for SAF producers seeking 

certification. The Energy Web Foundation and the Rocky Mountain Institute built a blockchain-based 

SAF certificate (SAFc) registry for sustainable aviation fuel certificates to increase transparency and 

promote the use of more sustainable fuels (RMI, 2022). 

4.6.7. Facilitate the Adoption of Unblended and High-Percentage SAF Blends, Including Up to 100% 

SAF 

AI-powered chemical analysis enhances SAF blend optimization, ensuring fuel stability and 

performance across different aircraft models (He et al., 2024). Jameel & Gani (2025) demonstrated that 

an AI-driven hybrid model ensures the consistent achievement of critical end-product characteristics, 

such as viscosity and density, in fuel blending. This reduces off-specification fuel production. In 

another study, Liu & Yang (2024) used an ANN model to predict the low flammability limit of SAF 

blends with 98.8% accuracy. 

Cyber-physical systems in refinery operations allow real-time adjustments to SAF composition. 

This ensures that blends meet energy density, thermal stability, and viscosity standards. Digital 

optimization studies, such as those varying distillation cut points, demonstrate that computational 

control significantly increases SAF yield while adhering to operational limits (Z. Yang et al., 2023). 

By integrating sensors, controllers, and optimization algorithms in a cyber-physical setup, refineries 

can dynamically tailor SAF composition to meet specific energy density and stability requirements 

(Jameel & Gani, 2025). Advanced sensor networks in aircraft fuel systems can monitor SAF 

combustion efficiency in real-time, supporting long-term performance data collection to evaluate SAF 

usage (NREL, 2025). Airbus reported using multiple probes and sensors to gather in-flight emissions 

data from an A350's engines operating on 100% SAF (Airbus, 2021). 

4.6.8. Explore Synthetic Jet Fuels that Enhance Operational Performance and Productivity 

Exploring Jet A fuel derivatives for performance and productivity enhancements requires 

advanced AI-driven fuel formulation models that can formulate molecular structures with higher 

energy density and lower emissions (Kuzhagaliyeva et al., 2022). Kuzhagaliyeva et al. (2022) 
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developed a deep learning framework to generate gasoline-like fuel mixtures with optimized 

combustion metrics. Their approach produced high-octane blends that reduce engine-out soot and 

improve efficiency. A study by Park & Kang (2024) employed ANN to predict SAF’s volume swell 

characteristics. This is a crucial property for blend compatibility and optimizing SAF blends for 

various aircraft models. 3D printing and material engineering can create customized fuel additives, 

often nanoparticle-based or novel organometallic compounds, improving combustion efficiency and 

reducing wear on aircraft engines (Ali Ijaz Malik et al., 2024). Additionally, 3D printing plays an 

essential role in creating customized engine hardware that works in tandem with fuel additives. For 

example, the GE Catalyst turboprop engine employed 3D-printed, optimized combustion 

components and fuel injectors to achieve an estimated 5% reduction in engine weight and an 

estimated 1% better fuel efficiency (GE, 2019). In addition, high-throughput experimentation 

platforms in laboratory facilities dedicated to SAF research are capable of accelerating testing of fuel 

properties (Miller et al., 2022). This can enable the rapid development of next-generation SAF 

derivatives with superior performance characteristics. Such automation can greatly speed up the 

testing of fuel blends and catalysts to enable rapid optimization of high-performance SAF 

formulations (Miller et al., 2022; Pidatala et al., 2024) 

4.6.9. Adapt Fuel Infrastructure to Support the Distribution and Use of SAF 

IoT-enabled smart fuel monitoring systems can optimize storage conditions and blend precision 

in large-scale fuel depots, integrating SAF into the fuel distribution infrastructure. SAF supply chain 

distribution networks can be streamlined by AI-driven logistics platforms, which also lessen 

bottlenecks in airport delivery and blending. SAF disruptions in the fuel supply chain may be 

diminished by using blockchain-based fuel tracking systems to ensure real-time transparency and 

authentication of the SAF shipments. Predictive maintenance algorithms have the potential to 

significantly enhance the reliability of airports’ fuel storage and sustainable aviation fuel (SAF) 

pipeline networks, while also effectively minimizing disruptions in the SAF supply chain. 

4.7. Communicating Progress and Building Support 

The environmental, economic, and climate benefits of SAF must be effectively communicated 

and actively promoted through robust public engagement (Abu Talib et al., 2025). The complexity of 

SAF supply chains means communication strategies must be data-driven to enhance transparency, 

combat misinformation, and build trust among stakeholders (Hu et al., 2025). Industry 4.0 

technologies, such as AI-powered data analytics, blockchain transparency tools, digital outreach 

platforms, can enhance stakeholder engagement, public trust, and progress measurement. These 

technologies improve each key action area under this workstream toward the commercialization of 

SAF by delivering accurate, real-time, and verifiable information. 

4.7.6. Engage Stakeholders to Promote Awareness and Collaboration on Sustainable Feedstock 

Practices 

For stakeholder outreach and engagement on sustainability, AI-powered data visualization 

platforms can present clear, interactive insights on the sustainability impacts of SAF. These include 

life cycle GHG emissions reductions, land-use efficiency, and energy savings (Ahmed, 2025; 

Parhamfar, 2024; Thepchalerm & Pinsuwan, 2025). Suggested by Ahmed (2025) AR and VR coupled 

with AI technologies can provide virtual training and collaborative environments for the 

stakeholders. Since 2015, blockchain technology has addressed the transparency limitations of 

traditional supply chain tracking by overcoming single points of trust and enhancing inter-

organizational confidence (Thanasi-Boçe & Hoxha, 2025). Blockchain technology guarantees that SAF 

sustainability metrics can be tracked transparently so that stakeholders can validate the sustainability 

of feedstocks, carbon offsets for available resources, and compliance with environmental 

requirements (Hu et al., 2025; Insights, 2022). Additionally, cloud-based collaboration tools facilitate 
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real-time knowledge-sharing among researchers, industry leaders, and policymakers. This fosters 

stronger partnerships in sustainable aviation initiatives. For instance, LanzaJet (2024) has expanded 

its partnership with Microsoft to use Azure’s cloud-based AI and ML tools to optimize SAF 

production and supply chains. Announced in April 2024, this partnership will allow stakeholders to 

share emissions, operations, sustainability metrics, and any other information auditable and in real-

time. This increases trust, assure compliance with regulations, and foster a collaborative effort across 

nations globally. 

4.7.7. Carry out a Comprehensive Assessment of the Benefits and Influence of the SAF Grand 

Challenge 

To support benefits assessment and impact analysis of the SAF Grand Challenge, big data 

analytics and AI-driven simulation models can evaluate SAF’s long-term economic, environmental, 

and policy impacts. (C.-H. Chen et al., 2024; Z. Chen et al., 2025). For example, Okolie et al. (2024) 

developed a data-driven techno-economic framework for SAF production to predict the minimum 

selling price of pyrolysis-derived SAF from feedstock and plant parameters. Digital twins enable real-

time scenario modeling of SAF adoption strategies, helping stakeholders forecast emissions 

reductions, economic benefits, and infrastructure needs under different policy frameworks (Enderle 

et al., 2021). Enderle et al. (2021) mentioned that by incorporating uncertainties, the digital twin 

provides a risk-informed decision support in real time, such as how the optimal SAF choice may 

change when considering uncertainty bounds. Automated AI-generated reports can synthesize large 

datasets (MarketsandMarkets, 2025). This will ensure at stakeholders and policymakers have access 

to science-backed, data-driven insights to guide decision-making. Emerging AI-driven reporting 

systems, such as natural-language summaries and predictive visualizations, could further help 

synthesize these big datasets. 

4.7.8. Track the Advancement of the SAF Grand Challenge Objectives 

For measuring the progress of the SAF Grand Challenge, IoT-enabled data collection systems 

tracked SAF production volumes, GHG emissions reductions, and supply chain efficiency metrics in 

real time (Hapsari et al., 2021). For instance, Emerson used gas-analysis sensors across the SAF 

processes to overcome measurement challenges in SAF production (Velarde, 2019). 

Blockchain tracking systems secure the integrity of data and eliminate down-stream 

manipulation. This strengthens the amenability for progress reports and sustainability claims 

(Luman, 2024). Alevia, a blockchain-powered book and claim solutions for aviation, makes it possible 

for freight forwarders to access and assign SAF environmental qualities to their shipping clients 

(Bocca et al., 2025; Brett, 2024). This facilitates the disclosure of emissions and encourage a wider 

adoption of SAF. The system enables freight forwarders to access and allocate SAF environmental 

attributes to their shipping customers, and allow both parties to disclose emissions while supporting 

broader SAF adoption. Cloud-based dashboards and AI-enabled benchmarking tools provide real-

time updates on SAF deployment. This allows industry leaders to identify barriers or challenges to 

optimize the strategy for reaching their SAF production ambitions. Boeing (2023) used a public SAF 

dashboard coupled with the U.S. inter-agency metrics site on a cloud-based platform to monitor 

possible SAF availability and detect imbalance in supply and demand. 

4.7.9. Share the Positive Impacts of the SAF Grand Challenge with the Broader Community 

To communicate public benefits effectively, AI-powered digital media tools can generate 

personalized educational content for different audiences. This spans policymakers, Industry leaders, 

and the general public. For example, a report by Wheelock (2025) showed how AI could create 

educational materials for aviation could communicate public benefits effectively. Also, AR and VR 

experiences can bring SAF supply chains to life, allowing stakeholders to visualize the journey from 

feedstock sourcing to SAF-powered flights (WEF, 2024). Additionally, social media sentiment 
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analysis powered by AI can track public perception of SAF. This can help industry leaders address 

concerns and misinformation with fact-based, transparent communication (Rogachuk et al., 2025). 

Alahmari et al. (2023) developed and tested an AI-based approach to study the service sector by 

taking important factors from both academic research and public opinion. Using methods such as 

word embeddings and clustering, they created a taxonomy and knowledge framework from related 

research articles and tweets. The results provided insights into how to make service economies 

smarter and more sustainable. 

5. Conclusion 

This research detailed the transformative potential of Industry 4.0 technologies in supporting 

progress toward the commercialization of SAF. It highlighted how the various technology 

dimensions play a critical role in overcoming the existing difficulties related to production efficiency, 

regulatory approval, supply chain sustainability, and stakeholder engagement. These dimensions 

include AI, IoT, blockchain, digital twins, big data analytics, AR/VR, and advanced automation. This 

analysis demonstrates that these technological dimensions offer powerful tools for accelerating SAF 

production and adoption. 

Overall results indicate that both AI-based analytics and IoT-based monitoring can meaningfully 

improve feedstock innovation by optimizing growing conditions, managing biomass sustainably, 

and improving logistics. In the area of conversion technology innovation, the study shows that digital 

twins and automation significantly reduce scale-up risks and improve operational efficiencies. This 

streamlines the ASTM certification processes required for the rapid deployment of SAF. Furthermore, 

the study highlighted the use of blockchain technology as an important facilitator of transparency. 

This enhances trust among stakeholders and assures compliance with policies. 

This study also highlights the importance of Industry 4.0 innovations in policy and valuation 

analysis. It shows how AI-powered predictive models and scenario planning tools enable 

policymakers and industry stakeholders to make informed, data-driven decisions regarding SAF 

investments and incentives. In addition, there are various ways that AR and VR technologies can 

potentially enhance stakeholder education and public outreach. AR and VR technologies can provide 

immersive experiences that vividly show the real-world benefits of SAF. 

Despite the promise demonstrated in the literature and case studies, technological gaps remain. 

These include the need for greater integration and interoperability of diverse digital technologies 

across the SAF production ecosystem, improved cost-effectiveness of advanced sensors and digital 

infrastructure, and more robust frameworks for managing cybersecurity and data privacy concerns 

in IoT and blockchain applications. Addressing these gaps will engage the full potential of Industry 

4.0 to meet the ambitious goals of the SAF Grand Challenge initiative. 

To conclude, there is a significant strategic impact of Industry 4.0 technologies in enabling faster 

commercialization of SAF. However, it is essential to continue interdisciplinary research and invest 

in these emerging technologies to guide the aviation industry toward sustainability. This will greatly 

aid in fulfilling international climate commitments and global net-zero goals aligned with SDG 

targets. This study offers a reference point for policymakers, industry players, and technology 

developers to advance practical pathways for achieving a sustainable, reliable, and cost-effective 

scale-up of SAF production. 
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