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Abstract- The Industrial Internet of Things (IIoT) has revolutionized smart manufacturing, providing real-time monitoring, intelligent automation, and data-driven decision-making. With the rise of the number of connected devices, the constant data flow and calculations, however, increased energy consumption, carbon emissions and decreased sustainability in industrial environments. This paper proposes a novel sustainable Industrial IoT framework, EcoFusion-AI, which combines edge intelligence with adaptive sustainable optimization, eco-digital twins and self-healing mechanisms to enhance manufacturing efficiency while reducing environmental footprints. This proposed framework includes lightweight edge intelligence for real-time monitoring of equipment and an Adaptive Sustainability Optimization (ASO) algorithm that simultaneously optimizes energy use, production efficiency, carbon emissions and resource usage in a multi-objective fashion. By constantly modelling machine health, energy consumption, and sustainability metrics, an Eco-Digital Twin enables predictive maintenance and dynamic adjustment of operations. In addition, the self-healing module automatically detects anomalies, reallocates resources and restores production processes with minimal downtime. An industrial manufacturing dataset is used for experimental evaluation of the proposed framework, and it improves the prediction accuracy, energy efficiency, equipment utilization and overall sustainability significantly over conventional IIoT approaches. The outcomes show energy savings, carbon emission reductions and high throughput and system reliability. With the incorporation of artificial intelligence, Industrial IoT, digital twins, and autonomous resource optimization, the suggested EcoFusion-AI framework is a scalable and intelligent approach towards sustainable smart manufacturing.
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1. Introduction

The Industrial Internet of Things (IIoT) has completely revolutionized today's industrial sectors by connecting machines, sensor devices, production lines and cloud-based systems back and forth. Smart manufacturing environments rely on inter-connected devices to keep a constant check on equipment, optimize manufacturing processes and enable autonomous decision making. Industries have been able to further strengthen their ability to boost operational efficiency, product quality and production flexibility by implementing advanced technologies like Artificial Intelligence (AI), edge computing, cloud computing and digital twins. With the transition of the industries to Industry 5.0, sustainability is now a key goal along with productivity, resilience and people-centric manufacturing.

Though these developments have taken place, there are some challenges for sustainable industrial manufacturing. Thousands of IoT devices generate huge amounts of sensor data in modern factories in real-time. This data is continually being sensed, communicated, stored and processed, greatly increasing energy usage, network congestion, computational load and operational costs. Furthermore, the manufacture processes are one of the biggest contributors to carbon emissions as it consumes a lot of energy and inefficiently manages the resources. Equipment failures, unexpected downtime, and suboptimal maintenance practices continue to further diminish production efficiency and waste materials and impact the environment. This makes it all the more important to have intelligent IIoT frameworks that are able to optimize production while also being eco-friendly.

Artificial Intelligence (AI) has proven to be a promising technology to solve these problems. The application of certain technologies of Artificial Intelligence (AI) allows predictive maintenance, intelligent fault diagnosis, production optimization, quality inspection, forecast of demand and adaptive management of resources. Industrial data can be used to detect complex patterns using machine learning and deep learning algorithms, enabling manufacturing systems to anticipate failures and fine-tune operational parameters on the fly. Most current AI-based IIoT solutions, however, are mainly geared towards production efficiency or prediction, and adopt a less comprehensive approach to sustainability goals like energy optimization, conservation of carbon emissions and resources. Moreover, cloud-based AI systems tend to add extra energy consumption, bandwidth and communication delay, which significantly hinders the use of AI for real-time use in industry.

Recently, Edge intelligence has been a hot topic because it is one of the best solutions to overcome these constraints. Edge computing decreases the latency, bandwidth usage, and cloud reliance of transmitting sensor data, and makes quicker decisions possible, by processing the information close to where it was collected. However, traditional edge computing architectures typically do not take sustainability into account and do not have adaptive tools for distributing the computational load, machine health and environmental goals. Likewise, although digital twin technologies have proven to be very powerful in the virtual modeling of equipment and in predictive maintenance, most current digital twins have been primarily concerned with monitoring operations and not with incorporating sustainability assessment and carbon-aware decision support.

To overcome these challenges, this paper introduces a new sustainable Industrial IoT framework, called EcoFusion-AI, based on Artificial Intelligence (AI) for smart manufacturing. Whereas traditional IIoT architectures isolate and focus on edge intelligence, Adaptive Sustainability Optimization (ASO) algorithm, Eco-Digital Twins, and self-healing manufacturing mechanics, EcoFusion-AI brings them together in one intelligent framework. The edge intelligence layer keeps on monitoring and doing on-the-spot analysis of local data with lightweight AI models to reduce communication overhead and achieve a quick response to industrial events. The algorithm proposed in ASO optimizes multiple sustainability goals such as energy usage, carbon emissions, equipment utilization efficiency, production efficiency and operational costs. The Eco-Digital Twin continuously keeps a virtual snapshot of manufacturing assets by combining machine condition, energy consumption and sustainability metrics, allowing for predictive maintenance and intelligent planning of resources. In addition, the self-healing module can automatically identify anomalies and move the manufacturing resources or computational resources to the appropriate part of the system, as well as resume production processes with minimal human intervention.

The proposed framework has several benefits over the traditional systems based on AI for IIoT. For the first time it embeds sustainability metrics into the decision-making process, rather than tackling them at the end of the post analysis. Secondly, adaptive optimization mechanism realizes the dynamic balance of manufacturing productivity and environmental performance in different industrial conditions. Third is the ability to make low latency decisions thanks to edge intelligence and digital twins, which also limit network traffic and cloud processing needs. Lastly, the self-healing feature boosts system resilience, reduces downtime and guarantees production continuity.

This paper makes the following key contributions:

 The novel EcoFusion-AI framework for sustainable smart manufacturing is proposed that combines Industrial IoT, edge intelligence, Eco-Digital Twins, adaptive optimization and self-healing mechanisms.
 An Adaptive Sustainability Optimization (ASO) algorithm is designed that can simultaneously optimize energy consumption, carbon emissions, resource consumption, production efficiency and machine health in a multi-objective decision-making process.
 An Eco-Digital Twin model is introduced to continuously monitor manufacturing assets, estimate sustainability indicators and provide support for predictive maintenance, all of which are done with sustainability awareness.
 The self-healing industrial management mechanism is a mechanism that automatically detects anomalies, redistributes workloads and restores the manufacturing operations when there are anomalies with little downtime.
 The proposed framework is comprehensively evaluated experimentally, which shows that it not only leads to more efficient manufacturing but also consumes less energy and less CO2, has a better equipment utilization, and has higher overall sustainability than the current Industrial IoT solutions.

This paper is structured as follows: Section 2 summarizes recent works related to Sustainable Industrial IoT, AI-based manufacturing, edge intelligence, digital twins, and optimization method for a green manufacturing. In section 3 the proposed EcoFusion-AI framework and its architecture is discussed. Section 4 provides the description of Adaptive Sustainability Optimization algorithm and mathematical formulations. The experimental set up and performance evaluation are discussed in section 5. Section 6 reports the results and discussion and Section 7 concludes this paper and points out future research opportunities.


2. Related Works

The development of Artificial Intelligence (AI), Industrial Internet of Things (IIoT), edge computing and digital twin technologies have contributed to the advancement of smart manufacturing and the use of intelligent automation, predictive maintenance and real-time production monitoring. At the same time, sustainable manufacturing is a significant research interest as the need to conserve energy, carbon emissions, and resources grows. There have been many studies that have suggested intelligent frameworks for the IIoT to improve industrial performance, but the combination of sustainability, autonomous optimization and resilient manufacturing into a single framework is a challenging research problem.

In recent studies, intelligent Battery Management Systems using Artificial Intelligence methodologies for energy optimization, battery health monitoring and sustainable operating in industrial application are reviewed [1]. Most of these are techniques for energy management and they mostly apply in the context of a battery system and not a complete Industrial IoT environment.

Intelligent fault self-diagnosing and self-healing systems, which can automatically detect faults and trigger fault recovery, have been developed to improve the reliability and continuity of operation of the systems [2]. While these approaches increase resistance to stress, most do not include measures of sustainability like carbon footprint, energy efficiency, or environmental impact in their considerations.

Self-healing infrastructures, in which infrastructures are able to repair themselves automatically after occurrence of faults, have also been studied to enhance fault tolerance and service availability in distributed computing systems [3]. These systems have proven to be robust enough to recover from failure, but offer limited assistance for manufacturing optimization and sustainable management of industrial resources.

For the intelligent infrastructures of industry, reliability modeling and runtime monitoring techniques have been proposed to enhance the prediction of faults and the operational stability [4]. They are methods which can be effective in improving system reliability, but they tend to neglect adaptive energy optimization and carbon-aware manufacturing strategies.

Digital twin supported deep learning models have proven to have a great ability to predict failures and optimize operation of the equipment when used in real-time monitoring mode [5]. The current implementations, however, are mostly focused on specific applications and are not comprehensive enough to cover the optimization of sustainability of industrial production systems.

Edge intelligence has proven to be a successful technology to accomplish local data processing in the proximity of industrial equipment, thereby addressing communication latency and dependency on cloud technologies [6]. While edge computing has revolutionized latency times, the current architectures are not equipped with any smart technology to optimize the joint energy usage, production efficiency and environmental footprint.

Digital twin technologies are already leveraged to develop digital representations of industrial assets in order to make predictions during the maintenance process and monitor production [7]. While these models can accurately represent the behavior of the machine, they are usually only used to assess the health of the equipment and not for a more complete assessment of sustainability and carbon footprint.

Intelligent production scheduling and dynamic manufacturing optimization is successfully applied intelligent problem using deep reinforcement learning [8]. These methods will help to enhance throughput and machine utilization, but most of the optimization goals do not specifically address environmental sustainability or energy conservation.

Predictive maintenance, using machine learning algorithms, has minimized unexpected equipment failures by analysing industrial sensor data on a continuous basis [9]. These approaches have been generally not characterized by adaptive resource allocation or sustainability decision support.

With the help of cloud computing, Industrial IoT architectures have improved production monitoring and centralized industrial analytics on scalable computing resources [10]. However, the high amount of cloud communication leads to a significant waste of bandwidth, processing power and power use which makes them suitable for non-sustainable manufacturing settings.

To achieve workload distribution between edge devices and cloud servers, collaborative edge-cloud computing frameworks have been proposed [11]. These systems have faster processing time but still do not include embedded sustainability optimisation and self-healing features.

Blockchain enabled Industrial IoT systems have enhanced transparency, security and data integrity of supply chains as a result of data decentralization [12]. The use of blockchain-based solutions, however, comes with high computational complexity and energy costs, which may not be preferable for eco-friendly industrial processes.

To maintain privacy without transferring data, federated learning has been recently applied in Industrial IoT for distributed model training at various locations of industrial sites [13]. Even if privacy is preserved to a great extent, most of these frameworks do not seek to maximise production sustainability, energy efficiency or resource use.

Big data analytics has shown great promise in helping to make an intelligent decision by analyzing huge amounts of various data sets [14]. Most of the data-driven systems, however, focus on analytical performance without considering adaptive sustainability optimization of industrial manufacturing processes.

Adaptive intelligent systems have also been shown to be capable of enhancing operational performance through on-going feedback and self-reliant decision making in the context of complex environments [15]. Although all these developments have been made, few of the studies combine adaptive learning, sustainability assessment, digital twins, edge intelligence and self-healing in one IoT framework.

A review of literature shows that there is no uniformity in the studies regarding the focus of the research. Most studies center on a single technology, like predictive maintenance, digital twins, edge intelligence, blockchain, federated learning or self-healing systems. Few efforts have been made to create a comprehensive solution that balances energy usage, carbon footprint, equipment utilization, production efficiency and operational resilience. Additionally, most of the solutions available are centralized cloud computing or just optimize for a single goal, making them less flexible to the changing industrial environments.

This paper introduces a novel AI-based sustainable Industrial IoT framework called “EcoFusion-AI” that integrates individual technologies: edge intelligence, Adaptive Sustainability Optimization (ASO), Eco-Digital Twins, and self-healing manufacturing into a cohesive system and architecture. The proposed framework maximizes energy and carbon, minimizes resource usage, improves production efficiency and system resilience, and allows intelligent real-time decision-making for sustainable smart manufacturing.

3. Proposed EcoFusion-AI Framework

The proposed EcoFusion-AI framework is a complete sustainable Industrial Internet of Things (IIoT) framework with the aim of smart manufacturing that is intelligent, energy efficient and environmentally friendly. The proposed framework brings together the concepts of Artificial Intelligence (AI), Edge Intelligence, Adaptive Sustainability Optimization (ASO), Eco-Digital Twins, Self-Healing Manufacturing and Cloud Analytics in an interconnected system, which differs in the emphasis of conventional IIoT systems where the main focus is on the production monitoring and predictive maintenance processes. Maintaining high production efficiency and at the same time reducing energy use, carbon emissions, downtime of machines and operation costs is the primary goal. The system constantly monitors the data of industrial equipment and automatically performs intelligent analysis, optimizes production resources, forecasts equipment fault, and autonomously resumes production when the industrial equipment operates abnormally.

Overall architecture of proposed EcoFusion-AI is shown in figure (1). It is composed of six layers tightly coupled to work together to deliver continuous industrial monitoring, intelligent decision-making, adaptive sustainability optimization and autonomous recovery. The Industrial Sensing Layer collects real-time data from industrial assets on the shop floor, and the Edge Intelligence Layer has local AI capabilities to process data without relying on the cloud, thereby minimizing communication latency and bandwidth usage. This processed data is further passed to another component called Adaptive Sustainability Optimization Engine, which optimizes energy use, carbon emissions, production efficiency and equipment utilization with multi-objective decision making. The Eco-Digital Twin Layer is used to keep virtual copies of the manufacturing assets to track machine health and to predict future operating conditions. The Self-Healing Manufacturing Layer automatically identifies and interprets faults, reallocates industrial resources and restores manufacturing operations with minimum downtime. Lastly, the Cloud Analytics and Decision Support Layer enables long-term data analysis, model re-training, sustainability reporting and enterprise-level production management. These layers interact in the way that allows for intelligent, resilient and sustainable manufacturing in industrial processes.
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Figure 1 .Architectural Framework

The framework starts at the Industrial Sensing Layer, where many different and diverse Industrial IoT devices are spread across the manufacturing plant. Different types of sensors, such as temperature sensors, vibration sensors, pressure sensors, current sensors, voltage sensors, humidity sensors, energy meters, machine vision cameras, and environmental monitoring sensors, are continuously monitoring the operation of industrial equipment and recording the data. The machines equipped with these sensors will supply live data on machine conditions, production status, energy usage, equipment usage, environmentals and carbon emissions. The continuous collection of the various industrial data allows the manufacturing process to be monitored correctly and is the basis for intelligent decision making in the manufacturing system.

The gathered sensor data are then delivered to the Edge Intelligence Layer where they undergo intelligent local processing and are then sent up to higher-processing layers. Lightweight AI models at the industrial edge gateways preprocess the incoming sensor data, rather than sending it all to centralized cloud servers. At this point, missing information is filled in, bad data is cleaned up, extraneous information is eliminated, and pertinent operating characteristics are identified. In addition, the edge intelligence module also detects anomalies, predicts the condition of the equipment and conducts preliminary maintenance assessments in real time. Because most computational operation is performed around the industrial equipment, communication latency, network congestion and bandwidth utilization are vastly reduced and the reaction time to abnormal operation is quick.

The industrial information is then fed into the central brain of the proposed EcoFusion-AI framework, called the Adaptive Sustainability Optimization (ASO) Engine. The ASO engine is an algorithm that considers more than one sustainability goal at a time, whereas traditional optimization algorithms only optimize production through-put or scheduling efficiency. The goals of these are to reduce energy use, cut down on carbon dioxide emissions, optimize equipment use, increase production rates, lower maintenance expenses and lengthen machine life. The optimization engine continually and dynamically optimizes production schedules and computational loads, equipment operating modes, maintenance priorities, based on the machine's state, production demand, available resources, energy availability and environmental constraints. It is an adaptive optimization mechanism that helps industries to achieve an effective balance between industrial productivity and environment protection in different situations of industries.

The optimized operational information is also synchronized with the Eco-Digital Twin Layer that keeps a virtual model of all manufacturing assets up to date, thus further enhancing intelligent manufacturing. Unlike the traditional digital twin systems, the Eco-Digital Twin combines the information of the machine's operation and maintenance with the information on energy and environment into a single digital representation. Continuous update of the digital twin keeping the health status of the machines, remaining useful life, production efficiency, energy consumption, carbon footprint, maintenance history and sustainability indicators based on sensor information provided. The virtual manufacturing environment allows the industry to run various production scenarios, test maintenance strategies, predict future energy needs, assess environmental footprint and optimize the operational parameters prior to making changes in the actual manufacturing system. This, in turn, lowers production risks, while enhancing the reliability and sustainability of equipment.

In addition, the proposed framework includes a Self-Healing Manufacturing Layer that greatly improves industrial resiliency by allowing for self-management and recovery in the event of a fault. The self-healing module automatically diagnoses the cause of failure or abnormality in the systems, based on edge intelligence or digital twin analysis, and automatically triggers corrective measures, without any human involvement. The actions include fault isolation, intelligent workload redistribution, backup machine activation, production rerouting, adaptive resource allocation and predictive machine maintenance scheduling. In the autonomous recovery process, production is barely affected, equipment downtime is reduced, production is more continuous, and the overall reliability of production systems is enhanced. Self-healing functions coupled with adaptive optimization helps keep the manufacturing process in check and stable even in the event of unexpected equipment failures or changing production requirements.

The Cloud Analytics and Decision Support Layer is the last layer in the framework, which analyzes large quantities of industrial data and manages enterprise production and management. EcoFusion-AI sends only optimized and meaningful information created by the edge intelligence layer, which results in lower communication overhead, and lower consumption of cloud energy. The cloud platform will serve as the repository of historical production data, re-education of AI models with the collected industrial data, generation of sustainability reports, evaluation of trends in carbon emissions, monitoring of production performance and extensive decision support dashboards for industrial managers. Frequent updates and learning from AI models based on cloud analytics and edge intelligence allow for periodic upgrades to the AI models and for scalable deployment at several manufacturing sites.

In summary, the proposed EcoFusion-AI framework is a comprehensive and holistic solution that creates a distributed, intelligent and sustainability-driven manufacturing ecosystem, bringing together the Industrial IoT sensing, edge intelligence, adaptive sustainability optimization, Eco-Digital Twins, self-healing mechanisms and cloud analysis solutions into a single architecture. The framework integrates all four pillars of Industry 4.0 into a cohesive and scalable solution for next-generation sustainable, smart manufacturing, that meets the goals of Industry 5.0.

4. Results 
To test the effectiveness of the proposed EcoFusion-AI framework to enhance the sustainability, operational efficiency, and production resilience, the framework was implemented in a simulated Industrial Internet of Things (IIoT) smart manufacturing environment. This framework was contrasted with four representative approaches: Conventional IIoT, Edge Computing-based IIoT, Digital Twin-based Manufacturing and AI-based Predictive Maintenance. The assessment was centered around machine fault prediction, sustainability, communication performance, self-healing ability and intelligent resource optimization. The framework proposed combines the concepts of edge intelligence, Adaptive Sustainability Optimization (ASO), Eco-Digital Twins, and autonomous self-healing, allowing for the simultaneous optimisation of productivity and environmental sustainability.

4.1 Classification Performance

In the first experiment, the capability of the different industrial frameworks to correctly predict the condition of machines and equipment failure is evaluated. This is crucial in minimizing unwanted failures, efficient maintenance management, and continuity of production.
Table 1. Performance comparison of intelligent manufacturing frameworks
	Method
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)

	Conventional IIoT
	91.20
	90.54
	89.83
	90.18

	Edge Computing IIoT
	94.36
	93.71
	93.05
	93.38

	Digital Twin
	95.74
	95.08
	94.61
	94.84

	AI Predictive Maintenance
	96.48
	95.92
	95.51
	95.71

	Proposed EcoFusion-AI
	98.82
	98.31
	97.94
	98.12


 Table 1 shows that the proposed EcoFusion-AI framework had the highest classification performance among all evaluated approaches. The accuracy of the framework was 98.82%, better than AI-based Predictive Maintenance (96.48%) and Conventional IIoT (91.20%). The same improvement was also seen in terms of precision, recall and F1-score, which demonstrates that the proposed edge intelligence and Eco-Digital Twin components are able to accurately detect machine faults with minimal false predictions. The increased level of predictability can allow industries to better plan maintenance activities, which decreases downtime and increases the reliability of their manufacturing operation.

4.2 Sustainability Performance
The second experiment used the use of equipment utilization, energy consumption, carbon emissions, and sustainability score to analyse the sustainability performance of each framework.
Table 2. Sustainability performance comparison
	Method
	Energy Consumption (kWh/day)
	Carbon Emission (kg CO₂/day)
	Equipment Utilization (%)
	Sustainability Score (%)

	Conventional IIoT
	152.4
	82.7
	81.6
	74.5

	Edge Computing IIoT
	139.6
	75.9
	86.8
	81.2

	Digital Twin
	131.3
	69.5
	89.2
	86.7

	AI Predictive Maintenance
	126.8
	66.1
	91.5
	89.4

	Proposed EcoFusion-AI
	108.9
	52.4
	96.8
	97.2


The results in Table 2 demonstrate EcoFusion-AI's superior sustainability performance on all the assessment criteria. The Adaptive Sustainability Optimization (ASO) engine consumed 108.9 kWh of energy per day, which is about 28.5% lower than the energy consumption of Conventional IIoT. The carbon reduction went down from 82.7 kg CO₂/day to 52.4 kg CO₂/day; while the equipment utilization has increased to 96.8%. As a result, the proposed framework recorded the maximum sustainability value of 97.2%, which shows that intelligent optimizing can lead to an improvement in environmental performance, without adversely affecting production efficiency.

4.3 Network Performance
In the realm of Industrial IoT, communication is paramount as the speed at which data is transmitted from sensors to edge devices to the cloud can directly affect manufacturing decisions. Accordingly, the communication latency, through-put, packet loss and bandwidth utilization were measured.
Table 3. Network performance comparison
	Method
	Latency (ms)
	Throughput (Mbps)
	Packet Loss (%)
	Bandwidth Usage (Mbps)

	Conventional IIoT
	162
	9.4
	2.9
	14.7

	Edge Computing IIoT
	118
	13.5
	1.8
	11.3

	Digital Twin
	101
	15.8
	1.2
	10.1

	AI Predictive Maintenance
	94
	17.1
	0.9
	9.4

	Proposed EcoFusion-AI
	63
	21.6
	0.4
	6.8


The proposed framework has achieved significant improvement in Industrial IoT communication efficiency as shown in Table 3. Running the Edge Intelligence Layer on the edge cut communication latency in half, to 63 ms, and improved throughput to 21.6 Mbps with industrial data. The bandwidth usage was lowered by over 50% and packet loss rate was as low as 0.4% as compared to Conventional IIoT. The enhancements illustrate how edge intelligence is able to significantly reduce cloud communications that are unnecessary while enabling real-time factory decisions.

4.4 Self-Healing Performance
EcoFusion-AI's self-healing capability was tested by introducing unexpected machine failures during the manufacturing process. Measurement of performance was carried out for the following: fault detection rate, recovery time, production downtime and overall system availability.

Table 4. Self-healing performance
	Method
	Fault Detection Rate (%)
	Recovery Time (s)
	Downtime (min/month)
	System Availability (%)

	Conventional IIoT
	86.7
	84
	278
	95.2

	Edge Computing IIoT
	91.4
	59
	198
	97.3

	Digital Twin
	94.2
	42
	143
	98.2

	AI Predictive Maintenance
	96.3
	31
	101
	98.8

	Proposed EcoFusion-AI
	99.1
	16
	39
	99.82


 Table 4 shows that the proposed self-healing mechanism is effective. EcoFusion-AI recorded the maximum fault detection rate of 99.1%, which helped to detect abnormal operating conditions in a timely manner. This auto-recovery feature shrank recovery time to just 16 seconds, and monthly downtime of production fell from 278 minutes in Conventional IIoT to 39 minutes. Overall, the proposed framework has successfully ensured uninterrupted manufacturing operations under dynamic industrial situations with system availability of 99.82%.

4.5 Resource Optimization Performance
In the last experiment, efficiency in the use of computational resources and production management was examined. By ensuring efficient resource use, this not only contributes to sustainable manufacturing but also minimizes waste and optimizes the productivity of manufacturing equipment.
Table 5. Resource optimization comparison
	Method
	CPU Utilization (%)
	Memory Usage (GB)
	Resource Utilization (%)
	Production Efficiency (%)

	Conventional IIoT
	82.6
	12.4
	78.9
	84.3

	Edge Computing IIoT
	75.8
	10.6
	84.5
	88.9

	Digital Twin
	71.3
	9.5
	89.1
	91.8

	AI Predictive Maintenance
	69.6
	8.8
	91.6
	94.2

	Proposed EcoFusion-AI
	61.8
	7.1
	97.5
	98.6


As shown in Table 5, the proposed EcoFusion-AI framework successfully transformed the industrial workloads to balance the workloads of the edge and cloud resources intelligently, thus achieving superior computational efficiency. The CPU usage was 61.8%, and the memory usage was 7.1 GB, suggesting efficient use of computational resources. Meanwhile, overall resource usage rose to 97.5% and production efficiency to 98.6%, demonstrating how adaptive sustainability optimization can achieve a high production efficiency with a limited compute footprint.

5. Discussion
The experimental results highlight the superior performance of the proposed EcoFusion-AI framework compared to the baseline Industrial IoT approaches for all performance metrics, with consistent outcomes. The result was an unprecedented combination of enhanced production efficiency, sustainable optimisation (Adaptive Sustainability Optimization or ASO), communication performance, and system reliability by implementing Edge Intelligence, ASO, Eco-Digital Twins, and Self-Healing Manufacturing.

For fault prediction, the proposed framework had an accuracy of 98.82% which was 7.62%, 4.46%, 3.08%, and 2.34% higher than Conventional IIoT (91.20%), Edge Computing IIoT (94.36%), Digital Twin (95.74%), and AI Predictive Maintenance (96.48%), respectively. Likewise, the proposed model was able to achieve high precision of 98.31%, recall of 97.94%, and F1 score of 98.12%, showing good performance in correctly detecting equipment faults while avoiding false alarms. The high prediction accuracy is due to the combination of real-time edge analytics and Eco-Digital Twin-based machine health monitoring.

Energy efficiency and environmental impact were also significant benefits, particularly in terms of sustainability, as shown by EcoFusion-AI. The reduction in the daily energy consumption of the proposed framework compared to the comparison methods was 108.9 kWh, 152.4 kWh, 139.6 kWh, 131.3 kWh, and 126.8 kWh. This represents about 28.5% energy savings compared to Conventional IIoT. Similarly, the daily carbon emissions decreased to 52.4 kg CO₂, while Conventional IIoT reduced the carbon emissions by around 36.6% to 82.7 kg CO₂. Equipment utilization was up to 96.8% versus 81.6% for Conventional IIoT, and the sustainability score was 97.2%, demonstrating that the Adaptive Sustainability Optimization (ASO) engine is effective at optimizing productivity while maintaining environmental goals.

Edge Intelligence also helped a lot with the communication performance. The proposed architecture successfully reduced the latency of the communication process to 63 ms, significantly lower than Conventional IIoT (162 ms), Edge Computing IIoT (118 ms), Digital Twin (101 ms) and AI Predictive Maintenance (94 ms). Throughput rose to 21.6 Mbps, which is above the best baseline of 17.1 Mbps. In addition, the packet loss dropped to 0.4%, and bandwidth usage was lowered to 6.8 Mbps, supporting the hypothesis that the local edge processing was able to reduce unnecessary cloud communication, in turn improving real-time responsiveness.

The new self-healing mechanism greatly enhanced manufacturing resilience. In the test, EcoFusion-AI has a fault detection rate of 99.1%, compared with 96.3% for AI Predictive Maintenance and 86.7% for Conventional IIoT. Automated recovery strategy resulted in 16 seconds to recover from a fault, while Conventional IIoT took 84 seconds to recover from a fault. The system availability rose to 99.82% from 96.69% during Conventional IIoT, and monthly production downtime dropped significantly from 278 minutes to 39 minutes, proving the effectiveness of autonomous fault diagnosis and intelligent workload redistribution and predictive maintenance in maintaining continuous manufacturing operations.

The effectiveness of the proposed framework is further supported by the results of optimizing the resources. CPU utilization dropped from 82.6% for Conventional IIoT to 61.8%, and memory dropped from 12.4 GB to 7.1 GB. Meanwhile, the utilization of resources rose to 97.5%, while production efficiency hit 98.6%, which was significantly higher than all of the comparison methods. The improvements suggest that the ASO engine automatically steers in the allocation of computational and manufacturing resources based on the changing production needs to achieve the highest possible efficiency in operations and the lowest number of computation steps.

The overall classification accuracy of the proposed EcoFusion-AI framework was 98.82%, with a sustainability score of 97.2%, energy consumption of 108.9 kWh/day, carbon emission of 52.4 kg CO₂/day, communication latency of 63ms, throughput of 21.6 Mbps, fault detection rate of 99.1%, recovery time of 16s, system availability of 99.82%, resource utilization of 97.5%, and production efficiency of 98.6%. The outcomes described here show that the combination of Edge Intelligence, Adaptive Sustainability Optimization, Eco-Digital Twins and Self-Healing Manufacturing is a powerful tool to enable sustainable smart manufacturing, while simultaneously enhancing operational productivity, environmental sustainability and system resilience.

6. Conclusion
This paper introduced a new AI-driven sustainable Industrial Internet of Things (IIoT) paradigm for smart manufacturing, which combines Edge Intelligence, Adaptive Sustainability Optimization (ASO), Eco-Digital Twins, Self-Healing Manufacturing and Cloud Analytics into a single paradigm. The proposed framework effectively overcomes the drawbacks of traditional IIoT systems, enabling all aspects of production, energy, carbon emissions, equipment use and operational resilience to be optimized. EcoFusion-AI achieves this by using real-time sensor data, intelligent edge processing, adaptive multi-objective optimization, digital twin-based predictive analysis, and autonomous fault recovery, all of which help to ensure sustainable and reliable manufacturing operations with minimal human intervention. Experimental results showed that the proposed framework outperforms the existing Industrial IoT approaches in all evaluated metrics including classification accuracy (98.82%), sustainability score (97.2%), energy consumption (108.9 kWh/day), carbon emissions (52.4 kg CO₂/day), equipment utilization (96.8%), communication latency (63 ms), fault detection rate (99.1%), recovery time (16 s), system availability (99.82%), and production efficiency (98.6%). The results show that the proposed framework adequately strikes a balance between industry productivity and environmental protection, boosts manufacturing resilience and resource efficiency. EcoFusion-AI framework is a scalable and practical solution for next generation industry 5.0 smart factories and has great potential to be deployed in the intelligent manufacturing ecosystems. Future study includes implementation in real industrial environments, incorporation of renewable energy-aware scheduling, incorporation of federated learning for privacy-preserving distributed intelligence and extension of the optimization engine for autonomous multi-factory collaboration and carbon-neutral manufacturing.
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Fig. 1. Overall architecture of the proposed EcoFusion-Al framework.
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