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Abstract 

Industry 5.0 prioritizes sustainable, human-centred production, but practical frameworks integrating 

digital twins, artificial intelligence, and virtual reality (VR) remain scarce. This study develops an 

operational toolbox acting as an advanced digital shadow, featuring a real-time pipeline via MQTT, 

Telegraf, InfluxDB, FlexSim, an InceptionTime model for energy forecasting, and VR. Lacking 

automated physical interventions, it relies on a decision-mediated feedback loop: simulated sensor data 

is cloud-streamed, AI-analysed, and 3D-visualized, empowering human decision-makers to manually 

implement changes. The proof-of-concept achieved ~2 seconds end-to-end latency, validated short-

horizon energy forecasts (MAE/RMSE reported), and demonstrated VR's feasibility for spatial 

bottleneck comprehension. This integrated architecture provides a replicable blueprint for near-real-time 

immersive systems, supporting industrial awareness and sustainability-oriented decision-making 

(SDG 12). 
(Received in March 2026, accepted in June 2026. This paper was with the authors 2 months for 3 revisions.) 
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1. INTRODUCTION 

Following the advancements in automation of Industry 4.0, Industry 5.0 emerges as a response 

to the need for sustainable and human-centred innovation. This approach overcomes Industry 

4.0 limitations by leveraging artificial intelligence, digital twins, and the Internet of Things to 

promote personalization and efficiency without excluding humans [1]. 

      Digital twin (DT) is a virtual replica of a real-world scenario, and can be used to model 

objects, processes, and other features that connect the real and virtual worlds [2]. Grieves [3] 

describes a three part model: the physical entity, the virtual entity and the data connection that 

unifies them. Other architectures [4] expanded it to a five dimensions model focused on the 

industry 4.0 services. Its use enables the analysis of scenarios and modifications to process 

flows before their implementation in real-world environments, promoting time optimization, 

greater reliability, and safe decision-making, as well as contributing to cost reduction and 

optimal resource allocation in intelligent manufacturing [5, 6]. 

      Another technology used in Industry 5.0 is the artificial intelligence (AI). AI fosters the 

capacity for innovation, integrates human and machine cognition, and contributes to optimizing 

the use of resources and reducing waste, enabling adaptive production strategies and data-

driven decision-making in this new industrial paradigm [7]. The convergence of these 

immersive and integrative technologies and the human-centred paradigm of Industry 5.0 offers 
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new avenues for industrial transformation where virtual reality (VR) based platforms enable 

more intuitive human-machine collaboration, adaptive training, and real-time support in 

manufacturing environments [8, 9]. For example, when AI analyses real-time data from a DT 

and presents insights through VR interfaces, users gain intuitive situational awareness, adaptive 

decision support, and enhanced collaboration with machines [10]. 

      Therefore, the integration of DTs and VR emerges as a fundamental strategy to strengthen 

Industry 5.0 and drives sustainable development. This combination enhances monitoring, 

diagnostic, and decision-making capabilities. Furthermore, the combined use of DTs and 

immersive technologies contributes to error reduction, resource savings, and process 

optimization, essential aspects for building sustainable and resilient production systems 

[11, 12]. Given the depletion of natural and non-renewable resources, coupled with the increase 

in waste and emissions, DT technology has significant potential to support the achievement of 

the Sustainable Development Goals (SDGs) [13]. 

      The Sustainable Development Goals constitute a global agenda established by the United 

Nations to guide social, economic, and environmental actions; among them, Goal 12 focuses 

on ensuring sustainable consumption and production patterns to preserve natural resources [14]. 

In industrial contexts, these goals encourage the adoption of clean technologies and circular 

production models. Within this broader framework, technologies such as DTs gain relevance 

when used to support data-driven decisions that reduce waste, monitor product lifecycles, and 

optimize resource use [15]. 

      The relationship between the SDGs and digital technologies reveals broad applicability and 

specialized focus. AI and VR have emerged as the most versatile and widely applicable 

technologies across a variety of SDGs, while others (such as Internet of Things, Cloud 

Computing, Data Analytics, Data Research, and 3D Printing) exhibit more specific associations 

with objectives, reflecting their targeted applications in sustainability areas. Notably, these 

technologies have experienced rapid research growth over the past five years, highlighting their 

increasing potential to address sustainability challenges and foster innovation [16]. Therefore, 

the integration between DTs, virtual reality, and intelligent data management reinforces the 

vision of Industry 5.0, combining technological innovation and sustainability in favour of more 

responsible production [17]. 

      Although the literature advanced on the use of DTs for process simulation and the 

application of virtual reality for visualizing and interacting with industrial data [18], there is 

still a gap in practical studies that integrate these two fronts in a complete and functional 

manner. Moreover, there is a lack of proof-of-concept demonstrations and applied case studies 

that demonstrate the technical feasibility of end-to-end connection between sensor data streams 

(streaming via Message Queuing Telemetry Transport (MQTT)/InfluxDB) and immersive 

interaction in virtual environments. This absence of practical validations limits the 

understanding of the real potential of these technologies when combined, both in terms of 

operational efficiency and contribution to sustainable production practices, especially when 

considering the SDGs. 

      In this context, this study develops and demonstrates an operational toolbox for digital 

shadows that integrates virtual reality, AI predictions, and real-time data in a simulated 

manufacturing environment. Specifically, it investigates the analytical and operational potential 

of integrating a real-time digital shadow architecture with immersive interfaces that use AI to 

monitor manufacturing indicators and support resource optimization. By applying VR for 

contextual data inspection, immersion in the simulated factory, and visual analysis of 

production bottlenecks, this study demonstrates the feasibility and benefits of linking 

simulation and immersive visualization. The research identifies insights related to resource 

efficiency and waste reduction, evaluating the potential of this immersive toolbox as a 

supportive framework for industrial sustainability, in line with SDG 12. 
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      This paper delivers: (i) an implementation-ready architecture blueprint (MQTT → InfluxDB 

→ FlexSim → VR), including the rationale behind the selected streaming and time-series 

database components; (ii) a minimal, repeatable evaluation protocol to benchmark deployments 

using end-to-end latency, compute footprint (CPU/RAM/GPU), and energy-forecast error 

metrics; and (iii) decision-focused use cases demonstrating how the toolbox supports bottleneck 

diagnosis, energy-aware line reconfiguration and scenario testing, and SDG12-oriented 

reporting through operational resource-use indicators. 

      This work is organized as follows: Section 2 presents the theoretical background; Section 3 

describes the methodology; Section 4 reports the results; Section 5 discusses the sustainability 

and SDG implications; and Section 6 concludes the paper. 

2. RELATED WORK 

The following sections present current knowledge on the integration of DT, VR and AI for 

sustainability, and how these elements inform the architecture proposed in this study. 

2.1  Data architecture for DT 

The proposed  data architecture geared towards the creation of DTs [19] is based on a scalable 

and modular structure, inspired by the Lambda Architecture, which integrates and processes 

large volumes of data from physical sensors and synthetic sources. The model is composed of 

five interdependent layers: Ingestion, Storage, Processing, Services, and DT, that play an 

essential role in building precise and dynamic virtual representations. 

      Nevertheless, the DT architecture is a complex construct that integrates information 

technology to create and manage a DT system. This architecture conceptually consists of three 

elements: physical space, virtual space, and their connectivity, originally proposed for Product 

Lifecycle Management [3, 20]. The key to developing DTs lies in establishing a bidirectional 

data connection between the physical entity and its corresponding virtual equivalent model, 

through data collection with sensors, which is processed and with which the user interacts 

through visualization techniques [20]. This requirement for reliable, low-latency bidirectional 

data flows directly motivates the real-time pipeline implemented in the present study. In fact, 

the level of data integrations are what differentiate the implementations. Kritzinger et al. [21] 

categorize the systems in digital model when there is absent of data connection, digital shadow 

when there is a unidirectional flow of data and DT when there is a bidirectional flow of data. 

Accordingly, the artifact implemented in this study is classified as a digital shadow. The 

automated data flow is unidirectional: simulated sensor records are published to MQTT, stored 

in InfluxDB, analysed by the AI model, and visualized in FlexSim and VR. The reverse 

direction is not implemented as actuator-level control. Instead, feedback is human-mediated: 

users inspect the VR and AI outputs and may manually adjust scenario parameters or implement 

shop-floor changes. The proposed toolbox focuses on real-time synchronization, a critical 

requirement also highlighted in recent IoT-based DT frameworks applied directly to production 

lines [8]. 

      Complementing this industrial perspective, Kang and Kim [22] focus on data architectures 

applied to build environments, emphasizing interoperability and continuous feedback. This 

architecture is based on interoperability between different sources (IoT sensors, BIM systems, 

and cloud platforms), allowing dynamic updating of the virtual model according to the real 

conditions of the physical asset. The process begins with the acquisition of real-time data, then 

the integration into centralized databases that utilize big data technologies for information 

processing and cleaning. Subsequently, this data feeds predictive analytics and simulation 

algorithms improving energy performance, predictive maintenance, and operational efficiency. 
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Similarly, our toolbox leverages streaming data and time-series storage to feed AI-based 

predictions and digital-twin visualization. 

      Nevertheless, some data architecture models for the development of DTs are based on a 

cyclical and interoperable integration structure, geared towards the management of industrial 

and urban assets. Building on the layered logic of previous models, Liu et al. [23] emphasizes 

the cyclical integration between data acquisition, analysis, and feedback to maintain an 

evolving digital representation. Initially, the acquisition layer collects real-time information 

through IoT sensors, SCADA systems, and external platforms. This data is then processed and 

organized in the management and storage layer, which uses relational and non-relational 

databases to ensure scalability and consistency. A differentiator of this architecture is the 

continuous feedback mechanism, which updates the virtual model according to the real 

behaviour of the physical asset, keeping the DT as a dynamic and constantly evolving reflection. 

This study adopts this cyclical view by linking data ingestion, AI analysis, and visual feedback 

in a single operational loop. 

      Across the reviewed architectures, a common challenge lies in ensuring seamless real-time 

data flow and bidirectional synchronization between the physical and digital layers. This aspect 

becomes particularly relevant for the integration with virtual reality systems, as explored in the 

present study, since high latency or data loss can compromise the utility of immersive 

dashboards for timely decision-making and, in extreme cases, may prejudice the system 

irreversibly if it becomes too late to intervene. 

2.2  Virtual reality, artificial intelligence and sustainability 

Extended reality has emerged as an enabler of sustainable digital transformation, providing 

immersive multisensory experiences that replicate real-world contexts through visual, auditory, 

and tactile feedback. In the field of sustainability, VR presents significant potential to promote 

responsible consumption and production practices, in line with Sustainable Development Goal 

12, since technology is primarily responsible for human-computer interaction and individual 

behaviour can directly influence the creation of a sustainable culture and environment [23]. The 

use of virtual environments allows for the reduction of physical resource consumption and a 

decrease in carbon footprint, as immersive experiences can replace activities that traditionally 

required travel, physical prototyping, or material consumption [24, 25]. These findings support 

the use of VR in this study to analyse manufacturing scenarios without the need for physical 

reconfiguration or testing. 

      The integration of VR with other technologies expands these possibilities by creating digital 

ecosystems in which consumption can be partially shifted to the virtual environment. In this 

context, virtual goods and services reduce the need for physical production and transportation 

of goods, promote new sustainable consumption patterns, and contribute directly to the goals 

of SDG 12 [26]. By encouraging environmentally conscious behaviours and dematerialized 

consumption patterns, VR-based environments illustrate a growing dimension of digital 

sustainability, aligned with the principles of circular economy. In the context of industrial 

systems, such digital ecosystems can be used to explore alternative configurations, resource use 

strategies, and waste reduction scenarios before implementation on the shop floor, as we 

propose in our toolbox. 

      These applications demonstrate how immersive technologies can serve not only as 

visualization tools, but also as operational interfaces for DTs, reinforcing sustainable practices 

through data-driven monitoring and simulation. This dual role of VR, as both a visualization 

layer and an interaction interface is central to the architecture adopted in this work. When AI 

and VR are integrated into simulation workflows, they create a layered framework, integrating 

multiple technological layers that together expand the system’s capabilities. This is because AI 

enhances the fidelity and predictive power of simulations, while VR provides the perceptual 



Nascimento, De Araujo, Ferreira, Palmeira, Winkler, Pimentel: Sustainable Manufacturing Digital … 

387 

and interactional channel through which these predictions become actionable. Proof-of-

concepts illustrate how AI models can be visualized and analysed in immersive simulations, 

enabling rapid hypothesis testing and risk-reduction-focused planning before physical 

deployment [27]. In line with these studies, our approach uses AI forecasts of energy 

consumption as input to an immersive dashboard that supports analysis of bottlenecks and 

resource use. 

      Design considerations for robust AI+VR systems emphasize real-time data pipelines. 

Therefore, studies recommend architectures that stream sensor data and simulation outputs to 

synchronized VR experiences, while performing lightweight AI inference at the edge and 

training/aggregating more complex models in the cloud. Roy et al. [28] highlight the need to 

evaluate both technical performance and human outcomes when validating these platforms.  

Thus, integrating AI with VR requires not only technical robustness but also careful attention 

to user experience and ethical implications, ensuring that human-centred values remain at the 

core of intelligent immersive systems. These recommendations directly inform the real-time 

data flow and performance metrics adopted in our case study. 

      Also, the synergistic interplay DT, VR and AI is emerging as a critical enabler of sustainable 

manufacturing systems, particularly in the context of SDG 12 (Responsible Consumption and 

Production). Thereby, while DT reduce reconfiguration time and improve system availability, 

AI enhances decision-making and VR strengthens human–machine interaction, underscoring 

the combined value of these technologies for resource efficiency and waste minimization in 

Industry 5.0 transitions [29]. Hence why in the present study an architecture compound by DT 

to simulate the objects, processes and the environment, AI to predict its behaviour and its 

failures and VR to facilitate the comprehension of the processes, forming an operational toolbox 

that can be reused and extended in other sustainability-oriented manufacturing scenarios. 

3. MATERIALS AND METHODS 

Based on the gaps identified regarding real-time data flow, AI integration, and immersive 

visualization in DT architectures, this study adopts a Design Science Research (DSR) approach 

[30, 31] to design and demonstrate an operational toolbox for sustainable manufacturing. In this 

work, the artifact takes the form of an operational toolbox, comprising: (i) a real-time data 

architecture; (ii) a simulation model implemented in a 3D discrete-event environment; (iii) an 

AI model for forecasting energy consumption; and (iv) a VR interface for immersive 

visualization and analysis of process indicators. This choice is appropriate because developing 

an end-to-end framework connecting sensors, data pipelines, AI, and VR requires integrating 

complex components focused on practical solutions. 

      Following standard DSR process models, six steps were conducted: (1) problem 

identification; (2) definition of solution objectives; (3) design and development of the system 

architecture; (4) demonstration of the architecture in a simulated case study; (5) evaluation 

based on technical and analytical metrics; and (6) communication of the results. In the first and 

second steps, the problem and solution objectives were defined through a literature review in 

the IEEE Xplore and MDPI databases, focusing on terms such as sustainability, SDG 12, DTs, 

data architectures, VR applications, and AI in manufacturing. 

      In the third step, the toolbox was designed and implemented. A Python script was developed 

to simulate an 8-hour continuous shift, providing the foundational dataset for the AI training 

and the real-time stream. The simulated environment represents a sequential flow line 

comprising eight distinct processing stages: one robotic feeder, six human-operated assembly 

stations, and a final quality assurance (QA) station. To ensure technical transparency and 

reproducibility, the operational characteristics were explicitly defined. New items are 

introduced into the system at random intervals uniformly distributed between 50 and 60 
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seconds. To simulate inherent operational variability, processing times fluctuate per item: the 

robotic feeder operates with a cycle time between 5.0 and 7.0 seconds, human operators vary 

between 10 and 30 seconds, and the QA station takes between 8 and 15 seconds, applying a 

95 % pass rate. Crucially for the energy forecasting model, each station’s consumption profile 

transitions between idle and active processing states. When idle, all stations draw a constant 

baseline power of 0.1 kW. During active processing, the power draw fluctuates uniformly 

between 0.7 kW and 1.1 kW for both the robot and the assembly operators, while the QA station 

consumes between 0.3 kW and 0.5 kW. These discrete operational states, combined with 

stochastic cycle times, generate the complex time-series data necessary to train the 

InceptionTime architecture. The data pipeline utilizes a cloud-based MQTT broker (HiveMQ) 

to receive streaming data, which are then collected by Telegraf and stored in an InfluxDB time-

series database. A Python-based socket server connects InfluxDB to FlexSim, enabling real-

time updates of the 3D simulation model. For immersive visualization, a Meta Quest 3S headset 

was used to display the spatial data. 

      The fifth step evaluates the toolbox using mixed methods, including technical metrics (AI 

performance, latency, resource consumption) and an analytical assessment of the toolbox's 

usefulness for identifying bottlenecks. FlexSim did not generate the stochastic operational data 

and does not execute autonomous control commands. In this implementation, FlexSim 

consumes JSON state messages from the Python socket server and synchronously updates the 

3D representation. Therefore, FlexSim reflects streamed state changes and AI forecasts, but it 

does not automatically modify the production system as a result of feedback. 

4. RESULTS 

4.1  Designing and demonstrating the digital-shadow toolbox architecture 

The toolbox architecture (Sensors → MQTT Broker → InfluxDB → FlexSim → VR) has been 

implemented and validated in a simulated factory testbed. The sensor data simulates its status, 

processing time, and power consumption, with it being generated within an interval to simulate 

the randomness of human behaviour, a range of 10 to 30 seconds. This configuration 

demonstrated the interoperability between data streaming, simulation, and immersive 

visualization, validating the feasibility of real-time synchronization across heterogeneous 

systems. The data is then transmitted to an MQTT Broker, for testing purposes, a free cloud 

computing service called HiveMQ was selected. 

      Finally, a Python socket server queries the necessary data and sends it to FlexSim in a JSON 

payload. All items described in this section functioned within an acceptable synchronous 

interval, where end-to-end update latency (sensor publish to VR-visible state change) was 

observed at ~2 s in the single-machine testbed. This latency is acceptable for managerial 

monitoring and non-safety-critical decision support, although it would not be sufficient for real-

time closed-loop control, as shown in Fig. 1 below, solid arrows denote automated data flow 

from simulated sensors to storage, AI inference, FlexSim, and VR. Also, the computational 

environment used relatively few resources, with the CPU clock speed not exceeding 2 GHz, 

and the RAM memory was almost all the time within the range of 7.5 GB to 8 GB being used 

which means that standard hardware can run this framework, finally, the GPU was only used 

for the simulation model, which was very little used (approximately 1 GB of GPU dedicated 

memory). This adequate computational consumption is a critical finding for sustainability, as it 

directly translates to lower energy consumption for the monitoring infrastructure, minimizing 

the DT’s own environmental impact. 
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Figure 1: Data architecture of the digital-shadow toolbox. 

      A FlexSim factory model (Fig. 2) includes a robot feeding a conveyor, six operator stations 

and a final QA operator station, and a task executor transporting items to a storage rack. 

 

Figure 2: FlexSim model of an imaginary factory. 

4.2  AI component of the toolbox to preview the factory energy consumption 

The AI model implements InceptionTime, a state-of-the-art  deep convolutional neural network 

architecture [32], it was trained with data from 5 different simulated days, for it to be used and 

predict the next half-hour power consumption using the last half-hour as a base for the next 

prediction, if the simulation model has just started, or if there is not enough data, it will start at 

zero. The AI model was evaluated using mean absolute error (MAE) and root mean squared 

error (RMSE) both reported to four decimal places. The model achieved strong predictive 

performance in the simulated dataset. In 10 epochs, it showed an approximated reduction of 

97 % in the train loss(from 0.0296 to 0.0010), the training loss is a metric used to assess how 

the AI model fits the training data, the reduction of it means that the model is effectively 
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learning the patterns of the data, the model also showed an approximate reduction of 98 % in 

the validation loss (from 0.0204 to 0.0005), the validation loss qualifies the model’s 

generalization capability on unseen data during training, evaluating performance on a disjoint 

subset (typically 20 % of the dataset). The validation loss (0.0005) was lower than the train loss 

(0.0010), indicating excellent model generalization without overfitting. The close alignment 

between MAE and RMSE (ratio of 1.26 in this dataset) demonstrates consistent prediction 

quality across all stations without significant outliers. The model exhibited steady convergence 

throughout training, where MAE decreased from 0.1059 to 0.0170 across epochs (Table I), 

supporting the suitability of the InceptionTime architecture for multivariate industrial energy 

forecasting. However, the model was trained with only one parameter, and in more complex 

data it must be contextualized with other kinds of data. 

Table I: Results of the training of the AI. 

Epoch Train loss Validation loss MAE RMSE 

0 0.0296 0.0204 0.1059 0.1429 

1 0.0146 0.0335 0.1464 0.1829 

2 0.0088 0.0198 0.1183 0.1408 

3 0.0059 0.0174 0.1028 0.1319 

4 0.0041 0.0150 0.0976 0.1224 

5 0.0030 0.0094 0.0801 0.0969 

6 0.0022 0.0032 0.0515 0.0567 

7 0.0017 0.0020 0.0378 0.0448 

8 0.0013 0.0010 0.0267 0.0318 

9 0.0010 0.0005 0.0170 0.0214 

4.3  VR component of the toolbox to visualize and analyse data and processes 

The VR exhibited the model in real time, overlaying live station status and power consumption, 

highlighting queue buildups as bottleneck cues, and allowing viewpoint navigation for line-of-

sight inspection. While the technical integration successfully demonstrated low-latency spatial 

diagnosis, empirical user studies are still required to quantify its direct impact on managerial 

decision-making. However, from a technical feasibility standpoint, this framework indicates 

that VR can effectively serve as the interactive layer where human operators close the feedback 

loop of the digital shadow. Use VR when stakeholder spatial comprehension is a priority, and 

use 2D dashboards when monitoring is strictly routine. 

      The contribution of VR in this proof-of-concept should be interpreted as an immersive 

visualization capability rather than as empirically validated evidence of improved decision 

quality. Its added value lies in the spatial co-location of station status, queue accumulation, and 

power-consumption indicators with the 3D layout, supporting contextual inspection of 

bottlenecks. Because no usability study or controlled comparison with 2D dashboards was 

conducted, claims about improved managerial performance remain outside the scope of this 

study. 

5. DISCUSSION: DIGITAL SHADOW TOOLBOX AND VR AS 

ENABLERS TO ACHIEVE THE SDGS 

The results indicate that the proposed digital-shadow toolbox can support SDG 12 primarily 

through pre-implementation scenario testing and energy-visibility. First, scenario testing in the 

virtual model allows layout, staffing, cycle-time, and equipment changes to be assessed before 

physical implementation, reducing unnecessary trial-and-error adjustments on the shop floor. 



Nascimento, De Araujo, Ferreira, Palmeira, Winkler, Pimentel: Sustainable Manufacturing Digital … 

391 

This contribution is aligned with SDG targets 12.2 and 12.5 because it supports resource-

efficient production and waste prevention. Second, the AI-based energy forecast provides 

station-level visibility of short-term power-consumption patterns, which can inform energy-

aware scheduling, maintenance planning, and line reconfiguration. 

      However, these sustainability benefits should be interpreted as potential contributions rather 

than directly measured environmental impacts. The study uses simulated industrial data and 

does not quantify reductions in energy consumption, waste, emissions, or material use in an 

operating factory. Therefore, the toolbox should be understood as a decision-support and 

experimentation environment that enables SDG-oriented analysis, not as direct evidence of 

environmental-performance improvement. 

      AI can also help in decision making, the integration of AI in this digital shadow helped 

understand the energy-consuming patterns in every station/machine, this information can be 

crucial to any manager/stakeholder to make any decision about its environment future, not only 

with the data provided from the past, or the present, but can use the data the AI predicts from 

the future and consuming patterns, which can help to take better-informed decisions. This AI 

only predicted energy-consuming patterns, but it can predict almost anything, it only depends 

on the context and the environment variables. 

6. CONCLUSION 

This paper presented an operational toolbox for immersive digital shadows integrating a real-

time data architecture, a 3D simulation model, an AI-based forecasting component, and a VR 

interface to support sustainability-oriented decision making in manufacturing. The toolbox was 

instantiated in a simulated factory case study to explore how DTs, VR, and AI can contribute 

to the goals of Industry 5.0 and SDG 12 (Responsible Consumption and Production). 

      The implementation demonstrated that the proposed data pipeline linking simulated sensors, 

a cloud- based MQTT broker, Telegraf, InfluxDB, FlexSim, and VR visualization can operate 

synchronously with an end-to-end latency of approximately 2 seconds on standard hardware. 

This performance is technically acceptable for managerial decision support and indicates that 

the architecture is viable for near real-time monitoring and analysis. The AI model, based on 

the InceptionTime architecture, achieved excellent generalization in predicting short-term 

power consumption, with low training and validation losses and consistent error metrics across 

stations, thereby providing an informative layer for energy-efficiency analysis. 

      From a design perspective, the VR component demonstrated the technical feasibility of 

embedding process indicators in a spatial and contextual representation of the production 

system. These observations should be interpreted as evidence of visualization capability, not as 

user-evaluation evidence. The effect of immersive dashboards on usability, trust, and decision 

quality remains to be tested empirically. 

      Our toolbox is reusable in other industrial contexts, specifying a concrete combination of 

technologies (MQTT, InfluxDB, FlexSim, VR, and InceptionTime models), design choices 

(streaming architecture, time-series storage, forecasting horizon), and evaluation metrics 

(latency, resource consumption, AI performance) that can guide future implementations. 

      Limitations include the use of simulated industrial data, reliance on a single predictive 

variable, and the absence of empirical user studies to evaluate VR dashboards. Future work 

may address these limitations by integrating real sensor data from operating factories, extending 

the AI component to multivariate forecasting and multi-objective optimization (for instance, 

balancing energy, throughput, and maintenance). 

      Additionally, immersive VR dashboards potentially enhance the comprehension of process 

performance among non-technical stakeholders by embedding data in spatial and contextual 

environments. Therefore, future studies can conduct user studies with managers and operators 
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to assess usability, trust, and decision quality in immersive environments. In addition, the 

toolbox can be adapted to other sustainability-related indicators and industrial sectors, 

contributing to a broader research programme on DTs, VR, and AI as enablers of Industry 5.0 

transitions. 
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