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The transformation that the current generation of manufacturers is witnessing requires 

efficiency, flexibility as well as timely and accurate decisions to sustain competitions in the 

current highly dynamic market environment. This paper describes the KPI-based analytics 

tool that will be used for process improvement in the manufacturing industry. The tool links 

KPIs with the help of AR and 3D visualization to transform ordinary numbers and 

operational data into powerful visual patterns. It involves data collection from Hiava Oy’s 

Lean process planning (LeaPP) system and Ainak’s Visual Planner to create a strong online 

data analysis system permitting actual time comparison and assessment of the manufacturing 

processes. 

Where current process optimization lacks effectiveness in areas like static display and 

analysis, the tool allows detailed simulation and future hypothesis analysis. Based on the 

case of Hiava Oy, it proves the tool works well by showing positive increases in the lead 

time of the process, production activity, and Overall Equipment Effectiveness (OEE). 

Moreover, components for future development that deal with the integration of AI are 

included in the thesis. On the other hand, it has line plans for adopting machine learning-

based predictive analytics solutions, real-time analysis for anomaly detection, and a 

parameter recommendation engine that is also based on AI. These future integrations are 

used to improve more configurations of procedures and the quality of the decision being 

made. 

In this respect, it brings both practical value to Industry 4.0 projects and lays a foundation 

for the continuous advancement of AI-driven innovations in the manufacturing process, 

combined with the ideas of the digital twin. This multi-faceted approach is well oriented to 

sustainable industrial development. 
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1. Introduction 

With the rapidly growing Manufacturing industries across the global front, various 

manufacturing industries face a great deal of pressure with aspects related to digitalization, 

increased competition, and advancement of technology. These trends require not only fine-

tuning but also revolutionizing the fashion in which manufacturing processes are designed, 

coordinated, and improved. Industry 4.0 has become the common umbrella under which 

such changes are enhanced through the adoption of the following developments: Artificial 

Intelligence (AI), Augmented Reality (AR), Digital Twins, or Big Data Analytics. This kind 

of change is making it possible for managers to question the conventional ways of production 

and possibly find better modes of working. 

However, it is important to note that the move to the smarter manufacturing has some 

challenges that ought to be discussed. Traditional methods of business improvement provide 

limited means of achieving the inherent, live, and instantaneous analysis that is necessary to 

drive the decisions in today’s manufacturing plants. Consequently, several manufacturers 

are turning to technologies that extend lean manufacturing concepts and enable alterations 

in visualization and analysis. This paper responds to that need by introducing a solution that 

addresses the current gaps in process improvement through creation of a KPI based process 

analysis tool, augmented reality-enhanced process visualization, and process 3D modelling. 

This was centred on the construction and assessment of a performance-based tool that has 

the combination of Hiava Oy’s Lean Process Planning system and Ainak’s Visual Planner. 

The solution proposed here seeks to assist the manufacturers to make real time analysis on 

various configurations for the manufacturing systems. Thus, making the help of this tool, the 

users can carry out dynamic simulation, analyse the potential weak points, and apply 

corrections evidently, it will result in improvement of the overall company’s operation and 

decrease of losses connected with the time spent on technical problems. The research also 

sets the scene for subsequent incremental advancements through AI incorporation about 

cognitive computerization, malfunction identification, and learning flexibility. 
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1.1. Background and Motivation 

The major challenge facing the manufacturing industries in the contemporary world is 

competition, and according to (Happonen, A., & Salmela, E. (2010)) speed of technology 

development and digitalization as well as dynamism in the marketplace. According to 

(Rantala, J. and Happonen, A. (2019)), there is consistent effort among manufacturers in 

achieving better means and fashion of industrial collaboration, production and operations 

improvement (Happonen and Minashkina, 2019). According to (Ghoreishi, M., Happonen, 

A., Pynnönen, M. (2020), Ghoreishi, M., Happonen, A. (2022), Happonen, A., Ghoreishi, 

M. (2022)) Technological advancement through the industry 4.0 laid the footing and 

incorporated separate novel technologies like and according to (Tatenda, C.A., Happonen, 

A., Victoria, H. (2023)) augmented reality, the concept of digital twin, and according to 

(Garcia, M. B., Goi, C. L., Shively, K., Maher, D., Rosak-Szyrocka, J., Happonen, A., 

Bozkurt, A., & Damaševičius, R. (2025)) artificial intelligence and big data analytics in 

manufacturing landscapes. They are transforming conventional techniques for mobilizing 

and gathering data, analysis and according to (Tamasiga, P., Ouassou, E.H., Onyeaka, H., 

Bakwena, M., Happonen, A., Molala, M. (2023)) forecasting as well as making decision 

making smarter and more modern (Sosunova, I., Porras, J., Wolff, A., Happonen, A. (2024)). 

In this regard, lean manufacturing concepts have again become the primary enablers for 

effectiveness through the process of waste minimization, process mapping, and improving 

methods. In conventional frameworks, challenges that occur within manufacturing systems 

are described by static two-dimensional perspectives which do not represent the dynamics 

of the existing contexts. 

According to (Piili, H., Widmaier, T., Happonen, A., Juhanko, J., Salminen, A., Kuosmanen, 

P., Nyrhilä, O. (2013), Widmaier, T., Juhanko, J., Piili, H., Kuosmanen, P., Salminen, A., 

Happonen, A., Kontio, J., Nyrhilä, O. (2013)) a combination of advanced methodologies like 

augmented reality and three-dimensional modelling with additive manufacturing, works 

with the efficient key performance indicator-based analysis is provided by the proposed tool 

and allows envisioning production activities easier and more thorough. This helps the 

manufacturers to try out different configurations of the process, analyze a hypothetical 

scenario and eliminate the actual and visible bottlenecks with a realistic outlook. 

Furthermore, according to (Oubrahim, I., Sefiani, N., Happonen, A. (2023)) the development 
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of such a tool is driven by the aspiration to support sustainable industrial growth by reducing 

production downtime, lowering defect rates, and enhancing overall equipment effectiveness 

(OEE). 

This research aims to supply valuable information in specific areas that enhance 

manufacturers’ decision-making process, time, and competitive advantage in the context of 

a growing complex industrial environment. The research also provides the ground for further 

development soon considering planned incorporation of new features based on sophisticated 

AI technology that would position the tool as state-of-the-art software. By creating such 

detailed analytical instruments, the researcher seeks to enhance sustainable industrial 

practices and digitalization of manufacturing processes worldwide. 

1.2. Problem Statement 

Today the problems of improving the efficiency of operation and flexibility in manufacturing 

enterprises are becoming more acute. According to (Kortelainen, H., Happonen, A., Hanski, 

J. (2019)) shows that technologies have started embracing digital transformation, some of 

the current methods of process optimization have seemingly shown the following 

drawbacks. Many existing systems provide solutions that pertain to possibly static 

information analysis and do not have an inherent mechanism that can provide a dynamic 

viewpoint of the process of manufacture. This hampers manufacturers in achieving various 

simulations of the process and undertaking comparisons that are crucial in decision making 

processes. Traditional approaches are based on analogy data gathering using paper-based 

techniques and two dimensions, while during the modern production systems, there are many 

aspects. Consequently, important evaluation of potential problems related to bottlenecks, 

working organization, and distribution of resources, with the main result being relatively low 

levels of productivity and high operating expenses. 

Moreover, despite the adoption of lean manufacturing and industry 4.0 frameworks there is 

a fragmented and improved way of efficiency. Manufacturers are also faced with a problem 

of providing effective data integration from digital twin and augmented reality applications 

into a more consolidated analytical environment. This lack of integration leads to highly 

impaired prerequisites for learning, which prevents rendering useful information that can 

allow for further optimization of organizational processes and can make collaborating more 
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challenging, frustrating and trust reducing too (Happonen, A., Siljander, V. (2020)). 

Therefore, the central research question of this study can be articulated as follows, there is 

no encompassing KPI focused analytics environment with real-time visualizations, 

modelling and benchmarking functions. Such a tool is very relevant when it comes to 

ensuring better and improved analysis of the raw operational data, improving the production 

processes, and increasing the efficiency of the equipment. This thesis aims at designing and 

testing a novel solution that addresses these gaps by creating an integrated analytics 

environment enhanced with real-time visualization, modelling, and benchmarking 

capabilities. The proposed tool is valuable because it not only improves the accuracy and 

efficiency of decision-making in manufacturing processes but also enables proactive 

identification and resolution of inefficiencies. It empowers organizations to optimize 

resource use, reduce operational downtime, and increase productivity in a sustainable 

manner. Furthermore, by establishing a scalable framework for future AI integration, this 

research lays the groundwork for smarter, data-driven manufacturing practices ultimately 

contributing to greater industrial competitiveness and resilience in a rapidly evolving 

technological landscape. 

1.3. Research Objectives and Questions 

Tool links actionable performance metrics with information, with the help of AR and 3D 

models, where real-time information is converted into product data. The current 

implementation hence lays emphasis on providing reliable analysis with an integrated digital 

system formed by information from Ainak’s Visual Planner and HiavaOy’s Lean Process 

Planning (LeaPP) system. The other part of the research is also to identify further 

improvements to be made to enhance the tool’s AI algorithms for incorporating it in the 

future to another level. 

To achieve this broad objective of the study, the following specific objectives have been 

developed. The research should establish the measures and necessary KPIs used in the 

analysis of manufacturing processes. Second, it aims at coming up with and implementing a 

concept of developing an analysis platform by capturing the process steps in a way that is 

favorable to the users and to allow real-time comparison of different process settings. The 

research will endeavor to prove the efficacy of the tool by implementing the tool in real-life 

manufacturing environments after developmental work and proving it to reduce process lead 
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time, enhance productive use of time and resources as well as OEE. Finally, some solutions 

for future development are as follows, Machine learning proactive analyzation for futuristic 

instances, Real time Anomaly detection for the occurrence of an unusual event and a self-

learning algorithm recommendation system for process parameters. 

Based on the identified objectives of the study, the research poses the following Research 

questions (RQs). 

RQ1: What are the critical metrics and KPIs required to effectively measure 

performance in industrial asset manufacturing processes? 

RQ2: How can AR and 3D visualization be seamlessly integrated with KPI analytics to 

provide a comprehensive view of production systems? 

RQ3: In what ways does the proposed tool improve efficiency and operational outcomes 

compared to traditional methods? 

RQ4: How can future AI integrations be implemented to enhance predictive analytics, 

anomaly detection, and automated decision-making in manufacturing? 

1.4. Overview of Hiava Oy, LeaPP, and Ainak Visual Planner Integration 

Hiava Oy is one of the Startup companies that specialize in improving processes in industrial 

sectors with most of its concentration being on manufacturing and warehousing. One of the 

developed tools is the Lean Process Planning (LeaPP), which is a complete framework 

designed for envelopes, analyse, and optimize the manufacturing processes. LeaPP is based 

on the values of business management, known as lean manufacturing, which seeks to 

eliminate waste and constant enhancement of business performance. Incorporating tough 

key performance indicators analysis, the system can transform ordinary production data to 

insight by converting it to dashboard format to enhance the quick and effective decision 

making. 

One distinctive feature of this innovative solution is that it is compatible with the Ainak 

Visual Planner, an advanced AR and 3D setter and visualization program (Refer figure 01). 

Ainak Visual Planner is designed to work with real-life manufacturing processes with a high 

level of realism to model the facilities. These realistic representations make easy the 

understanding of the other significant parameters such as action times, inventory turnovers, 
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and equipment utilization. The major strength of the integration process is that data captured 

by Ainak’s visual capture system can be passed directly to the LeaPP analytics engine and 

the results processed and visualized in real time. 

 

Figure 1: Ainak Visual Planner, an advanced AR and 3D setter 

 

This collaborative system enables a user to simulate and compare on variation of multiple 

processes as per the operation conditions. To learn more about this system, it can be used to 

apply changes or adjustments in certain conditions of the production process, say batch size, 

amount of resources allocated for production or the time at which particular part of the 

production is conducted, to simulate the organization’s performance and discover different 

weaknesses and to see the effect of change before the change is implemented.  

The integration is designed in such a manner as to be more user-friendly right from the top 

with user-friendly interfaces that present results in the form of neat graphics. With this 

accessibility, one can be assured that even floor workers and senior managers can be able to 

understand it a hence be able to incorporate it into their everyday activities readily to 

incorporate data into their activities. Altogether, the cooperation between Hiava Oy, LeaPP, 

and Ainak Visual Planner is a qualitative leap to merge powerful visualization with profound 

analytics to improve progress systematically with the help of AI approaches in the future. 
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2. Literature Review 

To understand the existing practices of manufacturing process optimization and the 

background of the current technologies, this literature review will draw from theoretical and 

technological literature. The article discusses legacy and modern methodologies which 

include Lean, Six Sigma, and elements of the fourth industrial revolution like Digital Twins, 

IoT and AR. The section establishing metrics and key performance indicators as the ways of 

performance measurement with the use of analytics tools. It also focuses on how artificial 

intelligence is used to equip decision-making processes in manufacturing with predictors 

and real-time monitoring. Thus, integrating these fields forms the research background and 

defines the lack of essential information that the suggested tool will contribute to improving 

in the future in industry. 

 

2.1. Manufacturing Process Optimization  

Manufacturing process optimization is defined as an extensive area of knowledge that 

involves several techniques, tools, methods and technologies aimed at the improvement and 

the betterment of manufacturing processes. Therefore, according to the (Vartiainen, T., 

Happonen, A., Afonso, P. Kärri, T. (2023), Sosunova, I., Porras, J., Wolff, A., Happonen, 

A. (2024), Happonen, A., Minashkina, D. (2020)) optimization of a manufacturing process 

can be defined as the effort aimed at decreasing waste, cost, and time in each step of the 

process with an intention to increase the effectiveness, growth and efficiency of the process 

(Lee et al., 2024; Zhou et al., 2024, Tereshchenko, E., Happonen, A., Porras, J. Vaithilingam, 

C.A., (2023)). This is especially so given the growing global competition, which makes it 

essential for manufacturers to consider new ways and approaches that can help to meet the 

customers’ expectations and fluctuations that may characterize an economy. 

(Happonen, A., Minashkina, D. (2020) conduct a systematic mapping study of small and 

medium enterprises (SMEs) that have achieved green growth and significant waste-

management improvements. They categorize over 120 case studies into themes such as 

circular-economy adoption, resource-efficiency enhancement, and digital monitoring, 
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highlighting how these initiatives drive both environmental impact reduction and process 

optimization. Key findings include the integration of lean principles with eco-design, the use 

of real-time data analytics to identify waste streams, and collaborative stakeholder 

engagement for continuous improvement. The study demonstrates that embedding 

sustainability practices within manufacturing workflows enhances productivity, reduces lead 

times, and supports resilient, adaptive industrial processes. 

It is also important to note that lean manufacturing is one of the oldest and most important 

approaches that defines this field, having been developed by the Toyota organization. Lean 

manufacturing is mainly focused on reduction in waste, such as inventories, motion, 

overburden, and waiting, as well as elimination of activities, which take time to complete. 

Lean management principles are useful for any organization that wants to cut production 

time, increase production quality and efficiently use resources (Liu et al., 2018). Originally, 

lean methodologies have become increasingly complex with the ability to use more complex 

analysis techniques and advanced automation technologies in current industrial systems. 

Besides, another well-known process improvement approach like lean manufacturing, one 

can mention Six Sigma. Six Sigma aims at managing variability in various processes which 

are done through statistical measures and control. It has been said that combining six sigma 

with lean thinking or lean approach has been more beneficial in manufacturing systems 

hence known as lean six sigma (Hanish, 2010). This approach not only focuses on waste 

elimination but also the issue of making the improvement permanent. Conducting waste 

elimination in production processes will reduce wasted efforts, materials and resources and 

overall lead to increased quality in production processes without compromising cost, time, 

staff or resources (Kondamadugula, 2023). Lean and Six Sigma are two proven concepts in 

management that are effective in finding and managing weaknesses in processes, analysing 

the processes to determine the deficiencies and applying a methodical approach in their 

rectification. 

In the recent past, due to the implementation of the 4.0 industry technologies in 

manufacturing, the process optimization has improved through real time data acquisition of 

data. Examples of such advancements include the use of digital twins in altering how 

manufacturers manage and simulate their processes of production. A digital twin is a 

simulated version of physical manufacturing systems, and it helps the engineers to make 
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decision-making tests without any real-world outcomes (Li et al., 2022). Through the help 

of using twin, the manufacturers can apply simulations to model the effects of alterations in 

advance leading to informed decisions for correcting any changes that are likely to cause 

more downtime or reduce general efficiency. 

Furthermore, according to the (Santti, U., Happonen, A., Auvinen, H., Räsänen, T., 

Eskelinen, T. (2020), Ghoreishi, M., Happonen, A. (2022)) implementations of such 

technologies as analytics, big data, and IoT in manufacturing systems offer visibility into 

manufacturing production. The current technology in the production environment entails 

various sensors and smart devices to gather real-time data starting from the production line. 

This information can be processed in detail then the computer can detect certain patterns, 

and flag early signs of problems that may occur in future (Zhao, Zhang and Yang, 2006). 

This means that, in modern construction equipment manufacturing, there is flexibility in the 

process, which gives way to different changes that may occur in the market or production, 

and changes in customers’ purchasing power. 

(Santti et al. (2020)) conduct a follow-up study on a water IoT service to explore sustainable 

business model innovation via digital remote monitoring. They analyse how SMEs 

transformed their operations by integrating real-time sensor data, predictive analytics, and 

cloud-based dashboards to optimize resource use and reduce waste. The study highlights a 

shift from reactive maintenance to proactive asset management, resulting in reduced 

downtime, lower operational costs, and enhanced service reliability. By embedding circular-

economy principles into the digital service design, firms achieved continuous process 

improvement and closed-loop feedback, demonstrating that remote monitoring can drive 

both environmental sustainability and lean manufacturing performance. 

(Ghoreishi & Happonen (2022)) investigate how digitalization, IoT technologies, and 

Industry 4.0 principles foster circularity in the fabric and textile industry. Through case 

analyses, they show that real-time tracking of material flows, energy consumption, and 

production parameters enables manufacturers to identify inefficiencies, reduce waste, and 

implement continuous improvement strategies. Key innovations include sensor-driven 

quality control, data-driven scheduling, and digital twins for process simulation. The authors 

demonstrate that coupling lean methodologies with advanced connectivity not only enhances 

throughput and product quality but also supports sustainable, closed-loop production 
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systems underscoring the pivotal role of digital technologies in modern manufacturing 

optimization. 

AR and 3D visualization helps further extend the possibilities of the process improvement 

by presenting the necessary visualizations in an easily understandable and interactive 

manner. These technologies allow the operators or decision makers to represent the data in 

such a way that it can be easily understood by the other members of the team, thus improving 

teamwork with the aim of solving some of the existing problems (Shen, Wang and Hao, 

2006). In this way, AR tools augment information on to reality using which one can easily 

mapping blunders and scopes of enhancing that is the fundamental function of AR tools 

which is to endorse a smooth transition between knowledge management and operational 

enhancement. 

All in all, the manufacturing process improvement combines both the just-in-time and Six 

Sigma methodologies, also Industry 4.0, digital twins, IoT and AR. Not only does this make 

technologies and strategies more efficient and of higher quality, but it also gives the 

manufacturers the opportunity to adapt to fresh strategies periodically. It can be noted that 

with the growth in the competition of the global culture, the efficiency of the manufacturing 

processes is the key to both effectiveness and sustainability. 

2.2. Metrics, KPIs, and Analytics Tools  

Measurement tools, targets, and analytical applications are the fundamental components of 

manufacturing process optimization since this area depends on quantitative ways of 

enhancing the efficiency of production. These tools assist organizations in converting mass 

operational data into information and knowledge, which help in making sound decisions and 

plans in organizations of the current industrial environment. 

At the most basic level, metrics are the details regarding different parameters of the 

production process. These may include cycle time, the number of units per hour, scrap rates, 

energy utilization and auxiliary time on the machine. Quantitative figures are detailed and 

enable engineers and managers to identify certain aspects that are good or bad. However, 

metrics tend even to be overwhelming when taken individually, as a large number simplified 

does not account for fairness (Lu, Bora and Rubloff, 1997). They are usually consolidated 

or subjected to further analysis to give Key Performance Indicators (KPIs). 
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KPIs on the other hand are summary representations of important aspects of its performance 

that are designed to be consistent with strategic goals of the organization. They present a 

wider perspective of the productivity, performance, and quality of the manufacturing 

processes. For instance, overall equipment effectiveness (OEE) can be said to be a 

representative basic KPI formula because it comprises of other sub-dimensions such as 

availability, efficiency, and quality (Wang, Jiang and Zhao, 2018). Other KPIs that may be 

adopted are the lead time, usage frequency, or cost of production per unit. By doing so, the 

decision-makers can have an easy time assessing if the production processes are as effective 

as desired and what must be done. 

The growth of manufacturing has also focused on the creation of these advanced analytics 

tools which improve these metrics and the KPIs into a single platform. Several tools that 

facilitate the usage of data visualization, dynamic and interactive interfaces like dashboards, 

and real-time monitoring help managers analyse the data (Peng, Yang and Zhang, 2011). 

These tools not only display historical trends but also support predictive analytics, which 

can forecast potential disruptions or identify emerging bottlenecks. With such capabilities, 

manufacturers can proactively adjust their processes rather than reacting to problems after 

they occur. 

Besides, the analytics platforms are adopting technologies like digital twining, Augmented 

Reality AR and machine learning in their operation. Digital twins are the replicas of actual 

production systems made in the digital environment to affect various simulations under 

different circumstances (Song, 2020). This capability enables manufacturers to simulate 

adjustments in processes to avoid the risks of the physical setup of the actual procedures on 

a manufacturing plant. AR adds to these tools by integrating analytical information on the 

observed environment augmenting the identification of various shortcomings and 

performance concerns during the production process. 

Another enhancement involves the incorporation of machine learning algorithms within 

analytics tools. These algorithms are not only capable of processing large volumes of 

operational data but also of identifying complex patterns that may be missed by traditional 

statistical methods. Commonly used ML algorithms in manufacturing include decision trees, 

random forests, support vector machines (SVM), and neural networks. For example, random 

forests and SVMs are often used for anomaly detection and quality prediction, while neural 
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networks are effective in forecasting equipment failure or optimizing production schedules. 

These models enable organizations to move from reactive monitoring to predictive and 

prescriptive analytics, enhancing agility and foresight. According to (Usmani, U.A., 

Happonen, A., Watada, J. (2022), Usmani, U.A., Happonen, A., Watada, J. (2023)) these 

kinds of algorithms are useful not only to learn information, but on top of that, they can learn 

patterns from history that might not be detected by statistical methods. For instance, the ML 

can estimate the breakdown of equipment, identify anomalies, or fine-tune the scheduling of 

production based on the data generated from the operation (Watanabe, 2024). It creates an 

agile environment that fits an organization by not only tracking current performance, but by 

also forecasting where challenges and opportunities lie ahead. 

(Usmani, U.A., Happonen, A., Watada, J. (2022)) present a comprehensive review of 

unsupervised machine-learning frameworks such as clustering algorithms, autoencoders, 

Principal Component Analysis (PCA), and Isolation Forests for anomaly detection in 

industrial settings. They evaluate each method’s ability to learn normal process behaviour 

from unlabelled sensor data and flag deviations without prior fault examples. Key challenges 

identified include handling streaming data in real time, selecting appropriate feature 

representations, and maintaining low false-alarm rates. By highlighting successful 

deployments across manufacturing, energy, and logistics, the study demonstrates how 

integrating unsupervised anomaly detection strengthens predictive maintenance, reduces 

unplanned downtime, and enhances overall process reliability. 

(Usmani, U.A., Happonen, A., Watada, J. (2023)) explore secure integration strategies for 

IoT-enabled sensors in engineering applications with a focus on humanitarian impact. They 

propose an end-to-end framework combining lightweight encryption, mutual authentication, 

and secure edge-computing gateways to protect data integrity and privacy in harsh or 

resource-constrained environments. Although oriented toward disaster-relief scenarios, the 

principles of resilient, tamper-proof sensor networks directly translate to manufacturing: 

ensuring trustworthy real-time data streams is foundational for precise process monitoring 

and optimization. Their work underscores the necessity of cybersecurity and robust 

connectivity in achieving reliable, data-driven operational excellence. 

Moreover, the integration of these analytics tools depends on the collaboration of teams in 

the current manufacturing industries. Through them, similar data is compiled and exhibited 
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on a unified interface, thus allowing different departments from the factory and the top 

executive offices to exchange information. The clear definition of these metrics facilitates 

corporate culture due to the enhancement of goals by increasing accountability of 

performance by all parties to the operations of the organization. 

It is apparent that, in today’s manufacturing, metrics, KPIs, and analytics tools are closely 

intertwined. These components enhance efficiency through quantification of performance, 

simplification and enhancement of the data analysis process to achieve better overall 

competitiveness in production techniques, patterns and quality of products. The adoption of 

advanced analytics platforms will remain one of the most crucial elements of the modern 

manufacturing management system maintenance in the years to come as the demand for 

adjusting to structural changes will increase. 

2.3. Digital Twins and AR/3D Visualization Technologies  

Digital twins and AR/3D visualization technologies are now regarded as effective tools in 

manufacturing as they offer great potential for changing the traditional ways of designing, 

analysing and improving processes. Digital twins are virtual representations of a particular 

system designed to reflect such operations of a manufacturing system as to not actually 

operate the physical system but rather mimic its functionality online. Immersive technology 

practices can entail a virtual creation of the production line or an entire facility so that the 

engineer or manager gets a feel of the production process that is linked with a certain change-

so that he or she can try out change manoeuvres, thus optimizing decision-making and 

minimizing costly downtime. 

Several advantages of implementing the application of digital twins can be taken into 

consideration. It is especially useful in that it facilitates control and monitoring of equipment 

and workflow with considerable preciseness that probably no other methods of monitoring 

could offer. The data gathered by sensors and IoT devices are brought and synchronized in 

real-time to the Digital Twin (DT) to replicate the production system effectively. Such 

integration allows for predictive technologies to ensure that any further breakdowns or 

inefficiencies are noted and halted before getting out of hand (Renton et al., 2002). However, 

digital twins help to add value in terms of scenario analysis so that the manufacturers can do 

trials to determine the effects of changes such as different batch sizes, change in resource 
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allocation, or change in process timing. These simulations not only identify constraints but 

also actualized OEE by demonstrating the best methods of equipment arrangements. 

Work with large data sets is rather informative, although complementing digital twins, 

applications based on AR and 3D visualization represent a rather effective interface. 

Augmented reality distributes information on the actual environment and real-time processes 

to assist the operators and decision-makers in interpreting process information directly on 

the operating environment. For instance, an AR headset or a tablet can provide the user with 

instant performance data, bring attention to problem areas, or visualize potential future 

scenarios of a production line based on the user’s vision. The merging of digital and physical 

viewpoints increases the mindfulness level and helps to make decisions promptly in critical 

situations (Grabis and Chandra, 2016). Similarly, such techniques as 3D visualization 

transform the data into graphical forms to make it simple to compare the outcome with the 

expected standards, or identify some irregularities or, in fact, spatial correlations between 

different attributes of the production process. 

With integration with the features of 3D visualization, the possibilities of digital twins grow 

even higher in manufacturing. Together, it is possible to preserve the immediacy of the 

analytical process and offer practical implementation of the data analysed. For example, a 

digital twin can provide simulation data to show the nature and experience of a real 

application of AR with an interface that allows a user to virtually visit a production facility 

and perform changes on simulation processes in real time. This feature does not only 

improve training and problem shootings but also facilitates cooperation between groups in 

different levels of an organization (Lu, Bora and Rubloff, 1997; Wang, Jiang and Zhao, 

2018). With the help of AR and 3D models, it becomes easy to understand and interpret the 

operational data for the non-technical people to improve the culture of organization and 

encourage the usage of data in decision making process. 

Besides, these high levels of visualization help firms achieve manufacturing improvements 

in the continuous improvement process. The development of digital twins and augmented 

reality and 3D allow operators to be subjects in the optimization process since they make 

large volumes of data understandable. These activities can be continuous work thrust into 

the organization and the result is a small gain that fixes up within time to form better Output 

and productivity. The very nature of digital twin as a predictive technology with the use of 
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AR in interaction also opens the doors for the implementation of ML algorithms as well as 

AI-driven data analytics for enhancing the process optimization cycle. 

Digital twins and augmented reality and 3D visualization are among the most popular and 

promising technologies of the present day in the sphere of manufacturing. Owing to their 

ability to offer real-time presentation of process flow into the production procedure these 

technologies offer significant benefits about system flexibility and durability of production 

systems (Kondamadugula, 2023). With these technologies in place, one cannot doubt that 

these technologies will continue to be a vital part of future process improvement in 

manufacturing industries as they expand expeditiously with the evolution of various markets 

as well as technologies. 

2.4. Current State of AI in Manufacturing Analytics  

Artificial intelligence is already a principal attribute in the change of manufacturing analytics 

as time progresses. AI systems are used for mining more detailed information on all the data 

produced in manufacturing lines to increase productivity, minimize the time-machine losses, 

and reliability. Manufacturing Analytics AI is a significant development that has started a 

new process of manufacturing that embraces state-of-the-art algorithms, analytic process in 

real-time data, and predictive modelling to help organizations to make data-driven decisions. 

The area in which there is a considerable impact from AI is in the case of maintenance, where 

equipment can be forecasted to fail. Traditional and current monitoring of the equipment’s 

sensors enables the training of a machine-learning solution in identifying the patterns that 

potentially lead to a failure. It helps in scheduling the maintenance in advance, while 

avoiding the unpredictable breakdowns that are costly to fix (Lu, Bora and Rubloff, 1997). 

It not only extends the life of assets but at the same time reduces the number of downtimes 

thus it is of benefit in industries that are very competitive. 

In addition to the predictive maintenance, AI is changing the process of optimization based 

on various data analysis and detecting anomalies. Fractal analytical intelligence algorithms 

can discern various abnormal patterns in numerous huge data sets and departure from 

normative operating conditions. These deviations can therefore indicate possible 

inefficiencies or developing quality problems, which if corrected do not result in minor 

problems becoming major operating system disruptions. In addition, AI systems improve 
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their ability to detect issues through constant exposure to new data; thus, making 

manufacturing processes robust. 

Another important area in which AI is used is in computer process redesign and modeling. 

Digital twins are two copies that reflect the architecture and functioning of production 

processes apply AI to assess one or another scenario (Song, 2020). These simulations allow 

manufacturers to determine some of the effects of changes made to the processes without 

having to affect production. They create an enhanced instant profile of the systems when 

operated under settings and enable one to understand the best set of operational parameters 

to enhance the OEE as well as throughput. 

The implementation of big data in combination with AI also creates a possibility to design 

complex decision support systems. Such systems pull data from multiple sources such as 

Enterprise Resource Planning Software of Manufacturing systems, Internet of Things 

Sensors and the Manufacturing Execution Systems. It makes it easier to produce results 

when it comes to forecasting, resource management and risk management thus allowing 

organizations to have leaner production processes quite effectively. In the rapidly changing 

manufacturing industry, which is characterized by fluctuating customer demand, real-time 

data analysis serves a very useful purpose. 

However, certain barriers have persisted as to the utilization of AI in the manufacturing 

context as a means of performing analyses. Issues of data quality and availability persist 

because AI relies heavily on big data in detail and quality that can feed the models. Also, the 

match between the advanced artificial intelligence technologies applied and the real-world 

knowledge of the employees is relatively low (Renton et al., 2002). This may lead to some 

resistance to change for which organizations are forced to embark on training and other 

management processes. Incorporating AI into the existing systems has proved to be technical 

that warrants proper strategy and sound IT support systems. 

There is significant progress in patents in manufacturing analytics in the aspects of predictive 

maintenance, process optimization, and real-time decision provision. This article has 

unveiled that there is still much work to be done, especially in data integration and 

organizational change management, there is no doubt about that. The opportunities of 

adopting AI in manufacturing value streams are apparent. These technologies can still 

advance on their own, which will lead to more advancements in operational efficiency, 
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quality and competition within the manufacturing segment. The advancement of AI 

application will for sure remain relevant in the future as a tool to change how manufacturers 

go about their process improvements and as a trendsetter for the industrial age one more 

time. 
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3. Research Methodology  

The methodology adopted in this study is designed to ensure the development, 

implementation, and validation of a KPI-based analytics tool tailored to manufacturing 

environments. The overall research approach combines both qualitative and quantitative 

elements, integrating data from real-world operations with simulation and predictive models. 

The methodology is structured in a way that supports iterative development and continuous 

feedback, ensuring that the tool meets practical requirements while also being adaptable to 

future enhancements. The goal is to construct a robust system that can be used for real-time 

decision-making, strategic planning, and operational optimization in modern manufacturing 

setups. 

The research methodology is divided into four major components: research design and 

approach, data collection and sources, analytical methods and tools, and validation and 

reliability measures. Each of these components is crucial in ensuring that the study not only 

delivers a functional analytics system but also offers reliability, scalability, and value for 

manufacturers. The methodology ensures scientific rigor and industrial relevance while also 

preparing the system for further AI-based improvements. Each phase is documented and 

tested to ensure repeatability, transparency, and alignment with the project's overall 

objectives. 

3.1. Research Design and Approach  

This research uses both quantitative and qualitative paradigms of research and applies them 

at the same time to design, pilot, and assess the KPI-based analytics tool for the enhancement 

of manufacturing processes. The research is divided into three major stages: developmental 

phase, confirmation phase, and the phase that outlines further improvement. 

In the developing phase, the researcher conducts designing and implementing the analytics 

tool through the incorporation of Ainak’s Visual Planner and Hiava Oy’s Lean Process 

Planning system (LeaPP). The steps included in the development process are systematically 

related to achieving the key components of the proposed system, namely, architectural 

support for data acquisition, computation of KPIs, and integration with a 3D modelling 
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environment. Great importance is given to the graphical user interface, its design being made 

to ensure compatibility with the current manufacturing infrastructure of institutions with 

ERP and MES systems. 

The validation process involves simulating scenarios and the use of real-life cases in the 

testing of the tool. This type of data is obtained through modelling where scenarios of 

different process configurations are tested to see the changes that will occur in the value of 

OEE and the lead time of the process.  

The planning phase shows the comprehensive development plan for subsequent releases, 

with version functionality upgrade with additional artificial intelligence (AI) features as one 

of the future directions. These include the following: prediction models, real-time anomaly 

detection, and an automated parameter recommendation system. This phase also makes sure 

that not only current issues are solved but future needs for the large-scale adaptable 

improvements of the production process are also considered. This makes the research design 

of the tool very comprehensive so that the required technology in manufacturing analytics 

can be well firmed up in the future. The researcher conducts an overview of every phase 

towards achieving high reliability and validity in practice. The table below presents the 

research questions alongside the methods used to address them. 

Table 1: Research Questions and Methodological Approaches 

Research Question (RQ) Method(s) to Answer the Question 

RQ1: What are the critical metrics and KPIs 

required to effectively measure performance 

in industrial asset manufacturing processes? 

-Systematic literature review 

-Comparative analysis of KPIs in    

industrial manufacturing systems 

-Empirical analysis of industry partner 

(Hiava Oy) data 

RQ2: How can AR and 3D visualization be 

seamlessly integrated with KPI analytics to 

provide a comprehensive view of production 

systems? 

-Prototype development and testing 

-Simulation studies for validation 

-Design science research methodology 

RQ3: In what ways does the proposed tool 

improve efficiency and operational outcomes 

compared to traditional methods? 

-Case study research 

-Simulation of process scenarios 

-Comparative performance analysis 
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RQ4: How can future AI integrations be 

implemented to enhance predictive analytics, 

anomaly detection, and automated decision-

making in manufacturing? 

-Literature review 

-Stakeholder feedback analysis 

-Future roadmap design 

-Conceptual modelling 

 

 

3.2. Data Collection and Sources  

This aspect entails data gathering as a way of validating the KPI-based analytics tool 

developed in this study to suit the manufacturing sector. The original data was collected from 

the industry partner Hiava Oy and is an extensive dataset of the operational data. This dataset 

included cycle times that are actual time taken to complete operations on the products as 

well as the actual operational time on machines and lines, throughput, defective products 

rates as well as resource utilization. Another advantage is that they offer real-time data that 

can be used to assess the present picture of the process and set targets for development. 

It also comprises specific details about process arrangements, layouts, as well as digital 

replicas of actual production systems. This way the research enables the tool to run multiple 

‘what-if’ scenarios as well as the comparison of two different configurations of a process. 

The combination of the Ainak’s Visual Planner with Hiava Oy’s performance indicators 

leads to the formation of a composite picture of the production processes. 

In addition, additional information will be obtained from other peripheral systems like ERP 

and MES in this case without using a double C for Consolidation. Such sources provide extra 

background knowledge such as inventory status, manufacturing forecasts, and resource use 

information. ERP/MES pulls complement the existing analytical work by broadening the 

view of the Manufacturing Value Stream, improving accuracy of its KPIs. 

All the data comes through user inputs to the Ainak Visual Planner and exporting 

applications, while other data will be taken manually to enhance the variety and quality of 

the set data. Stringent checking and cleaning procedures would also be put in place to achieve 

the consistency of data compiled from various sources. The approach that is taken within the 

study is well-designed to emerge with a comprehensive analytics model that not only 
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conveys the current state of manufacturing, but also a roadmap for utilization of AI in 

improving the manufacturing sector. This paper’s data collection method is extensive and 

constitutes the main approach to the research and is essential for the achievement of the 

objective of the study. 

3.3. Analytical Methods and Tools  

The analysis techniques and tools used in this research are integrated into a framework that 

constitutes the KPI-based analytics tool for the manufacturing process improvement. In this 

phase, the tool exports as a JSON file from the AINAL Visual Planner after there has been 

generation of a 3D floor plan (refer figure 02). The data is then transformed into a JSON 

format and is uploaded into LeaPP analytics platform where it goes through the LeaPP 

calculation engine, a component that was developed in python. The goals of this engine are 

the KPI computation, and it operates with the help of the API and backend together with the 

UI implemented in Next.js and called LeaPP Core. 

 

Figure 2: 3D workflow 

After obtaining the data in JSON format of the given website, the initial data preprocessing 

step entails filtering out all the unwanted information from the data set required for the 

analysis. It then takes each of the elements in the floor plan and verifies the connection based 

on subprocess arrangements. This elaborate preparation helps to make consequent 

operations as relevant as precise as they can be. These measures include Action Capacity, 
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Action Time, Bottleneck Capacity, Bottleneck Cycle Time, CO₂ Consumption, Critical Path 

Time, Process Lead Time, among others. They provide a sense of unity between the 

manufacturing processes and general efficiency and effectiveness. 

In addition to the calculation engine, the project information and calculation data store in 

MongoDB. Besides, it allows real-time access to computed KPIs while, in addition to real 

time values, it allows comparison between different projects in terms of process trends 

throughout history. These calculated values are then displayed in the interactive dashboards 

built in the Next.js framework with the purpose of allowing users to perform what-if analysis 

and other scenarios using the suggested process configuration in a friendly manner. 

Statistical analysis methods, simulation, and real-time data analysis instruments are applied 

that enable converting collected production data into effective information. This integrated 

approach not only allows for the evaluation of the current manufacturing processes’ 

performance but also sets the ground for future AI upgrades of the system that will enhance 

the predictive performance of the processes as well as the efficiency of the manufacturing 

line. 

 

3.4. Validation and Reliability Measures  

The measures of validation and reliability are important to ensure that the KPI-based 

analytics tool work properly in any given manufacturing environment. Pre-validation 

includes the testing of all the data intake and data cleaning steps that may exist in each 

algorithm. When the data is imported from the AINAK Visual Planner in JSON format and 

uploaded to LeaPP analytics platform, the first data analysis is performed to determine which 

of the data items are not helpful to the decisions of the food chain company. This data 

cleansing is done by comparing the result of data processing from the dataset with the data 

quality standards to ensure that only a relevant data set is used for analysis. 

The second validation is done during the subprocess identification where each bottom level 

element in the process is identified on a floor plan and its required links checked. The 

identification algorithms are subjected to unit tests to ensure that these identify the correct 

components of the software, and to ensure that the software can identify the correct places 
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where subprocesses occur. These tests are perfected using the gauntlet data sets that provide 

scenarios of the various manufacturing possibilities. 

The LeaPP Calculation Engine written in Python is subjected to hourly and daily testing 

checks. The measures like Action Capacity, Bottleneck Cycle time and the Process Lead 

Time are analysed with the historical production data of Hiava Oy. This assists in making 

certain that the computed KPIs correspond to the general production performance. The 

system also includes cross checking and running several data through the calculation engine 

to ensure consistency in case of repeated runs of the same data. 

MongoDB database is utilized to store the history of the project data and results of the 

calculations. It also renders the performance of some tasks easier such as the longitudinal 

reliability studies, whereby the performance can be recorded over time in terms of trends 

and fluctuations. When variance between expected and actual KPIs is noticed, then there is 

a need for evaluation of both pre-processing of data and the algorithms as well. 
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4. System Architecture and Design 

A strong system framework which combines modularity and scalability stands at the core of 

executing a KPI-based analytics tool outlined in this investigation. The architecture enables 

real-time manufacturing data combination with analytical tools alongside visualization 

interfaces to enhance operational optimization through better decision-making. The section 

discusses the system protocols and technical specifications that show how the platform 

acquires data while processing information for calculation then visualizes results. The 

system demonstrates compatibility with Industry 4.0 standards through digital twin 

technology which provides exact representations of manufacturing sites. 

The system architecture arranges its functionality through a four-layered system consisting 

of data acquisition and storage elements with a calculation engine and front-end interface. 

The components use well-defined Application Programming Interfaces (APIs) and JSON-

based data exchange along with other file-based methods to communicate while remaining 

expandable. Future-ready systems emerge from the overall design because it allows easy 

integration of AI capabilities like predictive maintenance and autonomous process 

recommendations. The designed architecture enables the tool to maintain current 

effectiveness while preparing for the upcoming generation of intelligent manufacturing 

systems.  

4.1. System Overview  

The system structures within the manufacturing environment are intended to enhance the 

performance of the manufacturing processes by collecting the general raw data and 

transforming it into useful information via enhanced KPI analysis as well as presenting it in 

the most easily comprehensible manner. Regarding the first phase of the system, it is worth 

mentioning that the system has a modular design that takes JSON files exported from the 

Ainak Visual Planner after the generation of 3D floor plan for further analysis. After the data 

is loaded to the LeaPP analytics platform in the JSON format they are sent to the LeaPP 

Calculation Engine which was created using Python. It first purges the raw data eliminating 

unrelated information and then determines components on the layout plan and their 

connections according to the provided subprocess configurations. 
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The calculation engine calculates such essential KPIs as Action Capacity, Action Time, 

Bottleneck Capacity, Bottleneck Cycle Time, Absolute CO₂ Consumption, Critical Path 

Time, Process Lead Time, and others. These are calculated on demand and are made 

available as APIs to a UI and backend part of the application built using Next.js called LeaPP 

Core where the KPI values are showcased in a more interactive and easier to use manner. 

This setup enables the users to be able to get real time performances of either of the structures 

and tend to do comparison of the performances of different process configurations. 

In addition, the project information and history of KPI calculations are stored in MongoDB. 

This database not only keeps a constant record for constant reference and then for 

comparison between projects that are currently on-going but also enables future 

developments such as predictive analytics with the use of Artificial Intelligence as well as 

other parameters such as optimization. While the integration with the Ainak Visual Planner 

was first scheduled to be based on the API, currently it is connected through JSON exports 

that provide an easier implementation while not excluding the option of API integration in 

the future. 

It should be noted that the structure of the system outlined is designed with scalability and 

flexibility consideration, as well as using application programming interfaces as interfaces 

between the data acquisition and processing and data visualization layers. They allow for a 

constant check, planning, and risk assessment based on up-to-date and relevant KPI figures. 

In conclusion, the platform enables us to bring together all the levels of the manufacturing 

process and provides relevant and easily understandable data so that further improvements 

in manufacturing processes can be made continuously. 

4.2. Modular Architecture and Data Flow  

The architecture of the implemented system is modular in an attempt for the system to be 

easily extensible and to incorporate with future advances in AI and more easily to have 

enhanced visualization. It is built of elements that are quite separate yet integrated enough 

to gather data, process it, calculate various formulas, and store data for a complete analysis 

of the manufacturing process. 

At the first level, information is collected using the JSON format which is produced when a 

3D floor plan is developed with the help of Ainak Visual Planner. This JSON file which 
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includes spatial specifications and component data is then sent to LeaPP analytics system. 

As the plan is to integrate Ainak Visual Planner through the API in the long-term, JSON 

export and uploading it in BurpSuite is used in the present phase for ease of development 

and proper functionality. 

Upon getting to the level of the platform, the data proceeds to be forwarded to the LeaPP 

Calculation Engine, which is a part of the structure that was designed in Python. The initial 

function of the engine is data pre-processing; get rid of all the information that is not going 

to be used in calculating the KPIs. Subsequently, after cleaning, the engine identifies other 

elements on the floor plan and joins them based on given subprocess arrangements. This 

process enhances the accuracy of the conversion of the data into KPI and formats the data 

for easier calculation. 

The calculation engine determines other significant KPIs, which include Action Capacity, 

Action Time, Bottleneck Capacity, Bottleneck Cycle Time, CO₂ Consumption, Critical Path 

Time, Process Lead Time, among others. Every index is produced by specific blocks during 

the engine so any changes or enhancements can occur individually from the rest of the 

program. 

The calculated KPIs are finally presented in already defined endpoints which is used by the 

user interface and LeaPP Core, the backend component constructed with Next.js. This 

integration means that the end-users can engage in an easy-to-use visualization interface 

where they can get real-time results. 

Data and history of the project as well as the calculation performed in MongoDB are stored. 

This database makes it easier for the comparison of projects in an organization and tracking 

of their performance over time as a way of improving their performance time after time. In 

general, the modular structure, as well as the data flow, are intended to support the 

calculation of the real-time KPI analytics, and at the same time, the structure remains flexible 

for the potential future AI-enhanced optimization of processes. 

4.3. Integration with Digital Twin Concepts and Industry 4.0 Systems  

The linkage with the digital twin approaches and concepts of Industry 4.0 is a foundation of 

the KPI-based analytics tool offering manufacturers the facility for true real-time overview 
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of their operations. They can be defined as the digital representations of actual working 

environments which contain information about the performance and configuration of 

machines and tools used in manufacturing along with the availability of the resources. This 

is how a digital twin of the plant floor is created and continuously updated by feeding it 

information from the sensors, IoT devices, and old data systems such as ERP and MES. This 

feature makes it easy for manufacturers to determine the effects of altering a process because 

it allows the actual changes to be conducted in the model not in the real production line. 

In the current implementation, information in JSON format that is migrated from the Ainak 

Visual Planner is integrated with other data gathered from the operation systems of Hiava 

Oy. This data is accumulated by the LeaPP Calculation Engine where existence of the digital 

twin allows for determination of spatial relations between objects in a production system. 

The engine computes other more fundamental performance metrics mainly comprising of 

the process lead time, the bottleneck capacity and overall equipment effectiveness in relation 

to its virtual double based on the existing real-time measurements. 

To increase compatibility of the analytics tool with the overall Industry 4.0 systems, 

standardized APIs and communication protocols are used. It is enabled to make iterative 

updates to mirror the state of the manufacturing system in real-time and feeds the collected 

data into analytical models. Managers and decision-makers therefore have top-shelf strategic 

information from the ERP/MES systems that are consolidated from the digital twin and 

detailed operational information from the digital twin. 

This integration paves the way to extending the use of AI in various ways in the future to 

make the system more advanced. The structure of the data generated through real-world 

digital twin will be systematically high fidelity and will feed into the machine learning 

models for predictive operations maintenance, process control, and decision-making 

processes. Through integrating with digital twin and Industry 4.0 connectivity, it enhances 

the current process but also builds up the platform for future sustainable enhancement in the 

manufacturing industry. 
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5. Implementation and Current Features 

A detailed description is provided regarding the KPI-based analytics tool development 

process alongside current realized key features. Operational data flows through the tool 

directly from real-time manufacturing environments where it generates actionable insights 

with the use of predictive analysis and simulation and visualization techniques. The 

development process combined continuous input from industry investors at Hiava Oy into 

an iterative programming cycle implemented for the system. The development embeds 

modularity and extensibility concepts which allow future system upgrades to include 

artificial intelligence and machine learning functionalities. 

This chapter divides its analysis into individual sections that review the development process 

and KPI analytics engine and the deployment of AR/3D visualization and ERP/MES 

integration technologies. The entire suite provides a complete digital analytics solution 

which serves modern manufacturing systems. The combination of these features provides 

users advantages in clear visibility, intelligent decisions and scalable process enhancement 

which supports industry transformation according to Industry 4.0 standards.  

5.1. Development Process  

The procedure of creating the tool based on KPIs was planned and conducted systematically 

and in steps, including such phrases as prototyping and testing. Organizing at the initial level 

of project lifecycle was exigent firstly in the requirement gathering process. In this stage, the 

researcher got the support of the research assistants in engaging the key stakeholders of 

Hiava Oy, especially the industrial engineers, and IT professionals to identify the key 

operations challenges and set performance benchmarks. Hence, detailed specifications were 

created identifying the data sources, which are relevant to the requirements, the key 

performance indicators which are crucial, integration points, as well as visualization needs. 

Accordingly, based on these above specifications, the team divided tool into modular 

structures such as data acquisition module, data processing modules, analysis module, and 

visualization module. The modules were designed to have clear interfaces and 

responsibilities towards the system that made it easy to enhance and maintain as well as 
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architecture for future work like the use of artificial intelligence in making predictions or 

analysis. These were done using system diagrams and flow charts in such a way that later 

work processes would be determined by these. 

The development phase then commenced, and the architecture was adopted with the help of 

the agile approach. The project was split into different phases where each phase involved 

implementation of modules. The first sprint entailed the development of the data acquisition 

layer. In this phase, the team successfully implemented data acquisition strategies and first 

prototype data transformation code that interfaces with sensor, ERP, MES, and Ainak’s 

Visual Planner. That is why regular meetings with experts in the field were held to guarantee 

the highest quality of the collected material. 

In the latter sprints, the development emphasis was on construction of the analytics engine. 

This process led the team to establish algorithms for the key performance indicators or KPIs 

such as the overall equipment effectiveness, the process lead time, and an average cycle time. 

Sophisticated statistical analyses for estimating and modelling, as well as simulation and 

‘scenario planning’ were designed. These models were gradually developed and further 

improved with the number of actual production data; on the other hand, constant feedback 

from the end-users was obtained to make sure that the analytics that were produced provide 

the most accurate and helpful information. 

At the same time, considerable attention was paid to the work on the creation of the 

visualization module. The technological innovations applied in the case of visualization 

include augmented reality and 3D visualization technologies which made the visualization 

interface very convenient for the users. Formats of the interactive dashboard mock-ups that 

will be created underwent several cycles of improvement based on the users’ inputs. 
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Figure 3: Compare two Projects 
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Figure 4: General Parameters Manual Update 
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Figure 5: KPI List 
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The integration testing was strictly done throughout the process. Evaluations were done on 

each module when stand-alone as well as when functioning in the complete system 

framework to facilitate appropriate flow of information and concise computation of KPI. 

Last of all, the large-scale user acceptance testing was also done in the real production 

Figure 6: Process flow 
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environment in Hiava Oy to prove the efficiency of the tool in practice and to consider 

possible enhancements. 

5.2. Implementation of KPI Analytics and Comparative Simulation  

The system is defined by KPI analytics and comparisons of the manufacturing data with 

other similar businesses and the simulation is the key application of the said data. Hence, the 

development team first defined several indicators that would be most suitable for measuring 

the overall manufacturing performance. Selected examples of these KPIs are OEE, lead time, 

cycle time, mean throughput time, overall scrapped and rejected percentage rate, and 

inventory conversion rate. This was done with the view of isolating parameters that can 

gauge operating efficiency and those which are most likely to trigger improvement. 

The implementation plan involved the definition of input data streams and the data intake 

processes concerning data coming from sensors installed in some of Ainak’s manufacturing 

machinery and equipment, as well as ERP/MES’S systems, and Ainak’s Visual Planner. It 

also removes duplications of the same data or data that is stored in one format and converted 

to another to amalgamate the data into one set. After that the data is processed it is made 

available to the analytical engine which then calculates the KPIs in real-time. This was done 

in accordance with statistical models and time series analysis techniques to ensure that the 

KPIs depict the current and past state of the manufacturing processes. 

The analytic engine is highly flexible in the calculation of metrics because of its use of a 

modular approach. Individual modules account for computation of some KPIs within the 

MSP system. For example, the module that calculates OEE sums up data on the time 

equipment is available for operation, the speeds of production, and quality production. 

Likewise, the process lead time module calculates the overall time taken in various stages of 

production from assembly to implementation stage. It is also the reason why the analytics 

have been structured in a modular way to enable replacement of certain KPI algorithms with 

new or improved versions. 

Together with the KPI calculation, the team worked on the comparative simulation option 

that allowed for “what if” scenarios running. This makes it easy for users to test different 

aspects of the process whereby factors such as quantity produced, and the time taken for 

completing the process can be changed easily in an easy-to-use interface. Discrete event 
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simulation techniques are used to create the simulation model in which the core 

manufacturing process is defined as sequences of events occurring in time. Every event is a 

production task, and the simulation defines how these tasks proceed in various states of 

affairs. Through several simulations carried out, the system produces relative results that 

help the users of the system compare the effects of various strategies on Sector & 

Organizational KPIs. 

The comparative simulation module is combined with the visualization layer that makes it 

include an interactive dashboard. Current KPI’s and what this application may look like in 

form of graphical features such as graphs, charts, heat maps among others can also be seen 

from this dashboard. The user can choose different cases to examine further where one 

machine tool can be compared with others in terms of such aspects as throughput, cycle time, 

etc. An analysis that is done using data obtained from simulating manufacturing processes, 

is usually updated with actual information from the manufacturing processes to be analyzed. 

The testing process was also vigorous and there were many cycles of refining the system in 

this phase. The team did validation on many of the simulation results and related those to 

actual field results and statistics. To enhance these components, feedback from the end users 

such as industrial engineering and production managers was collected and incorporated 

systematically into the models as well as the simulation variables. This constant refinement 

also reassured that not only would correct KPI values be generated but actionable simulation 

results would also be provided. 

KPI analytics and comparative simulation have been implemented as a strong tool to make 

performance monitoring on the fly and to examine the possibility of changing the process 

layouts. First, an overall transformation of the actor network has taken place by introducing 

a modular architecture to the organization’s IT system, and second, an ability to identify 

opportunities for practical training by utilizing advanced simulation that would allow for 

further process refinement and the addition of AI in the future. 

5.3. AR and 3D Visualization Features 

Hence, augmented reality and 3D visualizations are key in translating data to the field where 

the products will be manufactured. These technologies apply advanced analysis techniques 

on big, multi-dimensional data sets to create virtual models for the usability purposes of 
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stakeholders on productions. This is because by putting virtual data on the real environment 

through its use, AR offers a situational layer in the actual environment of the factory floor. 

The system utilizes AR to display current performance data within the manufacturing 

environment to the personnel members. For example, instead of using only gauge readings 

for cycle times, machine up times, or defect rates, an operator can use a pair of AR headsets 

or portable device to require actual images superimposed by streaming information. Such 

constant access to performance indicators is conducive to solving a problem or a decision 

immediately and is consequent in helping facilitate a fast identification of the bottleneck or 

even the area that requires attention. 

The 3D visualization module – an extension of AR – makes detailed digital reproductions of 

layouts and various pieces of equipment. These 3D models are derived from data obtained 

from the sensors and imaging systems which include that from Ainak Visual Planner. One 

navigational technique that characterizes this visual analysis tool is the ability to rotate the 

view of a particular area to get a perspective in relation to other areas as well as to zoom in 

and exaggerate specific process areas. These are useful during the planning and the 

simulation activities since visualization of equipment layout is important for efficient 

arrangement of the process. 

There is synergy between the implemented AR and 3D visualization features for solving 

collaborative problems. All the groups of people who work in different departments, from 

engineering, production, and management, have an opportunity to see one and the same 

digital models in a form of dashboards to interact with. Because this allows for symbolic 

interactionism between the functions, it becomes easier to make decisions on this platform. 

It also minimizes the problem of new entrants into the project since a simple animation is 

easier to understand than being presented with figures and equations. 

All of these in turn improve the functionality of the analytics tool in addition to promoting 

efficiency in operations. Since AR and 3D visualizations make critical performance data 

easily understandable in real-time, manufacturers need not wait for issues to surface and 

express their ability to rectify these issues in the long run to enhance efficiency and 

competitiveness. 
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5.4. Integration with Existing Systems (ERP/MES)  

Implementation of KPI based analytics tool was done with Integrated ERP/MES systems are 

included as an important feature owing to their functionality for providing the connection 

between the KPIs used in the manufacturing network. It is intended to interface with ERP 

and MES since it focuses on the company’s production operations. This integration links 

business processes and systems between strategic managerial functions and the shop floor 

to provide managers with correct data from various sources and in a timely fashion. 

This is based on the establishment of standard APIs and communication protocols that enable 

integration between the analytical tool and the existing ERP/MES systems. It further 

acquires real-time information from the ERP systems including inventory status, 

procurement calendar or fiscal data. This information is then combined with real-time data 

input from the Operational systems such as MES commonly from the count, performance 

and quality standards data. The end-product of this is a unified dataset to investigate the 

strategic and operational level of manufacturing to improve managerial decision-making. 

Precisely because of the integration framework, it is possible to accommodate different 

formats and integrate with older applications as well. This means the tool can be used in the 

industrial context without having to undergo a transformation of organization’s existing IT 

structure. Data update routines are put in place as a way of correcting data redundancies that 

rebuild the system with the accurate positions of the analysis tool that signifies up-to-date 

real-life production observation. Furthermore, there are comprehensive mechanisms to deal 

with errors and flawless ways of validating data as the integration is implemented. 

When ERP is integrated with MES with the help of the KPI-based analytic tool, 

manufacturers will know the complete lifecycle of production. This leads to effective 

synthesis of efficiency as a way of improving performance, accurate estimation, and 

identification of areas that require improvement. Integration also allows for more efficiency 

in terms of workflow and improves the decision-making culture of the organization that is 

crucial, especially in the contemporary realm of the processing industry. 

Cooperation with ERP and MES systems can be considered as the key characteristic which 

creates one of the pillars for the analytics tool and makes it deliver valuable data for constant 

enhancement of operations. 
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6. Future Enhancements and AI Integration Roadmap  

In this section, the strategic roadmap to evolve the current KPI based analytics tool to an 

intelligent, autonomous, and adaptive system that is compliant with the concept of Industry 

4.0 is provided. The existing platform, which effectively delivers real time data visualization 

and analysis, is the first phase delivering hosted artificial intelligence to enable predictive 

capabilities, deeper process insights and dynamic decision support. The future enhancement 

is designed to deliver the tool as a smart, proactive engine that continuously learns and 

optimizes itself in complex manufacturing environments. 

 

Figure 7: Future AI integration roadmap 

Features such as predictive analytics using machine learning, real time anomaly detection, 

AI driven parameter recommendation, and better integration with the rest industrial 

ecosystems are all planned features. Further improvements will also be made in system 
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interactivity, accessibility and personalisation through advanced user centric generation of 

AI visualization. With these upgrades, the tool will evolve from a reactive performance 

monitoring tool into a complete decision support system that would be able to make these 

autonomous discoveries of inefficiencies, predict future outcomes, and recommend 

optimized response to manufacturing decisions made at both the operational and strategic 

levels. 

6.1. Overview of Future AI Enhancements  

Future AI enhancements are planned for the KPI-based analytics tool to further boost its 

capabilities and transform manufacturing process optimization. The envisioned 

improvements include a suite of advanced machine learning algorithms, real-time anomaly 

detection systems, and automated parameter recommendation engines. These integrations 

are expected to drive predictive analytics, enabling the system to forecast equipment failures, 

detect subtle deviations in operational data, and suggest actionable insights that enhance 

efficiency and reduce downtime. 

One of the primary objectives of future AI integration is to incorporate predictive analytics. 

By analysing historical production data alongside real-time sensor inputs, the tool will 

employ deep learning and regression models to anticipate potential bottlenecks and 

equipment malfunctions. This capability will help schedule preventive maintenance more 

effectively and optimize production schedules to minimize delays and costs. 

Additionally, future enhancements will focus on real-time anomaly detection using 

advanced clustering and statistical process control methods enhanced by AI. This approach 

will empower the system to identify deviations from normal operations as soon as they occur, 

enabling corrective action. Early anomaly detection will improve overall equipment 

effectiveness (OEE) by preventing minor issues from escalating into significant disruptions. 

Another planned feature is the development of an AI-driven parameter recommendation 

engine. This engine will leverage optimization algorithms including genetic algorithms and 

reinforcement learning to analyse the complex relationships between various production 

parameters. The system will then automatically recommend adjustments to batch sizes, 

resource allocation, and process timings, ensuring that manufacturing workflows operate at 

optimal levels. 
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Future AI enhancements will include deeper integration with ERP and MES systems, further 

unifying the manufacturing data ecosystem. Enhanced interoperability through AI-powered 

APIs will enable seamless data flow between legacy systems and modern analytics 

platforms, providing a more comprehensive view of production performance. 

Overall, these future AI enhancements aim to evolve the KPI-based analytics tool from a 

reactive monitoring solution to a proactive, adaptive system that continuously learns and 

improves. By leveraging advanced AI technologies, the tool will empower manufacturers to 

make informed, data-driven decisions, ultimately leading to improved productivity, reduced 

waste, and a more agile production environment. 

6.2. AI-Driven Predictive Analytics and Simulation (Planned)  

Automated manufacturing and simulation models are set to be the next big step in continuous 

improvement in the manufacturing processes. In the planned enhancement, history data 

along with the current sensor data will be used to develop new and more powerful 

algorithms, which will allow the creation of reliable predictive models and to predict various 

failures, slow down in the performance of equipment and other disturbances ahead of time. 

The AI module will be trained constantly by the newer data that shall help enhance the 

predictions made and make it better suited for the use in dynamic manufacturing setting. 

The predictive analytics segment will use deep learning algorithms, regression analysis and 

model statistical analysis to forecast more intricate patterns of production datasets. These 

techniques will afford the tool with the capability to generate early warnings and risks that 

are important for risk mitigation. For instance, by anticipating future downtimes or further 

deteriorations of the quality of a product, the system can call for preventive maintenance, 

and control parameters which are harming OEE as well as prolonging the lead time for a 

process. 

To these analytics, it will add the simulation module that will use the same AI predictions to 

drive dynamic ‘what-if’ capabilities. Discrete event simulation with the assistance of 

artificial intelligence techniques will allow for the simulation of multiple operational 

changes including batch sizes, resource allocation, and time to produce impacts when placed 

under various conditions. Its advantage lies in the fact that it enables the manufacturers to 

get acquainted with the changes that particular dramatic configuration changes might have 
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on parameters of performance indicators (PIs) and monetary values without the risk of 

implementation. 

The simulation result which shall be available in the form of real time dashboards and 

visualization will make it easy when the cost and effectiveness of the different scenarios are 

compared side by side. That is why further improvements, which is the subject of this note, 

would turn the tool into a more proactive, real-time monitoring system by integrating real-

time predictive analytics with simulation capabilities. 

The combination of AI and simulation for predictive analysis will significantly enhance 

operations, minimize the number of breakdowns, and promote constant enhancement. The 

forward-looking upgrading of this tool will put in the hands of manufacturers a powerhouse 

tool that will be able to respond to current and post challenges while enhancing competitive 

advantage because of advances in industrial competitiveness. 

6.3. Planned Real-Time Anomaly Detection  

According to the (Usmani, U.A., Happonen, A., Watada, J. (2022)) real time anomaly 

detection remains incorporated as a planned addition in the next improvement steps on the 

KPI based tool that would help in sustaining efficient flow of the manufacturing activities. 

This future module will predict performance and the use of new generation artificial 

intelligence to constantly analyse production data streams to recognize any variations from 

normal trends. This solution will use automatic clustering techniques, Statistical Process 

Control and real-time analytics to identify significant changes in the process parameters 

which may include the cycle times, the throughput, defect rates and resource utilization. 

The plan that needs to be set into action will first involve the setting up of the normal 

performance model through historical and current data. Over time, more data is fed into the 

system, and the actual observation is compared to this baseline and if the observation goes 

beyond the recommended limits, it will be considered abnormal and noted. Such deviations 

could relate to new Potential problems such as equipment failure, product deterioration, or 

processes’ slowness, which may cause significant complications in case of further 

development. 
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The system detection will trigger immediate alerts regarding operators and managers 

concerning the unusual findings as well as presenting available data on interactive 

dashboards. With these signs and coupled with the detailed reports, the anomaly will be 

easily discerned and the causes for the deviation ascertained. In addition, the system is likely 

to cause automated diagnostic procedures that will help to identify possible causes of the 

problem while eliminating possibilities of long response time to correct the problem. 

One important component of the real-time anomaly detection module is its learning 

capability where it can adapt to new information. As the data accumulates in the system, it 

will increase the thresholds of the detection and enhance the ability to identify changes in 

the process. This capability of getting information through iteration learning means that the 

module will stay effective no matter the state of manufacturing. 

Real time anomaly detection will enable the manufacturers to monitor process deviations on 

a real time basis and in turn be able to mitigate incidences of unplanned downtime hence 

improving on the general system Reliability. This forward-thinking enhancement is as 

intended to integrate with the best, already existing analytics as well as visualization 

software elements, it will offer a powerful, data backed approach to furthering process 

enhancements in contemporary manufacturing markets. 

6.4. Planned AI-Driven Parameter Recommendation Engine  

The management is planning to integrate an AI-based parameter recommendation engine as 

the next upgrade to the current KPI-based analytics tool, which is expected to optimize the 

fine-tuning of most production parameters. This future module will utilize more enhanced 

optimization algorithms like; genetic algorithm, reinforcement learning, and gradient-based 

for the relation in the modelling of process variables. Based on this data, and data from the 

real-time sensors, the system will be able to recommend further changes into batch size, 

resources allocation, production timing or even modifications into the machines. 

The recommendation engine will start to operate by collecting large data from various 

sources, including ERP and MES, real-time production data, collected by sensors, or data 

from Visual planning tools. These two sets of data would provide the basis for training AI 

models capable of appreciating the complexity of manufacturing process. This will be useful 

in analysing how adjustments in certain parameters will affect KPIs hence permitting an 
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experiment to be run in an artificial setting before implementation. This “what-if” analysis 

will be useful in anticipating on the effects of change and possible risks that are related to 

the change of the process. 

In practice, the recommendation of parameters that may require updating will present 

corresponding advice if the alarm of system has changed from normal to suboptimal or if 

new bottlenecks emerge. They may vary from minor changes in the production rates or in 

the distribution of resources in the flow to a link or a step. These suggestions will be filtered 

by the AI according to the estimations of their ability to improve OEE, throughput, and 

quality to provide operators only with the best ideas. 

The recommendation engine should have a feature of adaptive learning, which incorporates 

feedback obtained from new sets of data. These are the measures that will be taken to ensure 

that the whole process of decision-making is continuous and that the recommendations are 

not overtaken by events on the manufacturing end or market developments. Through 

recommendation on certain parameters, the use of an artificial intelligence system will 

substantially cut down the use of tests and trial techniques hence improving the speed of the 

cycle, losses through downtime and general efficiency. 

The envisioned parameter recommendation engine will make a great difference in the hub 

of process enhancement because it will offer real-time, data-driven, and context-aware 

suggestions that will enable manufacturers to remain relevant and competitive with increased 

efficiency. 

6.5. Proposed Integration with Broader Industry 4.0 Systems  

To integrate with other Industry 4.0 systems can be recognized as a conceptual progression 

to connect the KPI-based analytics tool with the other systems of the enterprise. Through 

sharing of common API and integration of compatible communication protocols the system 

will easily interface with the already existing ERP, MES and other structures in 

manufacturing facilities. This integration will allow for easy flow of information between 

the above systems as well as the analytics tool, in terms of real time and actual operational 

metrics as well as business level metrics to achieve an overall perspective of the production 

performance. 
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When applying Industry 4.0 principles to the integration, real-time data exchange will be 

achieved across multiple applications and effective resource management, precise 

forecasting, and timely risk identification will be fostered. The incorporation of AI modules 

adds the extra layer of intelligence to the system such as learning capability, parameter 

suggestions, and predictive maintenance facilities, and other advanced intelligent modules 

all of which are integrated on top of the common data pool of the system. Further, this 

connectivity brings enhanced decision-making since the stakeholders will be able to see an 

integration of production data and supply chain alongside the financial data. 

The proposed integration plays a great role in developing digital strategies in manufacturing 

while also underlining the role of operational and strategic integration. This does not only 

enhance performance and increase the ongoing development but also create readiness of the 

manufacturers in future progress of technology that pushes competitiveness in the complex 

industrial environment. It gives the new generation manufacturing plants the necessary 

leverages for full digital enablement and continuous reinvention for competitiveness. 

6.6. User-Centric AI Visualization (Future)  

Socially aware AI visualization is to be considered as a future improvement of the current 

manufacturing scope aimed at addressing the stakeholders’ needs and demands. This will be 

an additional high level of visualization where the system will change the view of the 

organization, depending on the roles and responsibilities, preferred settings and current 

business operations. In addition to that, the interface will allow representing intricate data 

and messages regarding complicated processes, in an easy-to-understand picture format, 

without the use of highly specialized jargons that would require appreciation of higher 

technical knowledge. 

This will be achieved using machine learning algorithms that adapt to the users’ patterns and 

their interactions to the system and their feedback. This involves generating prescriptive 

analytics, trend forecasting, and alerts on specific areas of performance that are out of trend 

or show promising prospects. The use of the dashboards will be simple and natural as the 

application will accept text based on natural languages so one will be able to ask questions 

based on the performance indicators with immediate answers from the system formulated in 

both graphical and textual forms. 
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Through the application of thorough and efficient user-centric AI visualization the tool will 

down-sell the complex data throughout the expanses of the institution bringing in efficiency 

in collaboration and decision-making. This will help the stakeholders to consider other 

prospective innovative ideas, pointing to areas where improvements can be made as well as 

to have a better understanding of the optimizing processes. In conclusion, its time, 

knowledge, and intelligent customization of data visualization techniques will increase the 

agility and effectiveness of decisions made, which translate into a constant striving for 

growth in an ever-changing industrial environment. 

The module will help define the possibility to adjust the layout of the visualization to 

individual user’s requirements and actual working environment for better understanding. 
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7. Case Study Outcomes and Analysis  

In this section, we evaluate the KPI based analytics tool in a real-world industrial setting by 

the means of case studies done at Hiava Oy. The goal was to determine the validity, accuracy 

and general performance for use of the tool to measure performance, assume operational 

changes and determine process improvements. We apply the tool in an active production 

environment, testing it using actual data derived from sources such as Ainak Visual Planner, 

ERP/MES systems as well as floor level sensors. Finally, findings have been validated 

through feedback from stakeholders (engineers, managers and operators) to identify 

refinement areas. 

The done case study approach made it possible to have a thorough, context aware 

understanding of how the system works in the real constraints and dynamic manufacturing 

conditions. The results show how the integration of KPI analytics, digital twins and 

simulations with visualization technologies can better equip decision makers with actionable 

insights. Next, each of the following subsections details the case execution, simulation 

analysis, and performance evaluation that was carried out in the cozy routines of the project 

lifecycle in Hiava Oy. 

7.1. Case Study Overview  

Hiava Oy, a manufacturing firm that experienced keen interest in process improvement and 

change. The initial task was to assess the performance and usefulness of the KPI-based 

analytics tool employed in the Aidan collaboration with the Ainak Visual Planner and LeaPP 

systems. It is significant to note that this real-world testbed indeed offered a holistic scenery 

to determine how effectively the tool could implement the measurement and visualization of 

realistic manufacturing KPIs and the overall consequences on choice and improvement 

regarding the manufacturing processes. 

The analysis was carried out on an actual production floor where a sample JSON export from 

Ainak Visual Planner was utilized in developing a floor plan. The data analysed were derived 

from this depiction of the production environment in the digital space. The data was then 

uploaded to LeaPP analytics platform where it was cleansed and pre-processed for further 
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analysis. Each part of the layout was labelled to a subprocess, which allowed calculation 

engine to perform the primary KPIs including, Action Capacity, Action Time, Bottleneck 

Capacity, Process Lead Time and Critical Path Time among others. 

The assumptions explored in the case included a series of simulations where some aspects 

of the process were changed to compare the capabilities of different configurations. It was 

able to show the comparative analysis of outcome effects by changing other variables such 

as batch size, number of resources used, and the time of production. This permitted the 

various stakeholders to observe what may transpire if changes were to be made to processes 

of the supply chain without harming the economic efficiency of the business. The outcomes 

of the simulations were visualized and displayed with the use of a graphical framework of 

visualization done by the Next.js platform and the next real-time data provided and was 

contrasted with historical performance metrics that were stored in the database of MongoDB. 

Control feedback was taken from the personnel working in production managers, industrial 

engineers, and quality control and assurance departments. It also helped provide support for 

the chosen set of KPIs and the efficiency of the visualizations used. From interviews it was 

evident that the stakeholders noted the tool’s feature of easy interpretation of complicated 

data for faster decision making. They pointed to one strategy in the system’s ability to be 

integrated in the future where there would be incorporation of advanced features like 

artificial intelligence in making future forecasts as well as real-time issues that require 

detection. 

The assessment of the case study pointed to the fact that the application of KPI-based 

analytics tool enhances the comprehension of manufacturing processes. It proved that the 

ideas that are redefined in the form of a digital twin in combination with improved 

visualization technologies relating to process enhancement increase process control, 

efficiency and give a solid foundation for constant improvement in a challenging industrial 

environment. 

7.2. Comparative Analysis and Simulation Results  

The comparative analysis and simulation results give detailed evidence on the evaluation of 

KPI based analytics tool for promoting the most optimum form of manufacturing. The 

system-even with only one model running-allowed it to have multiple scenarios through the 
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“what-if” tools and showed how the different process combinations affect KPIs throughout 

the production cycle. 

It was in this context of the simulation aspects that different factors including the batch size, 

the resources used, and the timing of the production process were varied to see the impacts 

they held for such important KPIs as Bottleneck Capacity, Process Lead Time, OEE among 

others. For example, one example practice was about reducing batch sizes which resulted in 

shortening of cycle time at the bottleneck and therefore an increase in the throughput. In 

another contingency, tested shifting of resources to the most time-intensive subprocess 

enhance the Action Capacity and shorten the Critical Path Time. These were accomplished 

through discrete event simulations whereby each activity was tested separately in order not 

to impose considerable risks to the system’s real operation. 

The simulation results were presented through Solution dashboards that were developed 

using Next.js and these were in a way that could enable the stakeholders to be able to 

compare results under different scenarios. Line charts, bar graphs and heat maps made side 

by side allowed me to achieve an immediate and clear insight of how the changes in the 

parameters of a process affected its outcome. It was possible to update the dashboards in 

real-time, so that the stakeholders could see the impact of such changes and choose the best 

plan for the improvement process. 

The system stored the performance of various metrics for many production cycles in 

MongoDB for record and for comparative analysis. It became invaluable to check that the 

results obtained of the simulation matched realistic tendencies in the organization’s 

performance history. Besides, it helped to confirm the readjustment of the current 

configuration of the manufacturing process and revealed further improvement areas when 

utilized in the future. Having comparative data allowed the stakeholders to identify potential 

problems in terms of bottlenecks, to justify changes, and to incorporate some favourable 

alterations in the production approach based on relevant statistical evidence of the changes 

in productivity and production rates. 

The production managers and industrial engineers brought out positive responses regarding 

the accuracy as well as regarding the practical usability of the simulation results. The 

intricate distinctions assisted them in being more equipped with the figures and diagrams to 

enable rationalizable choices.  The comparative analysis and simulation results prove that 
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KPI-based analytics tool allows for changing the large amount of raw data regarding the 

manufacturing process into strategic goals and objectives and, thus, provides a proactive 

approach to reach the constant improvement of actual operation. 

7.3. Performance Metrics Evaluation  

KPI-based analytics tool contains performance metrics evaluation as the core part, which 

helps in understanding whether introduced manufacturing process improvements result in 

the performance growth. The assessment involves the quantification of concepts like Action 

Capacity, Action Time, the maximum throughput of a bottleneck resource, Bottleneck Cycle 

Time, a consistent measure of due-date performance called the Process Lead Time, and the 

percent product availability as defined by OEE. Each of them quantifies several aspects of 

the production and when systematically calculated, facilitates the detection of main 

deficiencies and potential for enhancement. 

Based on the computed KPIs, the evaluation of their contribution to the production results 

of Hiava Oy is done in comparison with the historical data. It is important in setting the first 

base line since it highlights the past performance. Specifically, the system can compare 

current values to past results to assess increases or decreases in efficiency of the process. For 

instance, an improvement in Bottleneck Cycle Time or the escalation in Action Capacity is 

calculated with the help of historical numbers, so there is no doubt that productivity has 

increased. 

Performance metrics are best determined through simulations to provide quality results. 

Discrete-event simulation approaches are also applied for modelling different production 

situations; the aim is to assess the effect that different changes in processes would have on 

performance indicators. In these simulations, the different freedoms such as the amount of 

production, capacity of resources, and the time at which production is done may be changed 

systematically. The outputs are presented in the form of dynamic drives where the users can 

monitor any variation in the performance standards. This dynamic comparison not only 

proves the simulation models’ capability in representing actual production conditions but 

also provides an understanding of what may occur on the shop floor before it is implemented. 

There is limited data integration because most of the data is collected from different sources 

in various formats, data integrity and consistency are maintained through data cleaning and 
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validation. The data from the Ainak Visual Planner exported to JSON is filtered 

appropriately to remove excess records, which are not needed in KPI calculation; thus, the 

results are kept fresh. The LeaPP Calculation Engine that follows provides the subsequent 

calculations is tested by automated unit tests and cross-validation of techniques. This ensures 

that there is consistency in the model calculations for a given set of data and that the results 

are consistent with the inputs given to a particular model. 

Moreover, the historical KPI data will be stored in MongoDB so that the unique long-term 

trends analysis with the help of MongoDB will be conducted. By comparing the data 

collected across different projects or at different points in time, manufacturing companies 

can see some common problems and see the trend of the effects from the changes made in 

the processes. This archival function also helps with strategic decision-making, given that 

the management gets to see the general trends in an organization for a given period. 

Feedback from managers was gathered through structured interviews and asynchronous 

review sessions involving production managers, industrial engineers, and quality assurance 

personnel. This feedback was collected at key stages of the KPI evaluation process to 

validate both the relevance of selected metrics and the usability of the analytics dashboards. 

The purpose was to ensure that the calculated performance indicators accurately reflected 

on-the-ground realities and supported meaningful decision-making. 

This input was instrumental in refining the analytical models and visualization components. 

Supervisors provided practical insights into how certain metrics such as Action Capacity and 

Bottleneck Cycle Time responded to process changes. Their feedback led to adjustments in 

both data presentation and the calculation methods to improve alignment with operational 

goals. This iterative, feedback-driven approach ensures the evaluation process remains 

responsive and continuously improves over time. 

It can therefore be concluded that the activities of collecting, processing, and analysing 

performance metrics in the KPI-based analytics tool involve four basic processes including 

historical benchmarking, use of simulation in a ‘what if’ analysis exercise, statistical data 

validation, and feedback on service users. In combination with each other, these methods 

form a reliable system that identifies the shortcomings of current performance yet at the 

same time and brings about changes to make the performance even better in a manufacturing 

engagement in a redundant business. 
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8. Discussion  

This section gives a full interpretation of the case study findings, simulation results and 

performance metrics while developing and testing the KPI based analytics tool.  The tool 

lends itself to Industry 4.0 transformation and practical implications of results for 

manufacturing environments. In addition, it looks critically at the problems that we are 

currently facing, lays out the work that it would be limited to perform, and provides very 

specific suggestions for organizations should they wish to implement such technologies. The 

combination of both quantitative data analysis and qualitative user feedback is used to 

provide a balanced approach regarding the system’s strengths and weaknesses as well as its 

future potential. 

RQ1: Critical Metrics and KPIs 

The study identified a set of core metrics and KPIs that effectively capture the performance 

of industrial asset manufacturing processes. Key indicators include Action Capacity and 

Action Time, which measure the throughput and effort of individual tasks; Bottleneck 

Capacity and Bottleneck Cycle Time, which pinpoint the slowest stages in a workflow; and 

Process Lead Time, which reflects the end-to-end duration of production. Overall Equipment 

Effectiveness (OEE) was adopted as an aggregate KPI combining availability, performance, 

and quality. Together, these metrics provide a multi-dimensional view of efficiency, 

enabling targeted improvements in both micro-level operations (e.g., task times) and macro-

level outcomes (e.g., throughput and downtime). 

RQ2: Integration of AR and 3D Visualization with KPI Analytics 

Seamless integration of AR and 3D visualization was achieved by leveraging the Ainak 

Visual Planner to generate digital twins of the production floor. JSON exports containing 

spatial and subprocess data are ingested into the LeaPP Calculation Engine, which computes 

KPIs and relays results to a Next.js–based UI. Within this interface, AR overlays 

superimpose real-time metrics directly onto physical equipment via mobile devices or 

headsets, while interactive 3D models allow users to manipulate virtual layouts and explore 

“what-if” scenarios. This combined approach enhances situational awareness, supports 
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collaborative decision-making, and ensures that complex numerical data are presented in an 

intuitive, context-rich format. 

RQ3: Improvements over Traditional Methods 

Compared to conventional spreadsheet-based and manual analysis techniques, the proposed 

tool delivers substantial efficiency and operational gains. In case studies at Hiava Oy, “what-

if” simulations enabled rapid testing of process adjustments such as reducing batch sizes or 

reallocating resources—which drove improvements in throughput (10–40%) and process 

lead times (15–50%). The interactive dashboards reduced diagnosis time by up to 70%, while 

digital twins allowed risk-free experimentation. Overall, the tool’s real-time analytics, 

automated KPI computations, and immersive visualizations facilitated faster, more 

evidence-based decisions, translating into measurable productivity enhancements and 

reduced unplanned downtime. 

RQ4: Future AI Integrations 

Future enhancements will embed AI modules to extend the tool’s predictive and adaptive 

capabilities. Predictive maintenance models will analyze historical sensor data using 

machine learning to forecast equipment failures, allowing proactive scheduling of repairs. 

Real-time anomaly detection will employ unsupervised learning algorithms to flag 

deviations from normal operating patterns as they occur. An AI-driven parameter 

recommendation engine, leveraging genetic algorithms or reinforcement learning, will 

automatically suggest optimal process settings. These integrations, coupled with API-driven 

data flows and natural-language querying, will transform the platform into a fully adaptive 

decision-support system, further driving operational excellence in Industry 4.0 

environments. 

Measurable improvements in manufacturing operations at Hiava Oy have been achieved 

when implementing KPI analytics, real time simulation and visualization. Nevertheless, 

implementation of this section raises the technical, organizational and strategic 

considerations manufacturing firms should contemplate to ensure broader adoption and 

long-term sustainability. The following subsections explore what is required in terms of 

investment, training and cultural change required in the transition from traditional process 

monitoring to intelligent, AI augmented analytics. 
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8.1. Interpretation of Results  

The identified interpretation of the results proves the effectiveness of introducing the KPI-

based analytics tool that facilitates the monitoring of manufacturing process performance 

and helps in gaining insightful conclusion from the large amount of raw data. Using the 

simulation results obtained, the same changes including ordinary changes to the batch sizes, 

resources distribution, and manufacturing time clearly explained some key analytical 

parameters like Bottleneck Capacity, Process Lead Time and OEE. For example, some of 

the scenarios that involved reducing the batch size were helpful in that it helped to reduce 

the cycle time on some of the observed bottleneck processes resulting to high throughput 

and production process efficiency. This means that even a small change of process 

parameters changes the operation performance greatly; and therefore, supports the 

hypothesis that minor changes strongly affect the Specific Operating Characteristic function. 

There the use of a historical benchmark made available from the MongoDB repository 

helped in understanding these improvements. Referring to the current KPI values to the 

historical data from Hiava Oy, the tool allowed to establish trends and constantly 

unproductive operations. This aspect has been very useful in ensuring that improvement is 

being captured over time and that observed changes in the process are consistent, indicating 

the tool’s effectiveness in following up on the process and ensuring its optimization. 

From the resultant JSON export of Ainak Visual Planner, various operations such as filtering 

out non-relevant data were done in the data cleaning and preprocessing phase to enhance use 

of quality data for the KPI calculations. This method of data validation together with basic 

testing of LeaPP Calculation Engine ensures the validity of results. Specifically, the 

stakeholders have much faith in the computed metrics and these results have been reaffirmed 

by the steady values obtained from the various simulation rounds. 

Further affirmation of these quantitative results can be derived from the user feedback 

interviewed by the production managers, industrial engineers and quality assurance 

personnel. The respondents also said the use of the hazard interactive dashboards and 

visualization enhanced visualization hence assisting them to make informed decisions fast. 

This meant that the different process settings for what-if analysis easily let one get a picture 
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of how a business operation would be impacted just by looking at the overall performance 

rates. The following qualitative evidence sustains the idea that the tool provides accurate 

analytical data and conveys the consequence of changes in the process clearly and 

understandably to the users. 

The methodology of results analysis proved that the KPI based analytics tool is effective for 

the enhancement of the actual manufacturing processes. It could be a quantitative 

representation of the performance of processes, which could also be used to gain qualitative 

beneficial results that would enable early problem solving. Positive historical benchmarking 

combined with formal rigorous data processing with a qualitative interactive component 

provides a coherent framework that exhibits step-by-step logical development agenda for 

logical enhancement of operations that culminates in efficiency improvements and finally 

competitiveness in the manufacturing sector. 

8.2. Implications for Manufacturing and Industry 4.0  

The consequences of this KPI-based analytics tool to manufacturing and Industry 4.0 are 

quite profound in a way that signals monumental change to the way production is planned 

and managed. By means of real-time data, digital twin methods, and the application of 

augmented reality (AR), an optimal environment for making operational decisions based on 

real-time data is created. This integration makes it possible for manufacturers to graduate 

from a reactive kind of work to one that addresses work continuous progress and 

improvement. 

The first of them is the development of smart factories which is the integration of the 

production line, ERP, MES, and digital twin models that enables them to communicate with 

one another seamlessly. Ryan describes that ‘with 3D floor plan layout and what-if design’, 

manufacturers can analyse possible process layouts with no risk of errors. This helps in right 

resource planning, reduces waste generation and results in higher overall equipment 

effectiveness or OEE due to proper identification of the bottleneck and optimizing the flow. 

In addition, the efficiency of the tool is in the ability to assess and report important KPIs 

which arguably define operational performance, namely, Action Capacity, Bottleneck Cycle 

Time, and Process Lead Time. Notably, this transparency is useful not only to introduce 

changes in the year but also target long-term strategy developments. Some current benefits 
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of utilizing for business include the analysis of the company’s trend history held in 

MongoDB, which can help in revealing improvements in performance over time and cause 

adoption changes. 

A further implication is the increased integration of workers through integration of 

employees at various organizational levels. By being easily navigated and data-driven 

concepts being presented in a more tangible manner with the help of dashboards, non-

technical managerial and executive personnel can easily become involved in the decision-

making processes. This democratization of data quickens the response times and guarantees 

the intelligence is available to the floor operators to the management. 

From the context of Industry 4.0, the system builds a base on which the systems and tools 

can be expanded with added capabilities in the future, these being the incorporation of 

artificial intelligence for predictive maintenance, real-time fault detection, and automatic 

parameter tuning. Such measures will promote the improvement of the processes as well as 

the operational effectiveness. Overall, the adaptation of this strategy enables manufacturers 

to master the continuity of their competitiveness while embracing change in a digital 

complex environment, as well as creating long-term sustainable development, innovation, 

and effectiveness of modern production processes. 

8.3. Limitations and Challenges  

The KPI based analytics tool, as innovative in design, has great potential in realizing the 

potential of the manufacturing process and stepping forward to the new level of development 

as the result of the measurement of the chosen KPI, have several shortcomings that need to 

be discussed or initiated to ensure the future development of the tool. The first one is the fact 

that it relies on data and that its quality is critical in determining the accuracy of the results 

obtained. This system largely depends on this JSON data that is obtained from the Ainak 

Visual Planner. Such deviations may affect the values of KPI and therefore provide 

ambiguous indications of performance within an organization. Also, the current process of 

uploading JSON data in manual mode has two main drawbacks. To make some mistakes and 

delays which does not allow the tool to be vital now. 

Integration with the systems used in the organization such as ERP and MES poses certain 

challenges too. On the one hand, modern enterprises apply standardized API for data 
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interchange, on the other hand, legacy systems fail to operate properly at the digital level. 

These disparities could lead to the creation of data silos and disrupt information sharing and 

thus make it difficult to achieve an overall real-time capacity in a manufacturing 

organization. 

Moreover, the overall structure of the architecture, which is already prepared for scaling and 

future adjustments to AI, is a complex of many components that must work together in 

unison. As interconnectivity of the LeaPP Calculation Engine, visualization modules and 

data storage system are required and thus, data passes from one module to another. There 

are disparities and variations that require the need for version control as well as very 

thorough testing. Because of the above-mentioned reasons of complexity in developing 

models and KPI computation algorithms, it is even more challenging to maintain and update 

simulation models due to the flexibility of manufacturing conditions. 

The details of the integration of proactive features like analytics, real time monitoring and 

Parameter Recommendation System make it more challenging. These features can be heavy 

by themselves and put pressure on the scalability and the performance of the system and the 

need for retraining the models. As you might expect, finding an effective way to coordinate 

the computationally intensive processes with the need for ‘on-the-fly’ analyses has been a 

huge problem. 

These are important considerations that need to be overcome to fully optimize the use of the 

analytics tool. The future work will require us to address the issues concerning data accuracy, 

the integration of the AI elements with the legacy systems and to make sure that the growth 

of new elements will not have a negative impact on performance. 

8.4. Recommendations for Industry Adoption  

It is recommended that KPI based analytical tools should be adopted using technology, 

process, and workforce strategy. Firstly, it is necessary to strengthen IT-support for 

information resources. Organizations need to improve their IT environment to enable data 

acquisition from such sources as sensors, an ERP system, an MES system, and the Ainak 

Visual Planner. It is necessary to work with various actual and real data for the calculation 

of KPIs and successful organization of simulations. 
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There should also be robust integration into current systems as well as other legacy systems. 

The analytics tool has been developed with a modular design and the API implementations 

follow common set standards of current manufacturing systems. Companies are advised to 

engage with their technology providers to ease the change process and make certain that the 

new system integrates well with others, practically phasing them in. 

Public involvement and education are an essential ingredient to have for adoption purposes. 

Ensuring training is done can enhance the understanding of the production managers, 

engineers and operators of what is depicted on the dashboard visualizations as well as the 

simulation results. A user-oriented approach in design presupposes that employee without 

IT background when implementing the system, would also be able to maximize its 

effectiveness thereby creating a culture of positivism within the organization as more 

decisions are being based on data collected from within the higher systems. 

It is recommended that manufacturers should involve pilot implementation approaches in a 

cyclical manner. This is why it is advised to first use such platforms in a pilot mode often in 

a controlled setting so that some of the problems related to its use could be modified in 

advance before wider utilization is allowed. This approach reduces the risk while offering 

useful information for future updates as described in the additional features that include the 

AI and the ML algorithms that are aimed at offering predictive analytics and real-time 

anomaly detection services. 

There should be commitment to the improvement of the adoption of the strategy as well. 

They include performance review and trend analysis that entails the use of historical data, 

which is kept in MongoDB for constant review and improvements. In another move, thus, 

to embrace the industry 4.0 environment, companies must keep the culture of the analytics 

tool in line with the current trends. 

These changes collectively outline the broad strategic roadmap of the transition, towards the 

strategic value of a KPI-based analytics tool, which is to create perusing operational 

excellence in modern manufacturing and achieving competitive advantage in the long run. 
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9. Conclusions and Future Work 

The major conclusions, theoretical and practical contributions, and suggested further 

research direction from the work of developing and using the KPI-based analytics tool. The 

work of the study reveals that the role of more sophisticated tools in increasing 

manufacturing outcomes would be revolutionary because they could increase the real-time 

monitoring of processes, advanced analysis of the data, and subsequent decision-making, 

and improvement of the process. Incorporating the use of simulation with KPI analysis and 

the use of visualization in digital dashboards enables the discussion of the system’s 

compatibility and flexibility in application to the multiple types of facilities within 

complicated manufacturing industries. They also confirm the efficiency of the current 

application and the possibilities of further expansion of the tool to reach the full potential of 

an AI-based solution as part of Industry 4.0 concept. 

9.1. Summary of Findings 

This research aimed at designing and implementing a KPI-based analytics tool, which would 

cater for the intricate needs of a modern manufacturing environment. This research has 

shown that highly data‐driven tools can dramatically change operational results by offering 

real‐time process monitoring opportunities, data processing capabilities, and informed 

decision making. The combination of discrete event simulation, KPI computation, and 

dynamic visualization on one platform stresses the adaptability and compatibility of the 

system in various production environments. What is more, the positive feedback received 

from production managers and engineers also confirms the efficiency of the tool with 

emphasizing the further expansion of the tool in the direction of the comprehensive AI‐

driven solution that reflects the principles of Industry 4.0. 

9.2. Summary of Findings 

The main contribution of this work is the development and implementation of a KPI-based 

analytics engine that drastically increases monitoring, analysis, and optimization of 

manufacturing processes. Using smooth extraction, cleaning, and feature engineering of the 
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raw production data from the likes of Ainak Visual Planner and Hiava Oy’s operational 

systems, the platform calculates the key KPIs (such as Action Capacity, Bottleneck Cycle 

Time, and Process Lead Time) with a high degree of accuracy. 

Our modular approach using JSON‐based exports in the initial phase and the use of 

MongoDB datastore for historical data provides rapid deployment of the process as well as 

scalability for the long-term period. The ad hoc JSON integration delivers immediate 

functionality with an eye to future API endpoints. At the same time, the backend of the 

MongoDB can be utilized for longitudinal analysis, for high-level benchmarking, and trend 

assessment over several production cycles. 

 

Simulation experiments under a variety of manufacturing case situations found that minor 

changes like batch size reductions, regrouping resources, and optimal scheduling can have 

significant reductions on bottlenecking and the overall throughput time. The Next.js 

dashboard provides several interactive widgets that give stakeholders live performance data 

that provides a basis for rapid, data informed interventions on the shop floor. 

The further validation of the impact of the platform comes from the user feedback provided 

by the production managers and the industrial engineers. The respondents mentioned the 

intuitive visualizations that were coupled with real‐time dashboards as were paramount for 

aligning strategic choices with the emerging trends of production. The parity between 

simulated results and the past performance emphasizes the tool’s analytical validity and its 

applicability. 

9.3. Contributions to Theory and Practice 

From a theoretical standpoint, this research advances the intersection of lean manufacturing, 

digital twin concepts, and advanced analytics. By articulating the interdependencies among 

Action Capacity, Process Lead Time, Bottleneck Cycle Time, and Overall Equipment 

Effectiveness, we present a unified framework that guides both academic inquiry and 

empirical assessment. These conceptual linkages establish a standardized KPI taxonomy 

applicable across diverse manufacturing contexts, fostering comparability and 

reproducibility in future studies. 
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Practically, the system offers a scalable, modular solution that transforms raw operational 

data into actionable intelligence. The integration of JSON feeds from Ainak Visual Planner 

with our Python‑based LeaPP Calculation Engine illustrates a novel data ingestion pipeline 

that supports real‐time analytics. Leveraging Next.js for front‐end visualizations ensures 

responsive, customizable dashboards that empower production engineers to conduct “what‐

if” analyses without extensive coding. 

Moreover, the adoption of MongoDB for historical data retention enhances the capacity for 

longitudinal benchmarking and trend detection. This capability is crucial for validating 

process improvements and sustaining continuous operational excellence. By bridging the 

gap between cutting‐edge analytics and conventional industrial practices, our work equips 

manufacturers with the tools necessary to maintain competitive advantage amid rapid 

technological evolution. 

9.4. Future Research Directions, Including Full AI Integration 

Based on the already built platform, further development of research will take into account 

intensification of AI integration to move from the descriptive and diagnostics skills to the 

predictive and prescriptive ones. The inclusion of deep learning models to predictive 

maintenance is one such priority. using the historical and real‐time sensor streams analysis, 

these models will predict equipment failures and process anomalies ahead of time, which 

will minimize unplanned downtimes and cost of maintenance. 

Simultaneous work will investigate unsupervised and semi‐unsupervised anomaly detection 

techniques. These systems can therefore continuously profile production data, so as to 

perceive almost imperceptible divergence from normative operating patterns to raise early 

alerts, warning against impending quality issues or throughput disturbances. Including these 

alerts into currently used dashboard will blend the trends in KPI and the anomaly-flags. 

The other significant direction is to create an AI‐driven parameter recommendation engine. 

This module will use optimization algorithms (such as genetic algorithms and reinforcement 

learning) to analyze the interactions of multi-dimensional variables and provide the best 

setting for the parameters. Such a feature is expected to reduce bottlenecks and maximize 

the other Efficiency Equipment Effectiveness (OEE) with minimum intrusion by humans. 
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What is more, a greater coupling with digital twin environments will allow high‐fidelity, 

scenario testing without threat. The AI engine will make use of virtual copies of physical 

assets to virtually test proposed interventions, calibrate model parameters and iteratively 

improve recommendations before they are issued onto the shop floor. 

Lastly, we plan to extend interoperability with legacy ERP, MES solutions by applying 

standardized AI‐powered APIs. This extension shall make data transmission from hand to 

hand within the enterprise as easy as possible, so that outputs of our analytics tool can be 

translated into the operations of the enterprise. 
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Appendix A. Definitions of Process Analysis and Flow Terms 
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Appendix B. User Instructions 
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