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This thesis examines the implementation of an automated overall equipment effectiveness 

(OEE) dashboard for production robots in a medical technology manufacturing environment. 

The research assesses the lack of operational visibility into robot performance by developing 

a dashboard artefact that uses data collected from production robots to support performance 

monitoring, problem identification, and continuous improvement. The research applies 

design science research (DSR) methodology, combining literature from OEE, automated 

data collection, and dashboard visualization principles with empirical findings from semi-

structured interviews. 

Empirical findings show that robot performance reporting should be based on automated 

data collection, clear visualization of target status, prioritization of losses based on 

production impact, flexible time filtering, robot-level analysis, and simple usability. Based 

on these requirements, an OEE dashboard was developed using data collected from 

production robots and visualized in a business intelligence environment. The 

implementation connects shop floor data to Power BI and transforms raw data into OEE-

related measures, including availability, performance, and quality. 

The results demonstrate that automated OEE reporting can improve operational visibility by 

providing a structured overview of robot performance, enabling users to identify 

underperforming robots and the main causes of losses. The dashboard is designed with a 

hierarchical structure, consisting of a plant overview page and a robot detail page. This 

structure supports both high-level situational awareness and more detailed root cause 

analysis. 
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Tämä diplomityö tarkastelee automatisoidun kokonaisvaltaisen laitteistotehokkuuden 

(OEE) dashboardin käyttöönottoa tuotantoroboteille terveysteknologian 

tuotantoympäristössä. Tutkimus vastaa robottien suorituskyvyn läpinäkyvyyden puutteeseen 

kehittämällä dashboard-artefaktin, joka hyödyntää robottien tuottamaa dataa suorituskyvyn 

seurantaan, ongelmien tunnistamiseen ja jatkuvaan parantamiseen. Tutkimuksessa 

sovelletaan konstruktiivista tutkimusotetta, jossa yhdistetään kirjallisuus OEE:sta, 

automatisoidusta tiedonkeruusta ja dashboardin visualisointiperiaatteista puolistruktuuristen 

haastatteluiden empiirisiin havaintoihin. 

Empiiriset havainnot osoittavat, että robottien suorituskyvyn raportoinnin tulisi perustua 

automatisoituun tiedonkeruuseen, tavoitetilan selkeään visualisointiin, tuotantovaikutusten 

mukaiseen häviöiden priorisointiin, joustavaan aikasuodatukseen, robottikohtaiseen 

analyysiin sekä helppokäyttöisyyteen. Näiden vaatimusten pohjalta kehitettiin OEE-

dashboard, joka hyödyntää tuotantoroboteista kerättyä dataa ja visualisoi sen 

liiketoimintatiedon ympäristössä. Ratkaisu yhdistää tuotantotason datan Power BI:hin ja 

muuntaa raakadatan OEE-mittareiksi, kuten käytettävyydeksi, suorituskyvyksi ja laaduksi.  

Tulokset osoittavat, että automatisoitu OEE-raportointi voi parantaa toiminnan 

läpinäkyvyyttä tarjoamalla jäsennellyn yleiskuvan robottien suorituskyvystä. Tämän avulla 

käyttäjät voivat tunnistaa heikosti suoriutuvat robotit ja tuotantohäviöiden pääsyyt. 

Dashboard on suunniteltu hierarkiseksi rakenteeksi, joka koostuu tehtaan yleiskuvasta ja 

robottikohtaisesta sivusta. Rakenne tukee sekä yleistä tilannekuvaa että 

yksityiskohtaisempaa juurisyyanalyysiä. 
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1  Introduction 

This chapter provides an overview of the main objectives and elements of this thesis, 

including the formulation of research questions, scope, and limitations. This is followed by 

presenting research methodology and empirical data collection. Finally, the structure of the 

thesis is explained. 

1.1  Background 

A foundation of operational efficiency lies in the ability to accurately measure equipment 

utilization and quality performance (Sinkora, 2022). With the advent of Industry 4.0, the 

fourth industrial revolution, organizations have gained unprecedented capabilities to 

leverage data generated through decades of industrial computerization. This transformation 

emphasizes the need for precise performance measurement as a prerequisite for maintaining 

competitiveness in an increasingly data-driven manufacturing environment (Smith et al., 

2024). 

Despite these advancements, studies reveal a significant gap between perceived and actual 

machine utilization. On average, manufacturing equipment operates at only 28 percent of its 

production capacity. However, many manufacturers assume utilization rates to be at 70-80 

percent. This misconception often leads to unnecessary investments in new machinery rather 

than addressing inefficiencies in existing assets. The root cause lies in the absence of real-

time visibility into machine operations, resulting in a decision based on assumptions rather 

than data. (Sinkora, 2022) 

One of the most widely adopted metrics for evaluating manufacturing productivity is Overall 

Equipment Effectiveness (OEE), which combines availability, performance, and quality into 

a single measure (Willmott & McCarthy, 2000). Industry 4.0 technologies enable OEE to 

become a part of dynamic, real-time performance management system. Advanced data 

collection, analytics, and visualization tools allow stakeholders to access tailored insights. 

This expands OEE from a traditional performance metric into a tool for supporting 

continuous improvement. 
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The empirical part of this study is conducted in a global manufacturing company operating 

in the medical technology industry. The production environment consists of collaborative 

robots working alongside humans and industrial robots operating in fully automated 

production lines. These robots are used for repetitive and precision-demanding tasks under 

strict quality requirements, which places high demands on reliability and consistency. The 

focal company has recently transitioned to a cloud-based data infrastructure, which enables 

improved access to machine-generated data. Despite these technological improvements, a 

systematic use of robot data for performance monitoring and operational decision making is 

limited. This creates a need for a scalable monitoring system to monitor and improve robot 

performance across production lines. 

1.2  Objective and scope 

This study addresses the need for a structured performance measurement system for 

production robots in a modern manufacturing environment. As manufacturing environments 

are increasingly equipped with automation, the importance of utilizing performance data is 

emphasized to get the most benefit from new technologies. After recent changes in the focal 

company’s data infrastructure, the data of production robots has become more accessible, 

but its utilization in performance monitoring and decision-making has not yet been 

implemented.  

The primary objective of this study is to design, develop, and evaluate an automated OEE-

based performance monitoring system for production robots. The objective combines not 

only the technical challenge of implementing an automated measurement system but also 

the practical need to present performance information in a form that supports continuous 

improvement. The resulting artefact is an interactive dashboard that transforms raw robot-

level data into meaningful insights for different levels of detail.  

To achieve this objective, the research focuses first on understanding the informational and 

decision-making needs that robot performance reporting must address. These needs guide 

the specification of what type of performance information is required and at what level of 

detail. Based on these requirements, the study examines how an automated OEE dashboard 

can be implemented using machine-generated data. Particular attention is paid to the visual 

design of the dashboard to ensure its use is efficient.  
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The research is guided by the following research questions: 

RQ1. What are the organization’s needs for robot performance reporting system? 

RQ2. How can an automated OEE-based performance measurement dashboard be 

implemented for production robots using machine-generated data? 

RQ3. How can robot OEE information be visualized in a dashboard to best support 

actionable insights for end users? 

The scope of the study covers production robots operating in manufacturing environments 

with varying levels of automation. The study focuses on performance measurement, data 

utilization, and visualization rather than modifying the physical production process or robot 

programming. Instead, it aims to create visibility that enables production improvement 

actions to be identified and prioritized. In this thesis, the term machine-generated data refers 

to automatically captured operational data produced by production robots. The research aims 

to create a practically relevant and methodologically grounded solution that enhances 

performance visibility and supports continuous improvement.  

1.3  Research methodology 

This research uses a Design Science Research (DSR) approach to develop and evaluate an 

artefact that supports performance measurement for production robots operating in semi-

automated and fully automated production environments. The artefact developed in this 

study is an OEE-based performance monitoring dashboard, which translates robot-level data 

into performance indicators and visual insights for operational decision-making. DSR is 

well-suited for this purpose, as it allows the design and evaluation of a practical solution 

while grounding the artefact in relevant theoretical knowledge and empirical insights. In this 

way, the final solution is both academically robust and meaningful for stakeholders involved 

in automation and performance management. (Johannesson & Perjons, 2021) 

To guide the design of the artefact, theoretical concepts were supplemented with qualitative 

insights gathered through semi-structured interviews with key stakeholders. The objective 

of these interviews was to identify user needs related to the artefact’s intended purpose, 

required content, performance indicators, and the preferred visualization and interaction 

features. The interview data was analyzed using thematic analysis to identify recurring 
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patterns and expectations, which were subsequently translated into concrete design 

requirements for the artefact.  

The data supporting the artefact is collected through a streamlined data pipeline that transfers 

raw robot-level data into a format suitable for OEE-based performance measurement. 

Production data is initially captured at the robot-level and routed through Kepware, which 

standardizes communication and ensures consistent forwarding of relevant robot data across 

diverse industrial equipment (Parker, 2021). The data is then ingested into Azure Data 

Explorer, where it is stored and structured to support reliable querying. Finally, the processed 

dataset is connected to Power BI, where the OEE measures and related visualizations are 

implemented as part of the dashboard. A detailed description of the system architecture and 

execution steps is provided later in Chapter 3. 

In accordance with the focal company’s policies and the AI guidelines of LUT University, 

Microsoft Copilot was employed during the research process to support document 

structuring, idea generation, and the improvement of clarity, text flow, and academic writing 

style. In addition, Microsoft Copilot was used to assist in understanding complex technical 

concepts during the empirical stages of the research and to support the structuring and 

categorization of themes identified from interview transcripts. 

1.4  Structure of the research 

This research consists of five chapters, including introduction, overall equipment 

effectiveness, methodology, results, and conclusions. In structured research, each chapter 

builds upon the insights and findings of the previous chapter, enabling the seamless 

progression of the research flow. The structure of the thesis is outlined Table 1.  
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Table 1. Structure of the research. 

Input Chapter Output 

Practical need for improved robot 

performance visibility in the 

focal company and research 

motivation related to automated 

monitoring. 

1. Introduction Defined research objective, 

scope, structure, methodology, 

and research questions. 

Literature on OEE, six major 

losses, automated data collection, 

and dashboard visualization 

principles. 

2. Overall equipment 

effectiveness 

Theoretical framework for 

automated OEE performance 

monitoring and dashboard 

design. 

Theoretical framework and 

research methods. 

3. Methodology Methodological foundation for 

requirement elicitation through 

interviews, development logic, 

demonstration, and the 

evaluation of the dashboard 

artefact. 

Theoretical requirements, 

interview findings, and 

developed dashboard artefact. 

4. Results Validated dashboard artefact, 

requirement coverage results, 

demonstration findings, and 

deployment recommendations. 

Theoretical findings, empirical 

results, and research questions. 

5. Conclusions Answers to the research 

questions, discussion of the 

findings, limitations, and 

recommendations for further 

research. 

 

The introduction chapter establishes the foundation of the thesis by presenting the research 

background, problem statement, objectives, research questions, scope, and research 

methodology. The second chapter develops the theoretical background by examining OEE, 

its key components, its role in improving operational efficiency, automated performance 

data collection, and dashboard visualization principles. The third chapter describes the 

methodological framework of the study, including the research design, data preparation, 

OEE calculation logic, semi-structured interviews and their analysis, artefact development, 

and evaluation strategy. The fourth chapter presents the empirical findings and the developed 

artefact by defining the dashboard requirements, demonstrating its functionality and 

visualization logic, and evaluating its performance against the identified requirements. The 

final chapter synthesizes the results by answering the research questions, discussing the 

findings in relation to previous research, addressing the study limitations, and outlining 

directions for future research. 
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2  Overall equipment effectiveness 

This chapter presents the theoretical foundation for the study by examining key concepts, 

measurement principles, and technological developments underlying OEE. This chapter 

aims to clarify how OEE is defined and measured and how automated data collection and 

dashboard visualization principles influence its practical implementation. These theoretical 

insights provide an analytical basis for the subsequent empirical study and guides the design 

requirements of the OEE dashboard artefact developed in later chapters. 

2.1  Definition and key metrics 

OEE is a performance measure used to calculate the actual effectiveness of a manufacturing 

process, first introduced in Total Productive Maintenance (TPM) (Bhosale & Jadhav, 2025; 

Willmott & McCarthy, 2000). OEE combines availability, performance, and quality into a 

single metric that reflects the proportion of planned production time that is truly productive. 

The OEE formula is as follows: 

OEE = 𝐴 × 𝑃 × 𝑄   (1) 

where A is availability, P is performance and Q quality (Willmott & McCarthy, 2000). 

Availability measures the proportion of planned production time during which the equipment 

is operating. It captures the time lost due to breakdowns, adjustments, setups, and other 

unplanned stoppages. Moreover, planned production time does not include preventive 

maintenance, meaning that availability focuses specifically on unexpected downtime. This 

makes availability a measure of the system’s ability to work without interruptions. (Jonsson 

and Lesshammar, 1999) 

Availability (A) is calculated as: 

𝐴 =
𝑇plan−𝑇down

𝑇plan
× 100%   (2) 

where Tplan is planned production time and Tdown is unplanned downtime (Willmott & 

McCarthy, 2000). 
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A high availability value indicates that the equipment is rarely stopped unexpectedly, and 

that maintenance, setups and other stoppages do not significantly interrupt production. 

Conversely, low availability highlights operational instability, frequently occurring failures 

or ineffective changeover practices. By including planned maintenance in the denominator 

of the availability formula, provides a more realistic picture of actual availability and may 

encourage reducing planned stoppages through improved tools in maintenance planning 

(Jonsson & Lesshammar, 1999). 

Performance measures how quickly the equipment is operating compared to its ideal cycle 

time (Bhosale & Jadhav, 2025). It accounts for speed losses, minor stoppages, and idling 

(Willmott & McCarthy, 2000). Performance can be described as the ratio between the 

equipment’s actual operating speed and its theoretical maximum. This way, deviations 

caused by slow cycles or interruptions too short to be classified as downtime, are captured. 

Performance (P) is calculated as: 

𝑃 =
𝑡ideal×𝑁tot

𝑇oper
× 100%   (3) 

where tideal is ideal cycle time per unit, Ntot is total units produced and Toper is operating time 

(Willmott & McCarthy, 2000). 

The ideal cycle time used in performance measurement is the cycle time that the machine is 

designed to achieve at 100 per cent. Total units produced represents output including defects, 

and operating time is total available time minus unplanned stoppages. There are different 

ways to define performance, for example, De Groote (1995) defined it as the deviation from 

planned output within a fixed time, but both aim to measure how efficiently production time 

is converted into output. (Jonsson & Lesshammar, 1999; Willmott & McCarthy, 2000) 

Quality measures the proportion of output that meets specification (Bhosale & Jadhav, 

2025). It reflects the effectiveness of the production process in generating defect-free units. 

Traditionally, OEE quality focuses only on defects occurring near the equipment and does 

not account for quality losses that appear downstream (Jonsson & Lesshammar, 1999). This 

makes it a subjective but operationally practical measure. 

Quality (Q) is calculated as: 

𝑄 =
𝑁tot−𝑁def

𝑁tot
× 100%   (4) 
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where Ndef is number of defects (Willmott & McCarthy, 2000). 

Low quality rate highlights issues in material variation or operator practices that lead scrap 

or rework. Although expanding the definition of the quality component to include 

downstream quality losses would provide a more comprehensive view of actual process 

performance, Jonsson and Lesshammar (1999) note that such an expansion complicates 

interpretation and makes it difficult to assign responsibility for quality deviations. For this 

reason, the traditional, equipment-focused definition remains the standard in OEE practice. 

Jonsson and Lesshammar (1999) established ideal benchmark values for world-class 

manufacturing performance as follows: availability > 0.90, performance > 0.95, and quality 

> 0.99. When combined, these ideal component levels result in: 

OEE = (0.90 × 0.95 × 0.99) × 100% ≈ 84.6%  (5) 

This corresponds to an OEE above 85%, which has been widely adopted as a benchmark for 

world-class manufacturing (Jonsson and Lesshammar, 1999). However, Koç and Eryürük 

(2025) emphasize that OEE performance is highly dependent on the characteristics of the 

manufacturing sector. According to the study, industries with high automation commonly 

achieve OEE values above 85%, while labor-intensive or heavily regulated industries, such 

as medical technology, typically reach lower OEE levels. 

2.2  Overall equipment effectiveness as a tool for operational efficiency 

OEE has long served as a fundamental metric for evaluating manufacturing productivity, 

and its significance has only grown as production systems have become increasingly 

automated and data driven. Seedao et al. (2025) emphasise the importance of high machine 

uptime for achieving optimal performance in both fully and semi-automated production 

environments. In addition, advanced automated manufacturing systems are sophisticated and 

expensive, making it crucial to maximize their productivity through robust performance 

measurement. In this context, OEE has emerged as one of the most widely adopted 

frameworks, due to its ability to systematically quantify losses and thereby providing clear 

visibility into the factors that limit equipment performance (Muchiri & Pintelon, 2008). The 

identification and classification of the primary sources of productivity losses is possible with 
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OEE, which in turn enables manufacturers to diagnose inefficiencies, prioritize improvement 

actions, and systematically improve operational performance. (Mathur et al., 2011) 

In addition to its diagnostic value, OEE can improve operational decision-making 

(Nachippan & Anantharam, 2006). Effective management of production lines requires the 

establishment of appropriate performance metrics that support timely decisions, which, for 

example, OEE provides (Binti Aminuddin et al., 2016). By converting complex production 

performance into a single indicator, OEE enhances managers’ ability to analyze production 

line performance, identify losses and bottlenecks, and benchmark processes both internally 

and against competitors (Nachippan & Anantharam, 2006). Furthermore, OEE contributes 

to continuous improvement and benchmarking by providing a systematic method for 

evaluating performance over time (Nachippan & Anantharam, 2006). Its applicability across 

different organizational levels, ranging from unit assemblies within a production line to 

plant-wide performance benchmarking, enhances its strategic utility. 

Beyond its decision-support value, OEE also serves a broader role in supporting 

organizational excellence. Research shows that OEE not only quantifies the effective 

utilization of machinery but also enhances operational performance by improving 

communication, workforce engagement, and overall workflow coherence (Binti Aminuddin 

et al., 2016; Singh et al., 2021a). These elements are closely aligned with the foundational 

principles of TPM and lean manufacturing (Binti Aminuddin et al., 2016). Including OEE 

in these improvement philosophies signifies its dual role as both a measurement system and 

a behavioural driver, guiding organizations toward world-class performance. 

The advent of Industry 4.0 and smart manufacturing has further enhanced the value of OEE. 

Advancements in the Industrial Internet of Things (IIoT) now enable automated, high-

frequency data collection form sensors, controllers, and interconnected machines, 

significantly improving the accuracy, timeliness, and completeness of OEE calculations 

(Bhosale & Jadhav, 2025). Raharno et al. (2025) further emphasize that IIoT‑driven 

automated collection, processing, and visualization of machine‑state information accelerates 

decision‑making and strengthens OEE’s role in modern manufacturing. 

Modern technologies, such as data-driven AI and advanced analytics, have shown a great 

potential in anomaly detection and predictive maintenance, and they can reduce downtime 

while identifying bottlenecks earlier than OEE alone (Mattioli et al., 2020; Rakholia et al., 
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2025). Alongside these advancements, several extended performance measures have gained 

importance. Overall Resource Effectiveness (ORE) is a framework that expands upon the 

OEE framework by incorporating labour utilization, planning efficiency, and resource 

coordination, offering a broader perspective (Eswaramurthi & Mohanram, 2013). In addition 

to ORE, industry practice increasingly refers to complementary metrics to cover a broader 

perspective of production systems. One such metric is Total Equipment Effectiveness 

Performance (TEEP), which shows how much output the machine gives compared to what 

it could produce if it ran total calendar time. Another is Modified Overall Equipment 

Effectiveness (MOEE), which considers utilization and customer demand impact the real 

efficiency. (Bhosale & Jadhav, 2025) 

Despite the existence of broader and often more sophisticated alternatives, OEE maintains 

its position as a foundational and widely adopted metric. Its strength lies in its simplicity, 

interpretability, and alignment with continuous improvement practices. As Bhosale and 

Jadhav (2025) emphasize, the value of the collected data is determined by how effectively it 

can be transformed into actionable insights that can solve real operational problems. In the 

context of Industry 4.0 environments, OEE functions best as a part of wider ecosystem 

comprising real-time data, analytics, and AI-driven tools. 

2.3  Six major losses 

Availability, performance, and quality, the components of OEE, are directly influenced by 

the six major losses defined in the TPM framework. These losses can be chronic or sporadic 

and represent activities that absorb resources but create no value (Jonsson & Lesshammar, 

1999). Chronic disturbances are typically small, hidden, and complicated because they are 

result from several concurrent causes. Conversely, sporadic disturbances are more obvious 

since they occur irregularly, and their dramatic effects often lead to serious problems. 

However, Dal et al. (2000) note that chronic disturbances often lead to high costs because 

they are repeated and difficult to identify, as they are often accepted as the normal state of 

the process. Willmott and McCarthy (2000) state that OEE improves only when the root 

causes of these losses are recognized and eliminated. This view is supported by Jonsson and 

Lesshammar (1999), who emphasize that the identifying losses is the primary objective of 

OEE. 
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The six major losses are grouped according to the OEE component they affect, forming 

downtime losses, speed losses, and quality losses (Muchiri & Pintelon, 2008). While the 

OEE percentage provides a macro-level picture of how effectively the equipment operates, 

the six major losses explain why performance deviates from its ideal value. Understanding 

how OEE components relate to these losses is crucial for continuous improvement, as 

meaningful diagnosis and corrective actions require decomposing OEE into micro-level loss 

categories to address complex problems (Singh et al., 2021b). The six major losses and their 

relationship to OEE components are illustrated in Figure 1. 

 

 

Figure 1. Six major losses relation to OEE (modified from Muchiri & Pintelon, 2008). 

 

Downtime losses reduce the proportion of operating time during which equipment can 

operate and are used to calculate machine availability (Dal et al., 2000). The first category, 

equipment failure, refers to time losses when productivity is reduced, and quantity losses 

caused by equipment failure or breakdown. These losses result in unplanned stoppages and 

require corrective maintenance. The second downtime loss is setup and adjustment losses, 

which arises from the activities required to prepare the equipment for production. This type 

of loss may occur in product changeovers, tooling adjustments, calibration, or trial runs after 

maintenance. (Muchiri & Pintelon, 2008) 
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Speed losses determine the performance of a machine and occur when the machine is running 

but operates at lower than its theoretical speed (Dal et al., 2000). Idling and minor stoppage 

losses captures frequent short interruptions. Although they are repaired quickly, a lot of 

capacity is lost due to their frequency. Reduced speed losses refer to situations where 

equipment operates continuously but below its ideal cycle time. Speed losses are generally 

difficult to detect without automatic data collection and time-stamped machine information, 

which explains why they are often underestimated in traditional reporting systems. (Muchiri 

& Pintelon, 2008) 

Quality losses are defined as losses resulting from defects (Dal et al., 2000). Scrap and 

rework are caused by malfunctioning production equipment and must be scrapped or 

reworked. These losses are often linked to process variability or material inconsistencies. 

The final category, startup losses, occurs in the early stages of production from machine start 

up to stabilization. Although startup defects are sometimes excluded from quality analysis, 

TPM literature emphasizes their importance as repeated startups can significantly degrade 

quality performance over time (Dal et al., 2000; Muchiri & Pintelon, 2008). 

In practice, categorizing production losses using six major losses framework supports 

decision-making by transforming OEE performance into concrete operational loss causes. 

In the short-term, this enables prioritization of improvement opportunities based on their 

impact on OEE, supports root cause analysis, and encourages cross-functional collaboration 

to resolve equipment issues. To further support prioritization, several studies apply Pareto 

diagrams alongside the six major losses (Herry et al., 2018; Kifta & Putri, 2021; Lane, 2009). 

Based on the Pareto principle, which states that 80% of outcomes come from 20% of causes, 

Pareto analysis helps focus improvement efforts on the most impactful loss categories 

instead of dealing with equally important problems (Kifta & Putri, 2021). Over time, the 

framework contributes to a stronger culture of continuous improvement. It has also observed 

to help organizations achieve broader strategic objectives, such as cost reduction, quality 

improvement, and enhanced safety, by reducing equipment malfunctions. (PTC, 2024) 

Several studies emphasize that sustainable improvement of OEE is achieved not by 

maximizing the values of individual components separately, but by systematically reducing 

the dominant losses affecting the system (Muchiri & Pintelon, 2008; Herry et al., 2018). 

Earlier research reports, which were based on manual data collection, often resulted in 

complex measurement practices and, particularly for speed losses, relied only on counting 
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loss frequency (Dal et al., 2000). However, in modern manufacturing environments 

automated data collection and loss classification enable more accurate near real-time 

visibility into losses, making it easier to target improvements. This development has 

strengthened OEE’s role as an operational decision-support tool rather than only as a 

performance indicator. 

2.4  Data collection approaches for overall equipment effectiveness 

Industry 4.0 technologies have transformed data collection for OEE from manual logging 

toward automated, real-time data acquisition (Seedao et al., 2025). Traditionally, OEE data 

has been collected manually by operators, which is both time-consuming and prone to 

inaccuracies due to human error (Zhou et al., 2020). Studies of semi-automated lines further 

indicate that a substantial share of idle time is linked to operator activities, which underlines 

the importance of capturing human and machine interactions directly from equipment states 

and related context to support accurate attribution of losses (Hedman et al., 2016). Internet 

of Things (IoT) enabled monitoring improves process visibility and accelerates fault 

localization, enhancing the diagnostic value of OEE by making deviations apparent at the 

level of the six major losses rather than only in aggregated indicators (Mendes et al., 2023; 

Bankar & Nandurkar, 2023). 

In addition to technical infrastructure, it is essential to define what type of data is required 

for OEE calculation. By examining OEE through its components, availability, performance, 

and quality, the specific data requirements can be more clearly identified. At a minimum, 

data is required to calculate these three components, however more advanced analysis, such 

as root cause identification, requires broader contextual information. For availability, 

relevant data includes total production time, planned production time, operating time, and 

unplanned downtime (Bhimanpallewar et al., 2024). Unplanned downtime reduces 

availability and corresponds to the downtime losses introduced in Chapter 2.3. Therefore, 

detailed records of stoppages and break times are necessary for accurately adjusting OEE 

calculations and to identify issues affecting machine utilization (Bhimanpallewar et al., 

2024). As stated in Chapter 2.1, performance measurement requires data on total output and 

ideal cycle time, as it captures how efficiently production time is converted into output. 

Additional analytical value can be achieved by comparing actual cycle time to average cycle 
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time and ideal cycle time (Bhosale & Jadhav, 2025). For quality, the essential data is the 

proportion of good units produced relative to the total output. However, collecting 

production volume data over time improves contextual understanding by clarifying the 

overall impact of defects on the total output and efficiency of the system (Olalere & 

Ramdass, 2024). Together, these data types allow linking robot-level observations to the six 

major losses discussed in Chapter 2.3, thereby supporting root-cause analysis.  

The ISA-95 hierarchy structures manufacturing operations into conceptual levels: field 

instrumentation control (level 1), process control (level 2), manufacturing operations 

management (level 3), and business planning and logistics (level 4), thereby illustrating how 

information flows from equipment to enterprise-level systems (ANSI/ISA‑95.00.01‑2025). 

In this study, the primary focus is on levels 0-3, where data accuracy and timelines typically 

range from seconds to days. Figure 2 below illustrates the ISA-95 hierarchy model and its 

role in structuring the robot-level data flow toward higher-level systems. 

 

 

Figure 2. The ISA-95 control hierarchy and corresponding IT infrastructure of an industrial 

enterprise (modified from Czvetkó & Abonyi, 2023). 
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At the lower levels of ISA-95 hierarchy from 0 to 2, near real-time data exchange between 

field devices is enabled through fieldbus and industrial Ethernet communication 

technologies. Fieldbus systems such as Profibus are used to connect field devices such as 

sensors and actuators and control systems. In parallel, Ethernet technologies, such as 

Ethernet/IP (Internet Protocol), extends Ethernet capabilities to support near real-time data 

exchange and it’s widely used communication protocol in industrial automation systems. Its 

advantages include high-speed communication and seamless integration with popular 

standard Ethernet infrastructure. (AlMadhoun, 2025) 

To ensure accurate data collection from machines, modern data collection methodologies 

use Programmable Logic Controllers (PLCs) for automated acquisition of time‑stamped 

machine states and production counts required for OEE computation (Bobeica et al., 2025). 

PLCs are used in industrial automation to control and monitor processes (AlMadhoun, 

2025). PLCs operate at the machine-control level, where they process inputs from ISA-95 

level 0 sensors, enabling the distinction between operating time, short stoppages, and 

downtime relevant to availability and performance.  

To transfer the collected data reliably beyond the cell, Open Platform Communications 

(OPC) provides a standardized framework for interoperable data exchange between 

industrial automation systems at ISA-95 level 2 and higher-level software applications at 

ISA-95 level 3 (AlMadhoun, 2025). OPC is a widely adopted communication protocol due 

to its standardization, interoperability and broad vendor support (AlMadhoun, 2025; ABB, 

2025). OPC specifications are divided into two main categories: OPC Classic and OPC 

Unified Architecture (OPC UA) (AlMadhoun, 2025). 

OPC Data Access (OPC DA), introduced in 1995 as part of the OPC Classic specifications, 

focuses on near real-time access to production data. OPC DA is based on a client-server 

architecture and supports reading, writing, and subscription updates of real-time data from 

PLCs. Due to its maturity and efficient near real-time performance, OPC DA remains widely 

used in various industries. However, its reliance on Microsoft Distributed Component Object 

Model (DCOM) technology limits platform compatibility to only Windows OS (Operating 

System). (ABB, 2025) 

OPC Unified Architecture (OPC UA), released in 2006, is an advanced evolution to OPC 

Classic and provides a platform-independent, service-oriented architecture (ABB, 2025). 
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OPC UA integrates the functionalities of various OPC Classic sub-specifications, including 

data access, alarms and events, and historical data (AlMadhoun, 2025). These features make 

it particularly valuable in loss analysis and performance diagnostics (AlMadhoun, 2025). In 

contrast to OPC DA, OPC UA offers enhanced security and improved scalability, making it 

better suited for modern industrial systems that require secure and platform-independent data 

exchange (ABB, 2025). 

In addition to OPC-based communication, Message Queuing Telemetry Transport (MQTT) 

is a widely used lightweight messaging protocol for transferring data from industrial control 

systems toward higher levels of the automation hierarchy. MQTT is publish/subscribe-based 

protocol designed for efficient data transmission in low bandwidth and resource-constrained 

environments, and can operate even in unreliable networks (Naik, 2017; AlMadhoun, 2025). 

It follows a broker-based architecture in which data-producing clients publish messages to 

topics and consumers subscribe to topics of interest (AlMadhoun, 2025). Due to its 

lightweight design, flexibility in data formats, and scalability across large numbers of 

devices, MQTT is well suited for communication between ISA-95 levels 2 and 3, where 

operational data from control systems are transferred to manufacturing operations 

management layer (AlMadhoun, 2025; Zhou et al., 2020).  

Real-time data collection generates large volumes of data that quickly exceed the capabilities 

of traditional schema-on-write databases, leading many manufacturing organizations to 

adopt data lakes instead (Sawadogo & Darmont, 2021). A data lake is a large-scale system 

capable of storing, managing, and analyzing data in any format within the manufacturing 

operations management layer (Sawadogo & Darmont, 2021). This makes it well suited to 

storage industry telemetry that varies significantly across machines and sources. In such 

environments, data lake functions as a central repository of raw, unprocessed data that users 

can query directly when needed (Ramchand & Mahmood, 2022). This structure supports 

flexible recalculation of availability, performance, and quality metrics when time frames or 

reporting logic change, while still enabling real‑time access to machine‑specific histories. 

A complementary approach for handling these large volumes of operational data is the use 

of a data-on-demand architecture, in which data are accessed and processed only when 

required rather than continuously streamed or pre-aggregated (Sawadogo & Darmont, 2021). 

In this model, raw machine data remain stored in the data lake at ISA-95 level 3, while 

higher-level metrics are computed dynamically using cloud-based queries. This approach 
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reduces the need for pre-defined tables and minimizes unnecessary data movement. 

O’Donovan et al. (2015) highlight that industrial cloud pipelines particularly benefit from 

this scalability, because smart manufacturing environments contain an unpredictable number 

of sensors and rapidly growing data volumes, which makes scalable on-demand computing 

essential. Similarly, Xu (2012) emphasizes that cloud-centric manufacturing architectures 

perform best when storage and computation are kept separate, allowing analytics to scale 

independently of data growth. By combining centralized data storage with on-demand 

computation, manufacturers gain a flexible approach for recalculating availability, 

performance, and quality metrics without requiring redesign of data infrastructure.  

2.5  Operational dashboards for OEE 

In Industry 4.0, highly efficient production is based on automation and data sharing (Kaundal 

et al., 2024). Dashboards use visual elements to provide simplifications to numerous data 

points, so that users can efficiently get an overview of the most relevant information (Bach 

et al., 2023). Transforming the OEE calculations to insights that supporting improvements 

needs an effective way to share the data. Real-time OEE monitoring can provide an 

automatic alert system, a real-time analytics dashboard, and increased production line 

transparency (Kaundal et al., 2024).  

Dashboards are used in organizations to monitor conditions, facilitate understanding, and 

support decision-making (Wexler et al., 2017; Janes et al., 2013). Pauwels et al. (2009) 

highlight four key purposes for dashboards. First, a dashboard ensures consistency in 

measurement procedures across business units, ensuring compliance with best practices. 

Second, a dashboard helps monitor performance. Pauwels et al. (2009) emphasize the role 

as an early indicator of performance, when a dip occurs, corrective action can be taken. 

Third, a dashboard may use to plan strategies. Strategy planning with dashboard can be done 

following long-term trends and tracking progress. Balanced scorecards can be helpful to 

develop a dashboard that support strategy planning. Fourth, a dashboard can be used to 

communicate to important stakeholders. Selection of Key Performance Indicator (KPI) 

metrics communicates not only what the performance is but also what the organization 

values as performance by the choice of a metrics on the dashboard. In the context of OEE, 
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these purposes merge into a single requirement for rapid, consistent visibility that aligns 

actions with what the organization values. 

In this study, we focus on operational decision-making dashboards intended for operational 

decision-making, as OEE is an operational performance metric that supports quick actions 

to improve availability, performance, and quality. Accordingly, the next step is to consider 

how the page itself should be organized so that these decisions are naturally supported. 

Dashboard layouts can typically be divided into five different categories as shown in Figure 

3 below (Bach et al., 2023). These layout patterns describe how groups of components, so-

called widgets, are arranged within a single page. Proper arrangement can maximize the 

usefulness of limited display space and improve the effectiveness of information exchange, 

thereby improving the usability of the system (Lin et al., 2023; Sadana & Stasko, 2016). In 

operational OEE use, this arrangement determines whether the most critical metrics are 

detected first and whether the diagnostics related to them are intuitively grouped. 

 

 

Figure 3. Page layout designs (modified from Bach et al., 2023). 

 

In practice, dashboard layouts vary widely depending on their intended use. Open layouts 

arrange widgets freely, without strong sematic meaning to position or proximity, giving each 

element roughly equal importance. Stratified layouts, in contrast, arrange content vertically 

from top to bottom, enabling the designers to highlight most important information at the 

top of the page. Table layout structures widgets into meaningful rows and columns, 

supporting comparison between facets of the data. Grouped layouts cluster widgets that share 

a conceptual relationship to help users perceive them as a unit. Finally, schematic layout 

arranges widgets according to underlying structure, such as a process flow. Importantly these 

layout patterns are not mutually exclusive. Dashboards frequently combine several patterns 

to balance emphasis and interpretability. (Bach et al., 2023) 



29 

 

 

However, dashboards are not always limited to a single view. Many modern solutions use 

multipage, tabbed, or otherwise interactive structures, where different pages contain 

visualizations related to distinct aspects of decision-making or additional more detailed 

information. Interactive dashboards allow users to explore more complex data through 

dynamic interfaces, filter data, drill down into specific data points, and combine data from 

multiple sources into a single view (Joseph & Kärri, 2025). In operational OEE monitoring, 

such interactivity is important because it gives users the ability to move from high-level 

performance indicators toward detailed explanations of availability, performance, and 

quality (Chen et al., 2021). This can be achieved using features such as drilldown or 

drillthrough, which are available for instance in Microsoft Power BI (Microsoft, 2026a).  

Drill-down navigation enables users to expand or collapse a visual within the same page, 

allowing them to reveal progressively more detailed data without navigating away from the 

current view (Bach et al., 2023). In contrast, drill-through navigation takes the user to a 

separate, dedicated page that displays detailed information related to a selected summary 

value. Since detailed data is retrieved only when the drill-through page is opened, drill-

through reports generally require lower resources compared to drill-down functions. These 

features link the high-level OEE signal with its underlying causes without overloading the 

main page. 

While these interaction techniques support a clearer structuring of information by separating 

high-level indicators from underlying details, they also introduce additional steps for 

navigation. Dividing content across multiple pages can make it difficult to grasp the overall 

information at once (Sarikaya et al., 2019). Consequently, the design of the dashboard must 

carefully consider the hierarchical structure. Decisions regarding which elements should be 

immediately visible, and which should be revealed through interaction affect how easily 

users can understand the dashboard and manage their cognitive load.  

Continuing to the overall structure of a multiple page dashboard, which plays important role 

in how users understand and navigate its content. Structure patterns in Figure 4 describe how 

multiple pages relate to one another when designs go beyond a single view. Most dashboards 

are based on just one page, which often requires additional techniques, such as overflow 

handling, detail-on-demand, or parameterization so that all necessary information can be 

shown within limited screen space. When dashboards contain multiple pages, the 

relationships between these pages can follow different structural patterns. Parallel structure 
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replicates similar layout across multiple pages, for example, when the different departments 

share the same format but display their own data. In some cases, this can be combined with 

hierarchical structure, especially when pages represent units that follow organizational 

hierarchy. A fully hierarchical structure is commonly used to support drill-down navigation. 

Some dashboards use open structures that do not follow a clear hierarchy but instead reflect 

other relationships between the pages. (Bach et al., 2023)  

 

 

Figure 4. Dashboard structure design patterns (modified from Bach et al., 2023). 

 

Having established how pages and navigation structure the user interaction, the next section 

focuses on how visual encodings and interactions make OEE deviations noticeable and 

details easily accessible. Chapter 2.6 transforms these structural choices into concrete color 

decisions, interaction techniques, and visualization types suitable for OEE monitoring. 

2.6  Visualization and interaction principles for OEE monitoring 

Dashboards are used at different levels within an organization to visualize widely differing 

things, so design principles founded effective in one dashboard may not necessarily apply to 

others. For example, operational decision-making dashboards prioritize rapid access to 

critical meters, whereas communication-focused dashboards often require a specific 

narrative or logical ordering to convey a message clearly. Likewise, strategic decision-

making dashboards need support for flexible review and temporal aggregation, which are 

irrelevant in for static and operational views. These differences underline that dashboard 

design solutions are highly context-dependent and cannot be universally transferred to 

different clusters. (Sarikaya et al., 2019) 
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Overuse and poor application of colors introduce cognitive overload, causing users to take 

longer interpreting information (Bera, 2016). Moreover, the research shows evidence that 

high contrast or unnecessary colors pull visual attention toward irrelevant elements, which 

delaying understanding. As well as excessive or competing color can interfere effective 

decision making. Therefore, the dashboard color scheme should be carefully considered to 

ensure that the dashboard serves its purpose most effectively. According to Wexler et al. 

(2017), colors in data visualization should be used only three primary ways: sequential, 

diverging, and categorical. Additionally, color can be applied for highlighting certain 

elements or alerting the reader about something important. These five uses of color are 

illustrated in Figure 5. A sequential color scheme uses a single color from light to dark, 

which shows, for example, how the total number of faults is distributed among robots. 

Diverging color is used to visualize two different extremes and a neutral midpoint. It differs 

from sequential color scheme with only two ranges of measure. Categorical color scheme is 

used when visualizing quantities by category that need to be distinguished from each other. 

If something needs to stand out to the reader without alerting, it can be done with highlight 

color. Alert color is used when the reader’s attention is needed, for example, in the case of 

poor quality. In practice, by combining a shared color palette throughout the dashboard, 

clarity is maintained across the pages. (Wexler et al., 2017) 

 

 

Figure 5. Use of color in data visualization (Wexler et al., 2017). 

 

Bach et al. (2023) broaden this view by analyzing color usage at the dashboard level. They 

note that dashboards often apply data encoding schemes, sequential, diverging, and 

categorical, but also shared color schemes to maintain consistency across multiple views, 

semantic color schemes to convey good and bad states, and emotive color schemes used for 

aesthetic or infographic dashboards. Their findings support the idea that color works not only 

as a data encoding variable but also as a tool to reinforce meaning or consistency across 
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entire dashboard. For OEE dashboard, the consistent use of colors for KPIs and machine 

states reduces uncertainty when navigating from the overview to the details. 

Taken together, these design principles emphasize that effective dashboards are not solely 

defined by visual aesthetics but by how well they support the cognitive demands and 

operational objective of intended users. For OEE particularly, the need for rapid 

interpretation and a clear emphasis on threshold values place strong requirements on visual 

encoding. Colors should guide attention to deviations in availability, performance, or quality, 

and navigation to details should be seamless. A well-designed structure helps users navigate 

between different levels of detail and understand how information is organized, even when 

handling complex data. This creates a foundation for certain visualization choices that have 

proven effective particularly in OEE monitoring and more generally in operational decision-

making dashboards. 

Gauge charts have been found effective way to visualize OEE and its key components in 

dashboards environments (Bhimanpallewar et al., 2024; Hadi et al., 2025; Kaundal et al., 

2024; Yuan et al., 2021). Their strength in operational dashboards is based on the ability to 

show ideal targets and warning thresholds using color-coded segments, allowing users to 

quickly identify deviations from expected performance (Sarikaya et al., 2019). In addition 

to gauge-based summarization, categorizing downtime losses according to the six major 

losses and linking these categories to the components of OEE, help to better understand the 

reasons behind a low OEE percent (Kaundal et al., 2024; Yuan et al., 2021). Together, these 

elements link the headline metric to the actionable drivers. 

More detailed insights can be provided by implementing a drill-through functionality, where 

dashboards include multiple pages. For example, Bhimanpallewar et al. (2024) have used an 

approach where buttons take you to four analysis tabs: overview, availability, performance, 

and quality. Another approach is to enable drill-through navigation directly by clicking a 

specific data value, which automatically opens a dedicated page tailored for that metric 

(Kaundal et al., 2024). Both Bhimanpallewar et al. (2024) and Kaundal et al. (2024) also 

emphasize the benefits of providing downloadable reports, allowing users to export 

dashboard content for further processing. These interaction patterns keep the overall picture 

stable while making deeper evidence easily accessible. 
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Historical data visualization has likewise been found essential for conducting comprehensive 

OEE analyses. Microsoft Power BI has proven effective in supporting this type of analysis 

due to its ability to efficiently structure, filter, and visualize time-series production data 

(Kaundal et al., 2024). While real-time data flows play a crucial role in many OEE 

monitoring systems, Kaundal et al. (2024) emphasize that identifying bottlenecks and root 

causes often requires a detailed examination of historical trends, rather than solely relying 

on real-time indicators. Therefore, including charts that show longer-term OEE data is vital 

for understanding performance development patterns and guiding improvement actions.  

Human-centered design and implementation science methods are founded critical when 

developing sustainable and impactful dashboards (Rossi et al., 2025). Low user adoption 

rarely results from data being unimportant, rather, it is often a consequence of users 

struggling to interpret overly complex visualizations (Wexler et al., 2017). To address this 

challenge, Wexler et al. (2017) encourage designers to consider multiple techniques for 

visualizing time. For example, cycle plots are effective for visualizing hourly patterns, bar 

charts show the weekly trends and heat maps can be used for seasonal variation, where 

months are represented on the x-axis and days on the y-axis. Seasonal trends can be difficult 

to see in line charts because data spikes interfere with their interpretability. A Gantt chart is 

well-suited for different periods of events and is mainly used in project planning, whereas 

process bottlenecks can be visualized with a jump plot. (Wexler et al., 2017) 

User engagement is an essential part of dashboard success. Creating a personal connection 

between the user and the data increases the likelihood that dashboards will be used as 

intended (Wexler et al., 2017). However, the relevance of dashboards may diminish over 

time, leading to what Wexler et al. (2017) refer to as dead-end dashboards. It means that a 

dashboard was once useful, but over time users become accustomed to it because it does not 

provide any new insights and no longer fill user needs. Avoiding this situation requires 

continuous iteration, including regularly reviewing KPIs, tracking actual usage of 

dashboard, speaking directly with users to observe how they interact with the dashboard, and 

building starter dashboards that are allow personalization. Additionally, certain chart types 

such as bubble charts, radial bar charts, donut charts, pie charts, and word clouds are not 

recommended due to their limited interpretability (Wexler et al., 2017). 
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2.7  Chapter summary and transition to empirical study 

This chapter examined the conceptual foundations required for understanding OEE and its 

role in monitoring and improving manufacturing performance. The discussion outlined how 

the six major losses shape availability, performance, and quality, demonstrating how these 

components together form a structured approach to diagnosing equipment-level 

inefficiencies. This chapter has also shown how modern data collection architectures, 

ranging from PLC and Manufacturing Execution System (MES) integrations to IoT-enabled 

systems, improve the accuracy and timeliness of OEE measurement. 

In addition to data acquisition, this chapter reviewed design principles relevant to operational 

decision making. These principles include color use, layout structures, interaction patterns, 

and visualization techniques suited for threshold-driven metrics, such as OEE. These 

elements clarify how raw production data can be transformed into meaningful insights when 

embedded in an effective visual analytics environment tailored to different stakeholders 

needs. Figure 6 below synthesizes the theoretical concepts previously discussed in this 

chapter into a theoretical framework. 

 

Figure 6. Theoretical framework of OEE performance monitoring. 
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The theoretical framework illustrates how robot-level data from production robots is 

transformed to support operational decision-making through a four-layer structure. The 

lower layers describe the data generation and processing, including the acquisition of 

machine states, production counts, and the classification of downtime required for OEE 

calculation, while the upper layers focus on how processed performance information is 

presented and utilized for operational decisions. The framework illustrates a bidirectional 

relationship in which data-driven insights flow upward from production system toward 

decision-making, while decision needs guide dashboard design and data structuring. 

Together, these theoretical perspectives define the foundation for the subsequent empirical 

work. The framework defines the logic through which data, metrics, and visualization are 

aligned with decision-making objectives, and it guides the design and evaluation of the OEE 

dashboard artefact. The next chapter builds on this foundation by describing the empirical 

setting and outlining methodological approach through which theoretical insights are 

transformed into a practical artefact. 
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3  Methodology 

This chapter describes how the performance measurement artefact was developed. The 

artefact plays a key role in solving the research problem and meeting the objectives presented 

in Chapter 1. The research was conducted using the DSR framework, which provides a 

structured yet flexible approach for designing and evaluating an artefact intended to solve 

an identified organizational problem. 

3.1  Design Science Research 

DSR is a research methodology framework that includes five main activities, ranging from 

problem explication and requirements definition through designing and developing artefacts, 

and finally, to demonstration and evaluation (Johannesson & Perjons, 2021). A design 

science project is always carried out in an iterative way, meaning that insights from any 

phase can lead to revisiting earlier phases. This iterative movement between activities, 

illustrated in Figure 7, enables continuous improvement and ensures that artefact evolves 

alongside increasing understanding of the problem. 

 

 

Figure 7. The phases of DSR (Johannesson & Perjons, 2021). 

 

According to Johannesson and Perjons (2021), an artefact is a human-made object with the 

intention of solving a practical problem. Artefacts can take many forms, including physical 

tools, drawings or guidelines. In the Information Technology (IT) area typical artefacts 

include algorithms, logic parameters, and dashboards. Regardless of form, artefacts serve 

the purpose of supporting people when they encounter problems. In this research the artefact 
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is an OEE-based performance measurement dashboard that supports daily management and 

continuous improvement across production lines. 

Explicate problem phase focuses on the thorough examination and definition of the 

practical problem. The problem must be precisely formulated and its relevance justified in 

practical perspective. This phase may also uncover the underlying causes of the issue. Case 

study methods such as interviews, observations, and document studies are commonly used 

to obtain in-depth understanding of the problem context. While such findings may be 

difficult to generalize if they are based on one local practice, they provide rich insights 

necessary for artefact design. (Johannesson & Perjons, 2021) 

Define requirements phase translates the identified problem into explicit demands for the 

artefact. Requirements typically cover the artefact’s functionality, structure, and 

environment. Semi-structured interviews are an appropriate method for requirement 

specification, especially when the artefact to be designed is not too complex or innovative 

(Johannesson & Perjons, 2021). In this research, thematic analysis is used to extract and 

categorize stakeholders’ needs into clear functional requirements for the dashboard. 

Design and develop artefact phase focuses on creating the artefact that addresses the 

explicated problem and satisfies the defined requirements. This includes specifying the 

artefact’s structure, components and functionality. Research methods used and the 

knowledge generated in previous phases guide the creation of a relevant solution 

(Johannesson & Perjons, 2021). In this research, the artefact is developed using real 

production data and downtime logs, and it is iteratively adjusted based on feedback and 

observed performance. 

Demonstrate artefact phase involves applying the artefact in a real operational setting to 

prove its feasibility. The purpose is to show that the artefact can be used in practice and that 

it provides value in the intended environment (Johannesson & Perjons, 2021). In this 

research, the dashboard is demonstrated and assessed for clarity, usability and alignment 

with the operational needs. 

Evaluate artefact phase assesses how well the artefact fulfils the defined requirements and 

to what extent it solves the practical problem (Johannesson & Perjons, 2021). This research 

evaluates the artefact in terms of usefulness, practicality, clarity of the performance metrics, 

and its potential contribution to improving operational efficiency. 
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DSR is well-suited to this study because the research aims to develop and refine practical 

performance measurement solution in a real production environment. The methodology 

supports designing an artefact that directly responds to an operational need while grounding 

the solution in theory. The iterative nature of DSR is particularly useful in an industrial 

context where new insights continually emerge as the artefact is tested in practice. Iterations 

allow real feedback to be considered, learning from practical applications, and progress 

towards a high-quality, stakeholder-validated solution. 

3.2  Problem explication 

The current problem lies in the challenge of leveraging robot data for systematic problem 

solving. Although robot data is continuously generated, issues with access, usability, and 

integration limit its value for operational diagnostics and continuous improvement. The 

reason for this is that the focal company does not yet have fully functioning OEE metrics 

due to recent changes in the machine data pipeline. 

Previously, machine data was collected via a Kepware server and stored locally in an 

industrial data historian, a database for time-stamped process data. This setup enabled fixed 

near real-time dashboards and the export of Excel reports. However, access to data remained 

limited with the historian. Occasional data access often required logging onto servers and 

dashboards were restricted to pre-defined displays that did not easily support broader 

analytical questions. The local historian has since been replaced by an Azure time-series data 

pipeline, which improves access to time-series data and enables interaction with Business 

Intelligence (BI) tools such as Power BI and Tableau. The objective of this ecosystem is to 

enhance investigations and analytics by moving toward a data-on-demand architecture. 

However, the transition period has resulted in a situation where the organization's established 

performance measurement practices, including OEE reporting, are not yet reliably 

implemented end-to-end. Figure 8 summarizes the transition from local historian storage to 

the Azure time-series pipeline, where the changes are shown in colors. 
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Figure 8. Transition from local historian storage to Azure time-series pipeline enabling BI 

integration. 

 

The updated pipeline retains the same data acquisition layer at the machines but replaces the 

local historian database with an Azure time-series architecture. In the new setup, data is 

forwarded from Kepware through edge-to-cloud pathway, after which events are processed 

and stored in Azure Data Explorer (ADX) to enable efficient querying of real-time data. This 

shifts machine data use toward a data-on-demand model, allowing access directly from BI 

environments.  

The problem was first identified through practical, day-to-day observations and later 

examined more systematically. In my previous position at the focal company, I became 

familiar with the production environment and the operational routines of semi-automated 

line. I observed that robot performance can create bottlenecks that significantly influence 

overall line efficiency, but the measured performance is not sufficiently transparent across 

the value stream and could be monitored more consistently. I also noted that, without 

systematic data on the frequency and duration of robot malfunctions, it is difficult to justify 

their broader impact on delivery performance. Regular discussions within the production 

organization further highlighted the need for more consistent use of machine data, even in 

semi-automated lines. These observations formed the basis for a more structured 
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investigation during the definition phase of this thesis. The focus was refined toward an 

OEE-based dashboard capable of providing near real-time performance visibility across 

roles. 

The limited ability to utilize machine data has several practical consequences for the 

production line. Because current practices lack functional OEE metrics across production 

lines, performance evaluation may to some extent be based on the observed efficiency of the 

robot rather than measurable evidence. This limits systematic evaluation, as the impact of 

improvements made by the automation engineers cannot be objectively measured, tracked 

over time, or compared across production lines. In addition, data access practices that require 

server logons and manual export steps slow down problem-solving when investigations are 

needed. As a result, analysis may become dependent on individual expertise and remain 

insufficiently visible across the value stream. Finally, insights are not equally accessible 

between user groups because visualizations are constrained by existing tools and are not 

broadly available through preferred BI environments, limiting who can use the data in 

decision-making. 

3.3  Requirement definition 

Semi-structured interviews were used in this research as the central data collection method 

for defining requirements of the artefact. Interviews are one of the most common approaches 

in requirement elicitation as stakeholders can directly express their needs, they consider 

essential for the artefact being developed. They are also an efficient way to identify a 

substantial number of requirements in a relatively short time, particularly when a single 

artefact must serve multiple user groups whose informational needs may differ. 

(Johannesson & Perjons, 2021) 

The interviews followed the principles of semi-structured thematic interviewing, in which 

predetermined themes guided the discussion while allowing room for flexibility. In thematic 

interviews the focus is on exploring selected topics rather than following a strictly 

standardized questionnaire, which enables interviewees to describe their experiences and 

interpretations in their own words (Hirsjärvi & Hurme, 2022). A semi-structured interview 

represents an intermediate form between structured and unstructured interviewing, providing 
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both consistency across interviews and the freedom to uncover user perspectives that may 

not have been anticipated in advance (Hirsjärvi & Hurme, 2022). 

In this research, semi-structured interviews were particularly appropriate as the development 

of OEE-based performance measurement dashboard requires both concrete requirement 

specification and a deeper understanding of the operational challenges faced by its intended 

users. The thematic structure ensured that all essential aspects were covered while still 

allowing interviewees to raise additional viewpoints during the discussion. To ensure a 

comprehensive understanding of user needs, five employees who were identified as potential 

end users of the dashboard were selected for the interviews. The participants represented 

three key user groups interfacing with automated production: automation engineers, 

supervisors, and plant management. Together they cover day-to-day troubleshooting, line-

level management, and plant-level decision-making. Table 2 below introduces the interview 

participants, their roles, and relevant background information used in the 

requirement-elicitation process. All interviews were conducted on-site in Finnish and 

recorded and transcribed in Microsoft Teams with the interviewees’ consent. The transcripts 

were later translated into English for analysis, with particular attention paid to preserving 

the original meaning of user expressions throughout the translation and coding process. 

 

Table 2. Interview participants. 

ID Role Experience Duration 

I1 Automation Engineer 4 years 24 min 0 s 

I2 Continuous Improvement Manager 12 years 31 min 24 s 

I3 Production Manager 4 years 20 min 47 s 

I4 Production Supervisor 2 years 32 min 18 s 

I5 Value Stream Manager 2 years 28 min 4 s 

 

To guide the semi-structured interviews and ensure comparability across sessions, the 

interview protocol was organised around five themes reflecting the key aspects of dashboard 

design. These themes focused on the objectives of dashboard use, desired filtering options, 

preferences regarding the dashboard structure, and views on deployment. Each theme 

included two to four example questions that supported the discussion but could be adapted 

according to interviewees’ responses, in accordance with the flexible nature of thematic 

interview. The interview structure is available in Appendix 1. 
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To understand the interview data and systematically derive requirements, thematic analysis 

was applied. Thematic analysis provides a flexible yet systematic method for identifying 

relevant patterns in qualitative data (Braun & Clarke, 2022). Its adaptability is particularly 

valuable in DSR, where the objective is to produce actionable knowledge to guide artefact 

development. The analysis follows a primarily inductive logic, as the initial codes were 

derived from the interview data rather than predefined categories. This is consistent with 

qualitative interview analysis, where the researcher can structure and interpret the data by 

identifying themes and meanings that emerge from the empirical material. (Hirsjärvi & 

Hurme, 2022) 

The analysis follows the logic of open coding, which is applicable in requirement elicitation 

when the goal is to break down raw interview data into meaningful units (Johannesson & 

Perjons, 2021). After transcription, the data were read iteratively to identify meaningful parts 

that were divided into segments and assigned short, descriptive codes. This process supports 

data-driven requirement identification by ensuring insights emerge from user expressions 

rather than predefined assumptions. Next, the resulting open codes were compared and 

combined into thematic groups across roles and interview topics. These groups formed new 

themes that inform the artefact’s functionality and information architecture. Finally, the 

consolidated insights were mapped to a prioritized set of requirements to guide subsequent 

DSR phases. 

  

 

Figure 9. Identified themes from interviews. 

 

Figure 9 above summarizes the identified themes from the interview data. These themes 

provide the framework for reporting the interview findings and for transforming them into 



43 

 

 

artefact requirements. The detailed results and the requirements derived from them are 

presented in Chapter 4. 

3.4  Artefact design and development 

In accordance with DSR approach, the artefact design and development phase creates an 

artefact that addresses the explicated problem and fulfils the defined requirements 

(Johannesson & Perjons, 2021). This phase focuses on the technical and methodological 

decisions required to construct the artefact, including the data flow from robots to Power BI 

and the design of the semantic model. While Chapter 4 presents the final dashboard views, 

this section describes how the artefact was designed and implemented. In the semantic model 

and dashboard implementation, monitored robots are represented using the generic term 

machine. In this study, these machines primarily correspond to production robots, but the 

generic naming convention was retained so that the dashboard can be extended to other types 

of production equipment in the future.  

Data sources 

The artefact is built on the updated machine data pipeline introduced in Figure 8 in the 

problem explication phase. The artefact uses data generated by production robots and 

captured through PLCs. This robot-level data is then forwarded to a KEPServerEX instance, 

an industrial connectivity platform provided by Kepware, using the OPC DA protocol, which 

enables near real-time data access in Windows-based industrial control systems. At the 

robot-level, this data transfer is facilitated through industrial Ethernet between PLCs and the 

connectivity platform. Although OPC UA supports wider range of platforms and offers 

improved analysis capabilities and technical features as discussed in Chapter 2.4, OPC DA 

was used in this implementation as it was the existing communication protocol and already 

supported by KEPServerEX. A communication protocol change would have required 

significant system modifications, which were not feasible within the time constraints of this 

thesis. 

In KEPServerEX, dedicated tags have been defined for each robot to represent its states, 

production counts, cycle times, and fault signals. Each production robot is represented by a 

dedicated OPC DA channel, enabling KEPServerEX to collect robot-specific data. Figure 
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10 illustrates the complete data pipeline used by the artefact, from the machines to cloud 

analytics and Power BI. 

 

 

Figure 10. Data pipeline for the artefact. 

 

An IoT gateway acts as a middle layer between factory-floor systems and cloud services. It 

is responsible for transmitting robot data to cloud platforms. The data is forwarded to cloud 

as event-based messages, which are published to the Azure IoT Hub via the MQTT protocol. 

The IoT Hub enables secure and reliable communication between IoT devices. This data is 

subsequently processed and stored in ADX, which serves as a central analytical data 

repository for the artefact. ADX enables the efficient querying of large volumes of machine-

generated data and supports a data-on-demand approach. The ADX cluster is connected to 

Power BI via DirectQuery, enabling queries to be executed directly against the source data 

at report runtime. This approach ensures that the visualizations reflect the most recent 

production data. In Power BI, the retrieved data is organized into a semantic dataset, where 

performance measurement logic is implemented and visualized. 

Event logic 

Defining a clear and consistent tag structure was a critical design phase, as the tags transform 

raw robot signals into standardized, time-stamped variables that can be utilized in higher-

level analytics. In total, 2,724 robot tags were available across 12 production robots, from 

which 600 tags were selected for the data model based on their relevance for OEE calculation 

and production analysis. Most of the selected tags consist of Boolean type fault signals 

indicating error conditions of each robot. In practice, fault tags enable the classification of 
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downtime events according to the six major losses introduced in Chapter 2.3. In addition to 

fault tags, other tags were compared between robots to identify common tags that represent 

relevant information. As a result, 21 tags were found, which were later used to create 

standardized dashboard views. These tags represent machine states, production counts, 

performance parameters, time components, and KPIs. Table 3 provides examples of selected 

tags and illustrates their role in the dashboard. 

 

Table 3. Examples of data tags used in the artefact and their role in dashboard. 

Tag category Example tags Description Role in the dashboard 

Machine state MachineStatus 

sdoCycleOn 

MachineStatus returns a 

number, which indicates 

the operating state of 

the robot. It’s calculated 

based on sdoCycleOn, 

which indicates whether 

the robot is on. 

Indicates whether the 

robot is running, idling, 

or stopped 

Production counts nTotalDone 

nTotalFailed 

nTotalPassed 

Running totals of 

produced units, good 

units and rejected units. 

Quality analysis. 

Performance parameters nExpectedRate 

nLastRate 

nAveShiftRate 

Metrics describing 

expected and actual 

cycle times. 

Production performance 

analysis. 

Time components nBreakTimeShift 

nDownTimeShift 

nPlanProdTimeShift 

nTotalTimeShift 

nUpTimeShift  

Time allocation during 

a shift. 

Availability analysis. 

KPIs nAvailability 

nOEE 

nPerformance 

nQuality 

nOEE_PreviousShift 

Calculated KPIs. Operating metrics. 

Fault information bFaultFlag 

bNoErrors 

FaultDescriptions 

Boolean indicators 

represent the presence 

or absence of fault 

condition, while 

descriptive tags provide 

textual information 

about a specific fault. 

Enables identification of 

faults and provides 

description for 

downtime events. 

Machine-specific fault 

signals 

e.g. 

bAirPressError 

bCollisionOccured 

bExecutionErr 

Binary signals 

representing fault 

conditions detected at 

robot-level. 

Enables detailed 

downtime identification 

and support analysis 

based on the six major 

losses. 
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The artefact was developed iteratively, with repeated refinements to tag definitions, and 

downtime classifications, as the requirements guided what we wanted to visualize. These 

iterations ensured the compatibility of the technical implementation, the theoretical 

framework, and practical needs. 

Semantic model 

The semantic model of artefact was designed using a mixed storage mode, combining 

DirectQuery and import modes within the data set. This design decision was motivated by 

the need of balance between a near real-time data availability and analytical flexibility. 

DirectQuery enables access to the most recent production data from the source system, 

which supports near real-time performance monitoring. However, DirectQuery imposes 

several constraints related to Power Query transformations and Data Analysis Expressions 

(DAX) functions, which limit the implementation of advanced calculations such as event 

duration analysis. In addition, the model becomes sensitive to data quality and scheme 

consistency, because even minor inconsistencies in may lead to query folding failures. 

Furthermore, DirectQuery typically results in slower visual performance, since each 

interaction creates a new query to the data source. (Microsoft, 2026b) 

In contrast, import mode allows data to be loaded into memory, which provides greater 

flexibility to data preparation and transformation. In this artefact, import mode was used to 

calculate durations for machine state tags. These calculations require advanced Power Query 

operations that cannot be executed in DirectQuery environment. However, import mode is 

limited by dataset size constraints, which can be quickly reached when working with large 

event-based datasets. 

For this reason, a mixed storage approach was used to leverage the strengths of both modes. 

The semantic model consists of four fact tables. FactProductionData is connected using 

DirectQuery and is primarily used across most of the dashboard visuals. However, 

DirectQuery limits complex transformations, such as fault duration calculations. To address 

this, additional fact tables were implemented using import mode. FactFaultSignals contains 

all fault signals with calculated durations, FactMachineStatus includes machine state 

duration analysis, and FactDowntime is used to calculate accurate uptime and downtime 

durations for each robot. The structure of the semantic model is illustrated in Figure 11. 
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Figure 11. Semantic model of the Power BI artefact. 

 

The semantic model follows a star schema design, where four fact tables are surrounded by 

dimension tables. Dimension tables provide more information for the fact tables and are used 

in slicers and visuals to provide machine or production line filtering across all datasets. The 

relationships between the tables are designed to be one-to-many cardinality type from 

dimension tables to fact tables. This ensures that slicers and filters consistently affect all 

related measures without creating conflicts between visuals.  

Measures 

The analytical capabilities are defined through a set of DAX measures that translate event-

based raw data into performance indicators. In Power BI, DAX measures are dynamic 

calculations used to analyze and aggregate data. These measures enable flexible reporting 

across different dimensions as they change depending on context. The calculation logic is 

based on categorizing the available tags into categories introduced in Table 3. Each category 

required a different approach to measurement, depending on how the underlying data was 

structured. 

Machine state durations, such as running, idle, and stopped times are derived from event-

based status signals. The calculation followed a sequential event logic, where the data is first 

sorted by machine, tag name, and event date. The dataset was then grouped by machine and 

tag name, after which an index column was added to enable row by row comparison. This 
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allowed the creation of next event date column for each event and the duration between 

consecutive events was calculated accordingly.  

Production counts were based on running totals. For these tags, the total productivity of 

selected period was calculated by subtracting the minimum value from the maximum value. 

This approach assumes that the counters increase cumulatively during usage period and reset 

only in predefined situations. In contrast, performance parameters, which describe the 

machine operating rates, include expected and actual cycle times at a certain point in time. 

This allows for the calculation of averages of the corresponding tag values. 

Time component metrics caused additional challenges due to their shift-based nature. These 

tags represent running totals that reset at the beginning of each production shift, which limits 

their direct aggregation across multiple shifts. As a result, these metrics are suited only for 

the availability analysis of a single shift, when the top row sorted by event date can be used 

to get the latest value of the tag value. Similarly, KPIs, including OEE, availability, 

performance, and quality are continuously updated, and the latest value can be used to 

represent the current state. 

Fault information, including detailed descriptive tags, was initially analyzed by counting 

occurrences and displaying tag values in string format in the dashboard. However, fault 

counts alone do not fully capture the impact on production. Therefore, the analysis was 

extended with duration measures. Boolean tags, indicating faults, were imported into 

separate fact table, where machine uptime and downtime durations were calculated using the 

same sequential event logic as applied in machine state analysis. To further enhance the 

analysis, robot-specific fault signals were stored in an additional fact table, enabling to 

calculate individual fault durations using the same methodology.  

Performance considerations 

To support efficient querying in Power BI, data filtering was distributed across multiple 

layers of the architecture. Filtering in data source was implemented using Kusto Query 

Language (KQL) queries in ADX. This approach follows the principle to push computation 

as close to the data source as possible, which reduces the amount of transferred data and 

improve overall query efficiency (Microsoft, 2026b).  

At the data ingestion level, only relevant tags were selected for transmission from the robots 

to ADX, which significantly limits the unnecessary data volume. Additional filtering was 
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applied directly in the source queries using KQL by restricting datasets to cover only the last 

seven days, which was considered suitable for robot-specific analysis and weekly reviews. 

At the same time, the overview page uses the latest available values to provide near real-

time view of current production. This separation reduced the need for dynamic date filtering 

in Power BI, which is inefficient when using DirectQuery or can cause query folding failures 

related to datetime parsing issues. In earlier stages of development, inconsistencies in the 

ADX and Power BI date format caused query failures, which highlight the importance of 

time-based filtering at the source level. The scalability of the semantic model allows the 

implementation of a date slicer later, if it considered necessary. Power Query was used for 

lightweight data preparation tasks such as data type transformations. More complex 

transformations, including event sequencing and column grouping, were implemented using 

import mode, which allows such operations to be executed.  

3.5  Demonstration and evaluation approaches 

The fourth phase of DSR is to present a use case that demonstrates that the artefact can solve 

a problem. It can be seen as a lightweight evaluation that does not address how well the 

artefact works. The evaluation, which is the fifth and final phase of DSR, on the other hand, 

assesses how well the artefact solves the problem and meets the defined requirements. 

(Johannesson & Perjons, 2021) 

The developed artefact was demonstrated in practical usage scenario that illustrate how the 

dashboard supports performance monitoring and root cause identification. The 

demonstration presents a use case of realistic situation where the user interacts with the 

dashboard to identify the most critical performance issues. It is based on a typical production 

monitoring task that a production supervisor or automation engineer might perform. The 

chosen scenario demonstrates the use of artefact in root cause identification, thereby 

verifying its feasibility. Multiple scenarios do not add value to the work because the purpose 

of the demonstration is to introduce the navigation method and fault analysis in a relatively 

simple dashboard. More advanced use relies on the expertise of automation engineers 

regarding fault situations. 

The evaluation of the artefact includes several complementary approaches, ensuring 

functionality and technical validity. The primary evaluation method was the evaluation of 
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requirement coverage, where dashboard features implemented were systematically 

compared to the requirements. This approach ensures that each requirement is addressed at 

least one feature of the developed artefact.  

User feedback was also used in the evaluation process. Feedback was collected through 

regular weekly meetings with key users throughout the design and development phase. 

Although the user requirements were derived from five semi-structured interviews, the 

weekly meetings enabled a broader user group to contribute to the refinement of the 

dashboard. While this feedback was not collected formally, it provided continuous support 

for the design decisions and helped ensure that the user interface evolved according to users’ 

expectations. This iterative feedback process supported the refinement of the dashboard 

functionalities and layout, particularly in terms of usability and the relevance of the 

presented metrics. However, the feedback should be interpreted as formative input for 

artefact development rather than as formal user validation. 

Technical validation was conducted to evaluate performance and responsiveness of the 

dashboard. The validation was carried out using Power BI’s built-in Performance Analyzer 

tool, which measures the loading time of each visualization and enables the identification of 

the slowest visuals and queries. Since the dashboard relies partly on DirectQuery and 

processes the data in near real-time, responsiveness was considered an important evaluation 

criterion. According to Doherty and Sorenson (2015), system responsiveness plays a critical 

role in user experience, and response times below 10 seconds can be considered acceptable 

as they do not significantly disrupt the workflow. Therefore, a 10-second response time 

threshold was used as the benchmark for evaluating technical performance of the dashboard. 

The analysis also made it possible to assess the impact of key design choices, such as the use 

of DirectQuery instead of importing the data, as well as the source-level filtering. These 

results were used in development phase to focus on optimizing inefficient queries and 

improve the performance and responsiveness of the entire dashboard.  

Together, the demonstration and evaluation of the artefact provide a comprehensive 

assessment. The demonstration scenario verifies the practical usability and analytical value 

of the artefact, while requirement coverage analysis confirms that the artefact is aligned with 

predefined objectives. User feedback during development ensures real-world applicability, 

and technical validation confirms that the artefact functions adequately within the chosen 

architecture’s constraints. 
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4  Results 

This chapter presents the empirical findings of the conducted qualitative research and the 

resulting artefact design. The interview findings have been structured according to the five 

themes identified in data analysis. From these findings together with the literature, the final 

artefact requirements were derived. The chapter then describes the dashboard design 

decisions, demonstrates its usability, and reports the evaluation results. Finally, based on the 

interview findings and evaluation results, a deployment and sustainment plan is outlined for 

integrating the dashboard into the production environment. 

4.1  Interview findings from thematic analysis 

The interviews were analyzed using thematic analysis, resulting in five themes that capture 

the user needs. Chapter 3.3 describes how the themes were defined. The key findings of each 

theme are presented in turn below. 

Operational visibility and trust in data 

Across the interviews, participants described a broad visibility gap that limits both daily 

management and long-term improvement activities. Interviewees I1 and I2 mentioned a prior 

system used for robot efficiency monitoring which is no longer functioning after changes in 

data pipeline. Also, the support for the previous tool was poor and the entire system was left 

unfinished. This has led to a situation where operators collect the efficiency data of robots 

manually. I2 highlighted the disadvantages of manual data collection: 

“Manual entry is not ideal; the data should be captured automatically. 

Estimates of line stops are also inaccurate because they are recorded manually 

by operators. Understanding the full extent of the problem is challenging, as 

measurement data is not available.” (I2) 

I1 complemented this view by mentioning that, without a plant-level view, awareness of 

problematic robots depends largely on operator feedback and occasional checks at the robot 

interface: 
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“If an operator tells me that a particular robot is having a lot of problems, I 

can check the information from the FlexPendant [a handheld robot operator 

unit]. Robot monitoring data is not currently compiled anywhere, so the 

number of errors is based on the operators’ experience.” (I1) 

This causes unnecessary manual work and undermines confidence in accuracy and 

completeness of event histories. I4 mentioned that they attempted to use an Andon system 

to quantify how robot problems affect throughput, so the corrective actions could be taken. 

However, it did not provide dependable visibility, leaving the team without a formal metric.  

 

Table 4. The most important metrics based on the interviews. 

The most important metrics Definition Interview evidence 

Overall Equipment Effectiveness Composite of Availability × 

Performance × Quality. 

“We do not currently have any 

kind of OEE calculation in use.” 

(I2) 

Availability % Share of planned production time 

the robot is running. 

I1 noted that availability is the 

most important metric. I5 states 

that availability is the fastest way 

to assess whether daily 

production is achievable. 

Performance % Actual cycle rate versus standard. I3 and I5 emphasizes visibility to 

performance with the target level.  

Quality % Proportion of good units out of 

total produced. 

I2, I3 and I5 want better visibility 

into the robots’ yield. 

Downtime Total time of unplanned stops 

over the selected period. 

Faults were intended to be 

prioritized according to the 

downtime they caused rather than 

by quantity. 

Production attainment Actual production compared to 

the target, presented with a clear 

target-gap difference. 

I5 asks for target-gap 

visualization, and I3 wants red 

and green to indicate the status. 

Top downtime causes The issues contributing most 

downtime over the selected 

period. 

I2 and I3 mention the Pareto 

chart as the company standard, 

from which the biggest can be 

seen. 

Stoppage count Number of stop events over the 

selected period. 

I1 and I4 emphasize the 

reflection of frequent short stops 

on the operator's burden. 

 

Table 4 lists the key metrics that emerged in the interviews for monitoring the efficiency of 

robots. Interviewees consistently emphasized the importance of a clear overview that 

immediately tells us, without navigation, whether we are on target, what the biggest issues 
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currently are, and what should be focus on. Based on the interviews, the preferred metrics 

and charts highly depended on user’s role. In general, supervisors and plant management 

want simplicity while engineers want depth. Simplified overview with only the most critical 

metrics were considered useful, whereas a robot-specific view can provide more detailed 

data on the reasons. 

Multiscale operational actionability 

Users want to immediately see whether they are on target and what to address first today. 

Several interviewees wanted to start the day by reviewing the robot efficiency and the biggest 

issues from yesterday. I4 emphasized the value of seeing the previous day’s prevailing 

automation issue. I1, I2 and I3 highlighted downtime as the most important metric alongside 

OEE, and they hoped that robot faults should be prioritized primarily by downtime rather 

than occurrence. 

Time frame preferences varied among the interviewers, although everyone agreed that a 

longer review period is necessary to distinguish symptoms from causes. I1 was interested in 

longer time frame, while I4 focused more on time frame within week. Plant management I2, 

I3, I5 wanted longer review period and their responses ranged from hourly monitoring to a 

full year. Since the responses varied according to the usage needs, the time filter must be 

easily adjustable according to preference. The time frame preferences are summarized in 

Table 5. 

 

Table 5. Preferred time frames based on the interviews. 

Preferred time frame Mentions in interviews 

This day I2, I3, I4, I5 

Yesterday I2, I3, I4 

Last week I1, I2, I3, I4, I5 

Last two weeks I2 

Last month I2, I3, I5 

Last three months I3, I4 

Last quarter I3, I5 

Last year I5 

 

I2 emphasized that continuous improvement needs longer time horizons to keep focus on the 

right issues. In practice, at least a week of data is required to reveal meaningful patterns and 

surface the most important problems. I5 warned against overinterpreting short time windows 
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and recommended a quarterly view to support decisions. I5 also noted that when processes, 

tools, or design changes occur, baseline levels should be reset to maintain comparability. 

Overall, this theme describes a multi-level approach to problem solving, which means that 

the artefact must support both short-term operational review and longer-term trend analysis. 

The previous day’s status serves as a trigger for immediate actions, and the longer-term trend 

helps to understand the magnitude of the problem and prioritizing the improvement needs. 

Granularity and traceability of problems 

Based on the interviews, the robot-specific level of analysis was considered the most 

important, as shown in Table 6. A line-specific robot view could additionally be good 

according to I1, I3, and I4, although I2 emphasized only the robot-specific analysis. I4 

illustrated how the interdependencies within a production line flow mean that disruptions 

either at the beginning or end of a sub-process can constrain output, which strengthens the 

need for representing also the production cell context. I5 complemented this view by 

emphasizing the need for visibility of root causes if the target level is the production line: 

“In my opinion, if we look at the level of the entire production line, the ability 

to differentiate between root causes decreases, because there are so many 

variables. If a production line is under target in terms of the efficiency of the 

robots, then there should be quite a lot of additional investigation to figure out 

which robot is causing the issue.” (I5) 

In addition, I5 pointed out that a process flow diagram or fishbone diagram could help in 

understanding how poor right-pass yield affects the efficiency of the entire production line. 

When data can be seen at different stages of the process, such as sub-assemblies, unit 

assemblies, and final assembly, it helps to understand the impact of a single robot on the big 

picture. On the other hand, I3 recommended classifying fault reasons using the six major 

losses to provide a structure for root-cause analysis but also facilitate comparability over 

time and across areas. 

 

Table 6. Preferred level of analysis based on the interviews. 

Level of analysis Mentions in interviews 

Robot I1, I2, I3, I4, I5 

Cell I4 

Line I1, I3, I4 
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When asked about the navigation approach, I2 preferred an overview that allows users to 

click on robot-specific pages with more detailed fault diagnostics. I4, on the other hand, 

emphasized a simple view that requires fewer clicks. Multiple charts and navigation to 

separate pages can make it difficult to quickly grasp the overall picture. I3 and I5 saw 

advantages in both, whereas I1 was more interested in more detailed data in addition to the 

summary metrics of the overview, and emphasized the need to access such details meetings 

to support analysis. However, everyone agreed on the need for a clear overview that shows 

whether we are on target and what the biggest problems are. Traceability of problems 

requires more than a single layer of granularity. Although no single navigation pattern 

emerged from the interviews, there was a consensus in favour of providing a clear overview 

with direct navigation to a detailed view. 

Usability and communication of status 

As the previous theme indicated, users want an overview that conveys the performance status 

at a glance leaving no room for interpretation. The idea of a clear overview is supported by 

I2 and I3, who suggested color-coding in red or green depending on whether the metric meets 

the target. Yellow, on the other hand, introduces ambiguity in recognizing the target but 

could function, for instance, as an indicator for planned robot stops. I5 added that the 

visualization method can be anything, as long as the target is clear to the user. Whether it is 

a trend chart or a KPI card, the user should be able to quickly grasp the target and gap without 

a calculator.  

The charts should mainly consist of Pareto charts, because that is the company standard and 

suits well for monitoring faults. Particularly, I2, I3, and I5 mentioned in the interview the 

usefulness of Pareto charts in observing root causes. Pareto charts reveal the biggest 

problems that should be focused on. I4 hoped, that the view would be easy to interpret and 

use. I2 emphasized the importance of benchmarking best practices to make the dashboard 

easier to understand. I3 pointed out simpler visualization methods, such as a pie charts, 

which illustrate the causes of downtime clearly. There were also many requests in general 

for a trend chart, as this supports problem-solving.  

Language preference divided opinions. I4 expressed a preference of having a Finnish option 

available when showing the dashboard in production line meetings. However, I5 considered 

English a natural choice due to the terminology and the presence of external guests. Using 
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insights from interviews and best practices from case studies creates standard visual patterns 

that help organizational problem solving without overwhelming less experienced users. 

Ownership, integration, and sustainment 

The interviews emphasized the importance of embedding the dashboard into existing tier 

meetings. Tier meetings have a standardized agenda, and participants bring up the problems 

they have observed, which are tried to be solved among the participants. An unresolved 

problem is escalated step by step to the next tier meeting until the problem is solved. I4 

supported including OEE in the tier 1 and tier 2 meetings of production lines and highlighted 

a concrete way of using it: 

“Currently, it is difficult for the robot operator to understand how many issues 

are acceptable to meet the efficiency targets for the robots. The robot operator 

could see directly from the dashboard what the biggest issue of the day was 

and why the targets were not met. It would be helpful if the operator could 

bring this information to the line meeting to discuss whether we are on target 

or not.” (I4) 

I2 mentioned the tier meetings for assemblers and suggested that a similar arrangement could 

be organized for the automation engineers, which was supported by I3 and I4. However, I2 

also expressed caution regarding immediate integration into current daily management 

system practices, noting that they might change both what is measured and how performance 

is monitored. Opinions were also divided on including OEE in tier 2, given that owners are 

not represented at tier 2 meetings. I3 considered tier 3 to be an appropriate level for the 

reporting and escalating any issues with OEE from previous day. I3 emphasized that OEE 

should be tracked at least monthly so that operational performance can be linked to plant-

level objectives. Everyone agreed that weekly reviews were at least a viable solution. I1 and 

I4 further developed the idea of a weekly meeting by noting that the presence of robot 

operators in the weekly meetings could help identify issues that are not visible in the data. 

I1 and I4 emphasize that frequently repeated short stops affect both the operator's workload 

and efficiency. Table 7 illustrates the dashboard deployment preferences of the interviewees. 
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Table 7. Preferences of OEE deployment based on the interviews. 

Implementation ideas Mentions in interviews 

Tier 1 (automation engineers & assemblers) I2, I3, I4 

Tier 1 (production line) I4, I5 

Tier 2 I4, I5 

Tier 3 I3, I5 

Weekly review I1, I2, I3, I4, I5 

Monthly operational review I3 

 

I2 and I3 mentioned that the planned ownership is one of their most important requirements. 

In addition, I2 warned that if maintainability and ownership are not planned, locally 

developed tools risk being left without support. Regarding the ownership of the dashboard, 

I3 expressed willingness to own it, but also mentioned supervisors of the automation 

engineers, assemblers, or gas engineers as alternative potential owners. I2 required that the 

thresholds be decided by the automation engineers together with their supervisor. To close 

each interview, participants listed their three most important requirements for the dashboard. 

Table 8 summarizes the responses and indicates where multiple interviewees raised the same 

need. 

 

Table 8. The most important requirements named by users at the end of the interviews. 

Most important requirements Mentions in interviews 

Access to data I1 

Downtime prioritized over defect count I1 

Automated data collection I2 

Clear overview and readability I2, I3, I4 

Enables continuous improvement I2, I3, I4, I5 

Maintainability and supportability I2, I3 

Scalability I2, I3 

Alignment with other projects I2, I5 

Key KPIs with targets and status I1, I2, I3 

Ease of use I4 

 

The responses highlighted the need for a dashboard that not only shows the metrics but 

enables problem solving and continuous improvement. Additionally, clear overview and 

readability considered important alongside KPIs with targets and status. The dashboard must 

be scalable and the maintainability and supportability planned. I2 and I5 also emphasized 

that the dashboard must take other ongoing projects into account, so that overlapping work 



58 

 

 

is not done. These themes raised in the interviews guide the selection of requirements in the 

subsequent section, which are then complemented with insights from the literature to 

produce a refined requirement set. 

4.2  Requirements for the artefact 

The purpose of this section is to translate the interview findings into requirements for the 

artefact. The requirements are defined in two stages. First, the key user requirements were 

identified from the interviews. These requirements reflect the needs that appeared repeatedly 

across roles and were considered essential for making the dashboard useful in practice. 

Second, the interview-derived user requirements were complemented with the insights from 

the literature. Table 9 summarises the user requirements derived from the interview analysis. 

 

Table 9. User requirements derived from the interview analysis. 

ID User requirement  Definition 

UR1 Automated data collection The dashboard should rely on automatically captured data so users 

can trust the accuracy and manual work does not create waste. 

UR2 Clear overview of target 

status 

A clear overview is needed with visible target status, gap, and 

visual communication of whether the process is performing as 

expected. 

UR3 Prioritization based on 

production impact 

Downtime should be emphasized rather than only the frequency of 

events. 

UR4 Flexible time filtering Users need both short-term views for daily follow-up and longer-

term views for continuous improvement. 

UR5 Robot-level analysis The robot should be the primary level of analysis. 

UR6 Simple usability with 

possibility to drill into details 

The dashboard should be easy and quick to use while still allowing 

deeper investigation of robot-specific problems when necessary. 

UR7 Support for improvement and 

sustainment 

The dashboard should be scalable, easy to maintain, and should 

align with other ongoing projects. 

 

The interviews provided a more detailed understanding of the current situation as well as 

what expectations that different user groups have for the future dashboard. While the 

interviewees approached the issue from different organizational roles, their responses also 

revealed several recurring needs that form the basis of the artefact requirements. Based on 

the interviews, users lack a shared view of robot performance, of which problems have the 

greatest production impact, and of whether corrective actions have improved the situation 
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over time. At the same time, the interviews showed that the dashboard is expected to serve 

multiple purposes. It should support the operational understanding of supervisors and plant 

management while also enabling more detailed investigation opportunities when needed. 

This makes the artefact both a performance monitoring tool and a problem-solving aid. 

The literature then helped to refine these user requirements further. The theoretical 

discussion of OEE dashboards and visualization principles presented earlier in the thesis 

emphasizes the importance of a clear hierarchy from overview to detail, explicit target 

communication, and the use of familiar visual patterns that support effective interpretation. 

The literature-based requirements presented in Table 10 describe how the artefact should 

present information in a consistent and sustainable way. 

 

Table 10. Requirements derived from the literature. 

ID Theory-derived 

requirement 

Definition 

TR1 Operational 

transparency 

The artefact should present performance in a way that immediately makes 

deviations, targets, and major losses visible and supports operational 

decision-making. 

TR2 Consistent 

visualization 

Coherent colors, layouts, and visual logic support rapid interpretation. 

TR3 Hierarchical and 

interactive structure 

Information should be organized from overview to detail, showing key 

performance signals first and enabling deeper analysis through filtering 

and navigation. 

TR4 User-centered design The dashboard should remain understandable, relevant, and useful for its 

intended users over time. 

 

Together, the interview-based user requirements and the literature-based requirements 

identify the key factors that shape the design of the artefact in the next DSR phase. Most 

importantly, the dashboard must be clear, user-friendly, and easy to interpret in operational 

environments where rapid interpretation is necessary. This also prevents the dashboard from 

becoming a dead-end reporting tool, which Wexler et al. (2017) warned about. At the same 

time, it must go beyond passive reporting by supporting decision-making and continuous 

improvement. This requires making performance gaps to target clearly visible, highlighting 

the most significant sources of loss, and enabling seamless navigation from a high-level 

overview to more detailed cause analysis. To preserve both usability and actionability over 

time, and to ensure sustained value creation, the artefact must also be supported by clear 
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ownership that allows it to evolve in response to future needs. Overall, these requirements 

provide the foundation for the dashboard functionality and visualization decisions presented 

in the following section. 

4.3  Dashboard functionality and visualization decisions 

The final dashboard was implemented as a multi-page Power BI dashboard solution designed 

to support both plant-level monitoring and more detailed operational analysis. This 

subsection presents the structural and visual design decisions made in the development of 

the dashboard. To protect the confidentiality of the focal company, the data shown in the 

figures is not real production data. Production lines are identified as L1–L3, and production 

robots are identified as R01–R12.  

Dashboard structure 

The structure consists of two main views: an overview page and a robot detail page. The 

overview page provides a near real-time summary of plant-level production performance 

across multiple robots and production lines, using the latest available values to support 

situational awareness. In contrast, the robot detail page enables more detailed analysis at the 

level of an individual robot over the last seven days, which was considered suitable for 

operational monitoring and weekly reviews. This distinction supports the intended use of the 

dashboard. The overview shows the current production situation to help users identify where 

attention is needed, whereas the robot detail page provides contextual analysis of the selected 

robot over the last seven days. The longer time window was selected to support continuous 

improvement, as the interview findings indicated that at least a week of data is needed to 

reveal meaningful patterns and the most important problems. The overview page serves as 

the default view of the dashboard and is presented in Figure 12. 
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Figure 12. Dashboard overview page. 

 

The design of the overview page follows a stratified layout, where key information is 

organised into three horizontal layers to support rapid interaction. The top row contains 

KPIs, including OEE, availability, performance, and quality. These metrics provide a quick 

overview of the current production status and are shown in red if the target level has not been 

reached. The middle layer of the page provides robot-specific information through 

comparative visualizations. OEE values are displayed across robots to highlight performance 

differences, while stacked column chart illustrates the distribution of losses into downtime, 

speed, and quality categories according to the six major losses. This enables users to not only 

identify underperforming robots, but also the losses contributing to reduced efficiency. 

The bottom layer focuses on prioritization of performance improvement actions through two 

Pareto charts. The first chart visualizes the distribution of total losses into the same 

categories as the stacked column chart, indicating the main loss category to focus on. The 

second Pareto chart illustrates fault analysis by duration, highlighting the most critical fault 

contributing to production losses in red. According to the Pareto principle, 80% of the 

cumulative duration of faults is emphasized to support targeted problem-solving (Kifta & 

Putri, 2021). In addition, the production line slicer in the top right corner can be used to 

display a specific production line. The purpose of the overview page is to provide a near 
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real-time view of the current production situation and help users detect, at a glance, where 

OEE is weak and whether the issue is mainly related to availability, performance, or quality. 

In this way, the overview page supports rapid identification of the areas that require further 

analysis. The robot detail page is presented in Figure 13 and provides robot-specific 

information for the selected robot over the last seven days, allowing users to focus on robot 

performance and fault causes in more detail.  

 

 

Figure 13. Robot detail page for fault analysis. 

 

Similar to the overview, the robot detail page follows a stratified three level layout design to 

maintain visual consistency. The top row contains the same KPIs as the overview page, 

which refers to a single robot in this view. In addition, a donut chart representing robot status 

has been added, illustrating the proportion of running, idle, and stopped production time. 

This provides immediate insight into the robot operating time.  

The middle layer presents the detailed analysis of the three OEE components. Availability 

is examined using a bar chart for comparing uptime and downtime, enabling users to identify 

the availability in hours. Performance is analyzed by comparing actual and ideal cycle times, 

which highlights the differences in production speed. Quality is presented as a stacked 

column chart showing the distribution of passed and failed units.  
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The bottom layer focuses on root cause identification. The loss Pareto and fault Pareto charts 

are consistent with those presented on the overview page, ensuring consistency across views. 

In addition, a fault table in the bottom row provides more information and occurrence counts 

for each fault. Together, these visualizations enable users to identify the most critical issues 

affecting a specific robot and understand their operational impact.  

Navigation between these views is implemented using drill-through functionality, which 

allows users move to detailed robot analysis by clicking a specific robot in the overview. 

The robot detail page can only be opened by drilling through from the overview, and 

switching to another robot requires returning to the overview using the navigation arrow and 

selecting a new robot in the overview. This design decision guides the user to focus on 

analyzing one robot at a time, without distraction from examining a new robot within the 

same view. This further promotes the purpose of the overview as a comparison and selection 

view, while the robot detail page provides a contextual deep analysis of a specific robot. 

Visualization design decisions 

The selection of visualizations was guided by both the user requirements identified in 

interviews and the principles derived from the relevant literature. The primary goal was to 

create a functional user interface that supports decision making in an operational 

environment in the best possible way.  

A key user requirement was the need for a clear overview with visible target level. This was 

addressed by placing the most important KPIs at the top of each view using gauge charts. 

These visualizations provide the actual and the target level of each KPI. Additionally, color 

coding was used to alert deviations from target level. Only red and green were used as a 

target status indicator as the interview results suggested. Highlighting was used in the loss 

Pareto to guide the user’s focus on the most important faults. For alerted and highlighted 

data points to stand out, it was important to keep the overall color scheme moderate. This 

was particularly difficult in a dashboard that combines alerts, highlights, and categorical 

color schemes.  

Prioritization based on production impact was another central user requirement. To address 

this, Pareto charts were used to visualize losses and faults based on duration rather than 

frequency. The loss categories used in the dashboard are derived from the six major losses 

introduced in Chapter 2.3 and indicate which OEE component requires improvement. 
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Instead of dividing the lost operating time into all six major losses, the dashboard groups 

losses into three OEE-related categories: downtime, speed, and quality losses. This design 

decision was made because the available robot tags did not allow all six major losses to be 

separated accurately in terms of duration. However, the grouping preserves the diagnostic 

logic of the six major losses by maintaining a direct connection between each loss category 

and the corresponding OEE component. In this way, the theoretical loss model was adapted 

to the practical data environment without overcomplicating the dashboard or reducing its 

usefulness for operational decision-making.  

The three loss categories are presented in the loss Pareto chart, which is included in both the 

overview page and the robot detail page, as shown in Figures 12 and 13. In the overview 

page, the chart supports plant-level prioritization by indicating which loss categories have 

the greatest impact on overall production performance. In the robot detail page, the same 

visual logic is applied to the selected robot, allowing users to see how the losses are 

distributed at the robot level. Downtime losses represent actual production stoppages caused 

by faults and are calculated based on the time during which a fault signal tag is active. Speed 

losses describe production performance inefficiency based on the deviation between actual 

and ideal cycle time. Quality losses are caused by defects and are converted into equivalent 

lost production time using the ideal cycle time. By expressing all loss categories in time, the 

chart enables their production impact to be compared and supports the prioritization of 

improvement actions. 

Consistency in visualizations was a key design consideration based on both user 

requirements and literature requirements. Consistent layout and chart types with the same 

color categories were used in both overview and robot detail pages to reduce cognitive load 

and improve interpretability. For example, KPIs and Pareto charts maintain the same 

structure and visual logic in both views, only the context is changing when users navigate 

across the views. The selection of chart types reflects the user-centered design. Simple and 

widely known visualizations with respect to company standards, such as bar charts and 

Pareto charts, were preferred to ensure that the dashboard is easily understandable.  
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4.4  Demonstration and evaluation results 

This section presents the results of the two final phases of the DSR. First, a use case is 

described to demonstrate that the artefact can solve the defined problem, which also serves 

as the first part of evaluation. Second, more strict evaluation assesses how well the artefact 

solves the problem and meets the requirements defined in Chapter 4.2.  

Demonstration 

To demonstrate the functionality and practical usability of the developed dashboard, the 

following analysis scenario was conducted. The purpose of this demonstration is to illustrate 

how the dashboard supports the identification of performance losses and enables root cause 

analysis for a selected production line through its hierarchical structure. Figure 14 illustrates 

the overview page, where production line L3 is selected using the slicer. 

 

 

Figure 14. Overview page filtered to production line. 

 

It can be observed from the overview page that the OEE share of 63% falls below its target 

value by over 20 percentage points. In addition, the KPI gauges at the top row highlight that 

the reduced OEE is primarily driven by poor availability. If comparing the OEE by machine 
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chart, robot R11 has lower OEE compared to other robots within the same production line. 

This observation enables user to quickly identify which robot needs further investigation. To 

analyze the problem more closely, the user selects the robot R11, which opens the detailed 

view of the robot shown in Figure 15. 

 

 

Figure 15. Robot detail page for an underperforming robot. 

 

In the robot detail page, the underlying causes behind low OEE become clearer when 

analyzing performance over a longer time horizon. The KPI gauges indicate that both 

availability and performance fall below the target level, with availability at only 47%. The 

machine state chart and availability analysis further confirm that robot uptime is significantly 

lower than the total planned production time and is nearly equal to downtime. This 

observation is supported by loss Pareto, which shows that downtime losses are the main 

contributor to the reduced OEE. The root causes of downtime can be identified using the 

fault Pareto, which indicates that downtime is driven by multiple fault types rather than a 

single dominant issue. The largest contributors are tester 1 errors, outfeed errors, pick errors, 

and collision errors which together account for approximately 80% of the total downtime. 

The number of faults can be examined from the fault descriptions table, which shows that 

pick errors occur most frequently. Collision error appears less frequently, indicating that 
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individual events are more time-consuming compared to more frequent but shorter-duration 

faults. 

This demonstration illustrates how dashboard supports a structured analysis process, guiding 

the user from a production line overview to a detailed root cause analysis. The user can first 

identify underperformance at the production line level and then isolate the robot that deviates 

from the average performance. As robots operate in different production environments with 

varying accuracy requirements, the target OEE level in the dashboard is based on the widely 

recognized benchmark for world-class manufacturing, but it may be adjusted depending on 

the specific requirements of the production line (Koç & Eryürük, 2025). 

Evaluation 

The evaluation combines three complementary methods to determine how well the artefact 

solves the explicated problem. The evaluation results are presented through a requirement 

coverage matrix, user feedback collected during development, and technical validation of 

the dashboard performance. Requirement coverage is assessed by mapping each requirement 

defined in Chapter 4.2 to its corresponding implementation. The results are presented in 

Table 11, where theory-derived requirements are marked as TR1–TR4 and user requirements 

as UR1–UR7. 

 

Table 11. Requirement coverage matrix. 

ID Description Artefact feature Evaluation 

TR1 Operational transparency KPI gauges, color-coding, Pareto charts. Met 

TR2 Consistent visualization Stratified layout, consistent color scheme and 

chart types across views. 

Met 

TR3 Hierarchical and interactive 

structure 

Overview and robot detail page with drill-

through navigation. 

Met 

TR4 User-centered design Simple layout and familiar visual types. Met 

UR1 Automated data collection Integration with ADX and Power BI. Met 

UR2 Clear overview of target status Target thresholds and color indicators, Met 

UR3 Prioritization based on production 

impact 

Loss and fault Pareto charts based on 

duration. 

Met 

UR4 Flexible time filtering Predefined time windows in fact tables. Partially 

met 

UR5 Robot-level analysis Robot detail page for a single robot analysis. Met 

UR6 Simple usability with possibility to 

drill into details 

Drill-through navigation and clear structure. Met 

UR7 Support for improvement and 

sustainment 

Designed to support changes in available 

robots. 

Met 
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The results indicate that the majority of defined requirements were fully met. One 

requirement, flexible time filtering, was only partially fulfilled due to technical limitations 

related to datetime parsing in Power BI. In the DirectQuery environment, inconsistencies in 

handling datetime data between the data source and Power BI led to errors when applying 

dynamic date filters. The issue appears to stem from different datetime formats used in ADX 

and Power BI, which need to be transformed in Power Query before the data used in visuals. 

Although the issue did not affect the accuracy of the data or the analytical functionality of 

the dashboard, it limited the flexibility of time-based filtering.  

As a practical solution, the robot-specific analysis data was restricted to the last seven days, 

which reflected the preferred time horizon identified in the interviews, and supported the 

stability of the dashboard. This was considered sufficient for the primary operational use 

case, as the interviews indicated that the most meaningful robot-related issues are more 

reliably identified from at least one week of data rather than from shortly observations. In 

addition, robot performance monitoring was not considered necessary for daily value stream 

tier meetings, which reduced the need for a separate previous-day view. Therefore, the 

seven-day view was considered appropriate compromise between analytical usefulness and 

the identified user needs. 

User feedback was collected throughout the development process as part of the evaluation 

phase, primarily through a weekly robot performance review, involving robot operator, 

production line supervisor, and automation engineers. This meeting was convened for a 

piloted production line to review the performance of the robots through the developed 

dashboard. These meetings served as a both communication platform for robot issues and as 

an opportunity to present early iterations of the artefact. The dashboard was shared to key 

users, which gave them the opportunity to familiarize themselves with it outside of meetings 

as well. The feedback enabled iterative refinement and revealed variation in users’ 

knowledge in automation metrics, which emphasized the importance of clear visual 

representations.  

Several improvements were implemented based on the feedback. The original light 

background color was replaced with a white background, as it perceived as visually 

distracting when the dashboard was displayed on a larger monitor. Faults were first mapped 

to categorizes because the similar faults can be named differently across robots, but it found 

to offer limited value since the users were only interested in real fault names. In addition, 
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the dashboard color scheme wanted to be moderate, and multiple fault categories distracted 

the highlighted data. Fault duration was preferred over fault count, which led to the decision 

to import specific fact tables for calculating accurate fault durations. Several tooltips were 

also added to the visuals to provide additional context. User feedback further indicated 

expectations regarding acceptable downtime levels and prioritization of faults, which was 

addressed by highlighting the 80 percent share of the total fault duration in Pareto charts to 

direct attention toward the most impactful issues. 

Technical validation of the dashboard was conducted using Power BI’s Performance 

Analyzer tool. The purpose of the validation was to measure the loading time of individual 

visuals and to assess whether the dashboard met the 10-second response time benchmark 

defined in the methodology. The results also provided insight into the effect of technical 

design choices, such as DirectQuery, imported tables, and source-level filtering. The results 

of the performance analysis are presented in Table 12. 

 

Table 12. Performance Analyzer results for dashboard visuals. 

Visual Response time (ms) 

Loss Pareto 5833 

OEE by Machine 4536 

OEE % 3768 

Availability % 3675 

Performance % 3551 

Performance analysis 2829 

Availability analysis 2740 

Quality % 2685 

Fault descriptions 2136 

Quality analysis 1686 

Fault Pareto 190 

Machine state 135 

 

The results show that all visualizations loaded within the predefined 10-second threshold, 

indicating acceptable dashboard performance. The longest loading time was observed for 

the loss Pareto, making it the only visualization that exceeded five seconds. Other visuals, 

such as the KPI gauges, also required several seconds to load, which is typical for 

implementations using DirectQuery. 
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The performance improvements observed can be linked to the architectural and data 

modeling decisions described in the methodology. In particular, limiting the amount of data 

had the most significant impact, as removing unused columns and values reduced processing 

time. Restricting the robot-specific analysis data to the last seven days approximately halved 

the loading times, while still supporting the intended use of robot detail page in weekly 

reviews. Additional improvements were achieved by executing filtering directly in the data 

source using KQL instead of Power Query, which reduced response times by approximately 

one second per visualization. 

4.5  Deployment and sustainment plan 

This chapter presents recommendations for integrating the developed dashboard into 

existing operational practices, based on findings from the interviews and the evaluation 

results. The focus is on ensuring effective deployment, defining usage context, and 

supporting long-term sustainment. 

The successful deployment of the dashboard requires its integration into the existing meeting 

structure. The interview findings proposed several possible usage contexts, ranging from 

daily tier meetings to monthly operational reviews. Tier meetings provide a structured 

approach for discussing and escalating identified production issues, making them a natural 

setting for the utilization of performance data. However, the ongoing changes in the daily 

management system introduce uncertainty regarding the immediate integration of the 

dashboard into current production line tier meetings. As a result, a more feasible starting 

point would be the tier meetings for automation engineers, which would also support 

maintaining awareness across all robots within the plant. 

Among the proposed deployment practices, weekly reviews were unanimously identified as 

a practical and effective solution. Weekly reviews provide longer time horizon for analyzing 

production performance, enabling the identification of the most significant issues that may 

not be visible in daily meetings. This approach requires production line supervisors to 

organize regular meetings involving key stakeholders, where automation related issues from 

the previous week were reviewed at the production line level. Depending on operational 

needs, these meetings may be held weekly or biweekly.  
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During this study, the weekly reviews followed a structured agenda:  

1. Updates on unresolved issues from the previous meeting 

2. Identification of the most significant issues during the past week 

3. Review of the robot-specific problems 

4. Evaluation of quality metrics 

Meeting notes were recorded using the comments pane within Power BI, which enabled the 

use of dashboard and the updates to be recorded in the same window. Including robot 

operators in these meetings, observed to bring additional value, as they can provide insights 

that are not visible in the data. For example, operators can describe specific robot behaviours 

during faults or highlight distracting short stoppages that may not be clearly reflected in 

metrics but can significantly impact operators’ workload. Based on the conducted weekly 

reviews, a duration of 30 minutes was considered suitable to go through the agenda with 

sufficient detail. 

To ensure the long-term functionality and sustainability of the dashboard, clear ownership 

must be established. Without defined ownership, there is a risk that locally developed tools 

may be left without maintenance and further development. To support the planned 

implementation of both the dashboard and the integration to the weekly review, it is 

recommended that the ownership of the dashboard is assigned to the production management 

level. Particularly, the production manager is suggested as the primary owner, supported by 

the domain experts.  

Despite the successful testing, broader deployment may reveal additional refinement 

requirements. For example, the use of DirectQuery, may lead to differing opinions due to its 

impact on response times, although performance was maintained within acceptable level. 

These considerations highlight the need for continuous monitoring and iterative 

improvement of the dashboard after its deployment. Especially in the early stages of 

deployment, it is important to make quick improvements so that the dashboard becomes part 

of existing processes. 



72 

 

 

5  Conclusions 

This chapter presents the conclusions of the study. The first sub-chapter summarizes the key 

findings and provides answers to the research questions. The second sub-chapter discusses 

the findings in relation to the theoretical background, and the final sub-chapter addresses the 

limitations of the study and suggests guidelines for future research. 

5.1  Answers to research questions 

This research examined the implementation of an OEE dashboard to address the lack of 

operational visibility into robot performance in the focal company. At the same time, the 

thesis provides a practical contribution to automated OEE monitoring by demonstrating how 

robot-level event data can be transformed into actionable performance information in a BI 

environment. The study reviewed recent literature on OEE and its implementation in 

manufacturing, including automated data collection and data visualization principles. These 

theoretical insights were combined with the interview findings, which identified the 

organization’s needs and defined the requirements for the dashboard artefact. In line with 

the DSR approach, the theoretical framework and empirical findings guided the artefact 

design and development. The first research question of the study was: 

RQ1. What are the organization’s needs for robot performance reporting system? 

The organization’s needs for robot performance reporting can be summarized into key 

content-related, functional, and usability requirements. The performance reports are 

primarily used by automation engineers, production supervisors, and plant management, 

which creates diverse requirements for reporting. The most important requirement is the use 

of automated data collection, which ensures the data accuracy and eliminates non-value-

adding manual work. Accurate data was identified as a prerequisite for trust in the system, 

thereby enabling reliable decision-making.  

Another requirement relates to content. The performance report should provide a clear 

overview of target status, allowing users to quickly assess whether performance is at the 

expected level. This includes the visualization of targets, deviations, and performance gaps 
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without overloading the interface, ensuring the dashboard remains easily interpretable. In 

addition, the content should emphasize prioritization based on production impact, where 

downtime and its effect on performance are highlighted over frequency of events.  

From a functional perspective, the system must enable time filtering, allowing users to 

switch between short-term operational views and long-term performance trends for robot-

level analysis. From a usability perspective, the performance report should maintain 

simplicity and ease of use. At the same time, it should support scalability and sustainment, 

meaning that the solution must be maintainable and aligned with existing organizational 

practices and development projects. Overall, these requirements highlight the need for a near 

real-time reporting solution that combines reliable data, actionable insights, and user-

friendly design. The second research question addresses the implementation of the 

dashboard: 

RQ2. How can an automated OEE-based performance measurement dashboard be 

implemented for production robots using machine-generated data? 

An automated OEE-based performance measurement dashboard for production robots can 

be implemented by connecting machine-generated data from the shop floor to a BI 

environment. In this study, the implementation was built based on the updated data pipeline 

of the focal company. Robot-specific data is collected from PLCs, transferred through 

KEPServerEX using OPC DA, routed through the IoT gateway to ADX using MQTT, stored 

in ADX, and finally connected to Power BI for reporting. The described architecture enables 

the conversion of raw robot signals into OEE-related metrics while supporting near real-time 

access to production data through DirectQuery. 

The selection of transferred robot tags was essential phase of implementation, as the amount 

of transferred data affects the dashboard performance. Of the 2,724 available tags, 600 tags 

were selected for the data model based on their importance for OEE calculation and analysis. 

These tags represent machine states, production counts, cycle times, KPIs, and robot-specific 

fault signals. The selected tags were used to display all dashboard visuals, including the 

components of OEE, availability, performance, and quality, while also allowing detailed 

analysis of stoppages and faults. Due to the event-based data format, visualizing a specific 

tag required the creation of a DAX measure in Power BI. Depending on the data type, DAX 

calculations were created for all relevant tags. Event durations were calculated using 
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sequential event logic by measuring the time between consecutive events. Production counts 

were calculated from running totals by subtracting the minimum value from the maximum 

value over the selected period. Other tags representing the current value of a specific 

parameter were calculated as averages.  

The Power BI semantic model was built using mixed storage mode to balance near real-time 

visibility and analytical flexibility. DirectQuery was used to display near real-time data, 

while import mode was used for tables that required more complex data processing, such as 

calculating the event durations. This design solution was necessary because DirectQuery 

does not support all Power BI features. The visualization decisions are discussed in the 

following research question: 

RQ3. How can robot OEE information be visualized in a dashboard to best support 

actionable insights for end users? 

Robot OEE information can be visualized most effectively by combining a clear high-level 

overview with the ability to examine robot-specific information more deeply. The findings 

indicate that different user groups require different levels of information. Plant management 

and supervisors need a simple overview of performance, whereas automation engineers 

require diagnostic information to analyze performance more detailed. Therefore, the 

dashboard was designed as a two-page Power BI report consisting of an overview page and 

a robot detail page. This design supports both situational awareness and root cause analysis. 

The overview was designed to indicate where performance is below target and what should 

be investigated first. To support this, the page follows a stratified layout, where the main 

KPIs, such as OEE, availability, performance, and quality, are placed at the top of the page. 

These KPIs are visualized with gauge measures, target levels, and status colors, allowing 

users to quickly understand whether the robots are operating as expected. However, the 

target values should be interpreted as configurable reference levels rather than standard 

requirements for all robots. The final thresholds should be defined separately for each robot 

according to process characteristics, automation level, and operational requirements. The 

middle section of the dashboard compares OEE across robots and shows how the losses are 

distributed into downtime, speed, and quality losses. The bottom section supports 

prioritization through Pareto charts, highlighting the most significant losses and fault reasons 

based on duration. 
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The robot detail page was built to provide deeper information about a single robot after an 

underperforming robot has been identified from the overview. It guides users to focus on 

one robot at a time, supporting systematic problem-solving. This view follows the same 

visual logic as the main overview to maintain consistency across views. In addition to the 

overview elements, it includes analysis charts for availability, performance, and quality, 

guiding users to identify improvement opportunities in each component of OEE. This allows 

users to move from a general OEE deviation to its underlying cause, such as downtime, 

speed loss, or quality loss. To emphasize prioritization based on production impact, losses 

and faults are primarily presented based on duration rather than frequency. However, more 

detailed fault descriptions and the ability to identify most recurring faults are also provided 

in the robot detail page.  

The dashboard also supports usability through a moderate color scheme and drill-through 

navigation. A categorical color scheme is used to distinguish different loss categories from 

each other. In addition, red and green are used to communicate whether the performance is 

below or above the target, while highlighting is used in the Pareto charts to guide attention 

to the most critical failure causes. User-friendliness was improved by using only familiar 

chart types that support quick interpretation. The drill-through functionality, in turn, allows 

users to continue to a deeper analysis when poor performance is detected, without 

overloading the overview page with excessive information. Overall, robot OEE information 

should be visualized through a hierarchical dashboard structure, where the most important 

information is presented first. Navigation should be consistent, and visuals easily 

interpretable. 

5.2  Discussion 

The developed artefact is based on the findings from previous research and the empirical 

interviews from the interviews. The findings of this study are mainly consistent with 

theoretical background. Previous literature describes OEE as a performance measurement 

method that combines availability, performance, and quality into a single indicator, while 

also supporting the identification of production losses behind decreased efficiency (Willmott 

& McCarthy, 2000; Jonsson & Lesshammar, 1999; Muchiri & Pintelon, 2008). The findings 

of this study support this view. Interview results indicated that users did not only need a 
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monitored OEE value, but also visibility into the components underlying OEE and the 

reasons behind performance deviations. Therefore, the developed dashboard reflects the role 

of OEE as a high-level indicator and as a tool for continuous improvement. 

The results also support previous research on the relationship between OEE and production 

loss analysis. According to Muchiri and Pintelon (2008), the six major losses explain why 

equipment performance deviates from its ideal level and link loss analysis to the components 

of OEE, as illustrated in Figure 1. In this study, the dashboard visualizes losses through 

downtime, speed, and quality losses, which correspond to availability, performance, and 

quality. This structure shows that the theoretical six major losses framework may need to be 

adapted when OEE is implemented using machine-generated data. Due to limitations in the 

available robot tags, not all six major losses could be accurately distinguished. Grouping the 

losses into three OEE-related categories was therefore seen as a practical compromise that 

helps to visualize which loss creates the most downtime, while keeping the dashboard 

understandable for the end user. Additionally, only one interviewee emphasized the 

classification of fault causes based on the six major losses, the findings suggest that users 

may need further training on how to use losses to improve OEE. 

The use of Pareto charts in the artefact is also consistent with previous studies, in which 

Pareto analysis is applied together with OEE and loss analysis to prioritize improvement 

actions (Herry et al., 2018; Kifta & Putri, 2021; Lane, 2009). Previous research emphasizes 

that Pareto analysis helps focus improvement efforts on the most significant losses rather 

than treating all problems as equally important (Kifta & Putri, 2021). This principle was 

reflected in the empirical findings as the interviewees emphasized the need to identify the 

issues with the greatest impact on production. As a result, losses and faults were visualized 

based on duration rather than occurrence. This finding supports the view that OEE 

dashboards should not only display performance values but also guide users toward the most 

important improvement opportunities.  

From a technical perspective, the dashboard implementation results support previous 

research on automated and near real-time data collection in measuring manufacturing 

performance measurement. Industry 4.0 technologies have changed OEE measurement from 

manual logging toward automated near real-time data acquisition, improving visibility and 

the accuracy of performance measurement (Seedao et al., 2025; Mendes et al., 2023; Bankar 

& Nandurkar, 2023). Similar needs also observed in the focal company, where limited 
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visibility in the performance of the robots and manual reporting created challenges for 

decision-making. The implemented data pipeline addresses this need by connecting 

machine-generated robot data from the shop floor to the BI environment. This supports the 

earlier observations that automated data collection can enhance transparency on performance 

data and practical usefulness of OEE monitoring.  

As mentioned in the previous research, dashboards are used to simplify large amounts of 

data, support monitoring, and facilitate decision-making (Wexler et al., 2017; Janes et al., 

2013; Bach et al., 2023). In this study, the dashboard was designed as a two-page report, 

where the overview provides a near real-time view of the current production situation and 

the robot detail page enables more detailed robot-specific fault analysis. This hierarchical 

structure aligns with the idea introduced by Bach et al. (2023) and Sarikaya et al. (2019) that 

dashboards should present the most important information at first, while allowing users to 

access more detailed information when needed. Drill-through functionality further supports 

this purpose by enabling users to move from the overview to detailed explanations of OEE 

components, which is also consistent with previous research on interactive dashboards 

(Joseph & Kärri, 2025; Chen et al., 2021). In addition, the use of a consistent visual logic, 

familiar chart types, moderate use of colors, and target-based status indicators supports 

clarity and reduces cognitive load, which are important principles in effective dashboard 

visualization (Wexler et al., 2017; Bach et al., 2023). 

Previous research emphasizes the importance of near real-time OEE monitoring for 

increasing production transparency and enabling rapid reactions (Kaundal et al. 2024). In 

this study, this principle was applied on the overview page. However, the interview findings 

also indicated that continuous improvement requires a longer time window to reveal 

meaningful patterns. Therefore, the robot detail page was designed to analyze the selected 

robot over the last seven days, supporting weekly robot performance reviews of each 

production line. If necessary, a longer-term trend view can be added later to support 

investigation of recurring performance issues over an extended period. Overall, the findings 

of this study demonstrate that an OEE-based dashboard can combine near real-time 

visibility, short-term analysis, and future scalability when previous research is adapted to 

user needs and the constraints of the existing data architecture. 
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5.3  Limitations and further research 

This study has some limitations that should be considered when interpreting the results. First, 

the implementation was constrained by the existing technical architecture. The initial part of 

the data pipeline relies on relatively old technologies, such as OPC DA and KEPServerEX. 

OPC DA is dependent on DCOM technology and is less suitable for scalable data transfer 

than newer alternatives, such as OPC UA. In addition, the dashboard artefact is dependent 

on the expected frequency and structure of data received from the robots, which were not 

modified in this study. This also means that the available robot tags affected what could be 

visualized in the dashboard. 

In particular, the available data did not support a fully detailed separation of all six major 

losses in terms of duration. For example, startup losses would have required additional data 

that was not reliably available from existing robot tags. Therefore, the dashboard was 

designed to preserve the diagnostic purpose of the six major losses framework by grouping 

losses into downtime, speed, and quality losses. This grouping limits the accuracy of loss 

classification but provides a technically feasible and interpretable structure for identifying 

which OEE component requires improvement. It is also in line with TPM framework, where 

OEE is improved through the identification of six major losses. In this study, simplified loss 

categorization improved usability and reflected the users’ need to identify concrete fault 

reasons rather than broader fault categories.  

Second, the number of interviewees was relatively small, and the findings may partly reflect 

individual opinions. Although the interviews provided valuable insights, differing responses 

could not always be directly translated into artefact requirements. Therefore, the theoretical 

framework was used to complement the user requirements. In addition, the requirements 

were supported by user feedback collected during weekly meetings, which enabled a broader 

user group to contribute to the refinement of the dashboard during development. Third, the 

timeframe of the study was limited, which may have affected the depth of the analysis. A 

longer timeframe would have enabled a longer artefact testing period and a more detailed 

evaluation with user validation.  

Future research and development should first focus on ensuring that the dashboard 

implementation proceeds as planned from both a technical and organizational deployment 

perspective. The main managerial implication is that automated OEE monitoring should not 
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be implemented only as a technical reporting solution, but as a part of regular management 

routine. Without clear ownership, review schedule, and agreed threshold values, the 

dashboard may become a passive reporting tool instead of guiding continuous improvement. 

Therefore, the implementation should include integrating the dashboard into existing 

meeting practices and defining appropriate OEE threshold values for each robot or 

production line in collaboration with automation engineers and their supervisors.  

After the dashboard has been used for longer period, further research should examine its 

long-term impact on operational visibility, decision-making, and OEE improvement. It 

would also be important to evaluate the purpose and usefulness of each visualization in 

practice and to assess whether the current dashboard should be expanded with additional 

data sources and drill-through pages. In the longer term, the current communication protocol 

may reach the end of its practical lifecycle, creating a need for more modern, scalable, and 

platform-independent data transfer solutions that better support future implementation 

projects. 
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Appendix 1. Interview themes and example questions 

Theme Example questions 

1) Background • How long have you been in your current role? 

• Do you currently track robot efficiency? How, and 

in which contexts? 

2) Objective • What observation should you be able to make within 

30 seconds when viewing the dashboard?  

• What is your role’s top three KPIs for robot 

operations?  

• What is the clearest way to show whether we are on 

target or not? 

3) Filters • Which time frames do you need: today, yesterday, 

last week, month?  

• Do you need hierarchical levels for robot, cell, and 

line?  

• Would a longer-term trend be useful, and for which 

parameters? 

4) Design • Which navigation approach fits best: single-page, 

drilldown, drillthrough, or scrolling?  

• Which chart types best support your decisions? 

5) Deployment • Where would the dashboard work best?  

• Which decision will be made in that meeting based 

on the dashboard? 

 


