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Abstract 

Digital Twin has been a trendy topic for half a century in the engineering field but has recently been 

criticized for its potential infeasibility. To approach the physical-virtual dual-connection goal, 

Digital Shadow has been prompted to organize the data into a virtual version for driving insights 

and supporting decision-making. In this thesis, a case study about human-centered digital shadow 

development was conducted in a wheel loader operator’s behavior analysis context. Specifically, a 

conceptual model was proposed for stakeholders to better understand wheel loader operators’ 

behaviors. In particular, we tested the model’s user expectations and confidence with two focus 

groups with a conceptual dashboard design based on this information model. According to the 

remarks from the user questionnaire, we found that our participants demonstrated higher 

expectations regarding operators’ performance assessment metrics in the model. Meanwhile, 

participants’ feedback proved an expectation of subjective emotion measurements and biometrics in 

the model for strengthening the human factors. Foremost, the thesis work provides the potential 

and contributes lessons regarding realizing a conceptual information model with the wheel loader 

sensory data into a dashboard for different human behavior analysis goals.   
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Sammanfattning 

Digital Twin har varit ett trendigt ämne i ett halvt sekel inom teknikområdet, men har nyligen 

kritiserats för att det inte är möjligt att genomföra det. För att närma sig målet om fysisk-virtuell 

dubbelkoppling har Digital Shadow uppmanats att organisera data i en virtuell version för att skapa 

insikter och stödja beslutsfattandet. I den här avhandlingen genomfördes en fallstudie om 

människocentrerad digital skuggutveckling i en hjullastarförares beteendeanalyskontext. Specifikt 

föreslogs en konceptuell modell för intressenter för att bättre förstå hjullastarförares beteenden. I 

synnerhet testade vi modellens användarförväntningar och förtroende med två fokusgrupper med 

en konceptuell dashboarddesign baserad på denna informationsmodell. Enligt kommentarerna från 

användarens frågeformulär fann vi att våra deltagare visade högre förväntningar på mätvärden för 

operatörernas prestationsbedömning i modellen. Samtidigt visade deltagarnas återkoppling att de 

förväntade sig subjektiva känslomätningar och biometri i modellen för att stärka de mänskliga 

faktorerna. Avhandlingens arbete ger först och främst potential och bidrar med lärdomar när det 

gäller att förverkliga en konceptuell informationsmodell med sensoriska data från hjullastare i en 

instrumentpanel för olika mål för analys av mänskligt beteende.   

Nyckelord 
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1 Introduction 

This chapter provides basic background information about this thesis work. In detail, it describes 

the formulation process of the research question, the definition of the objectives for the thesis work, 

and the whole structure of this thesis report. 

1.1 Background 

With the technological evolution and digitalization in the manufacturing industry, the Digital Twin 

has been a trendy topic with the definition of creating a virtual representation of a physical asset [1]. 

By utilizing advanced techniques like Internet-of-Things and Big Data, the Digital Twin applications 

enable users to simulate the physical working processes and provide more data-driven decision 

support for different stakeholders [3]. Recently, the construction industry also introduced Digital 

Twin applications to tackle the problem throughout the lifecycle phases of a development project 

[2]. Figure 1-1 illustrates that a commercial Digital Twin application can be a dashboard with 3D 

component features and various charts, indicating and predicting a pump’s physical conditions. 

 

 

Figure 1-1: A commercial Digital Twin application for pump usage [39].  

 

Powerful and potential though the Digital Twin idea is, it has been critiqued for its infeasibility 

and ambiguous definition [2-4]. More specifically, the digital asset changes, like a 3D model’s 

reconfiguration, can hardly be mapped to the physical object. Thus, Digital Shadow has been 

prompted to collect, relate, and exchange data in a structured fashion [5]. Figure 1-2 presents a 

Digital Shadow application as a business-focused dashboard that empowers data analytics. As 

illustrated in Figure 1-3, Digital Shadow differentiates from Digital Twin from the data flow 

perspective. In more detail, Digital Shadow supports the automatic Physic-to-Digital data flow but 

requires human effort for the Digital-to-Physical one. So, it only focuses on assembling and 

organizing the data into a tailored information model [6]. In that case, we can recognize the Digital 

Shadow as a narrowed and more realistic version of the Digital Twin, which can be implemented as 

data visualizations and analytics to provide insights for stakeholders.   
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Figure 1-2: A commercial Digital Shadow application for digital risk management [40]. 

 

Although lots of work has been done to virtualize physical assets, including machines and even 

factory infrastructures [6-8], there is limited attention put on human dimensions. Through human-

machine interaction, the operator manipulates the machine in specific manners to achieve a 

working goal. Thus, the human-machine interaction would be a valuable and crucial factor in the 

operating progress enhancement. Most studies in this field discuss human factors from the 

cognitive science perspective and aim at building a mental model to reason and predict human 

actions based on the specific surroundings and historical series of actions [9-10]. In short, they 

headed to simulate future human-machine interactions from the human perspective. However, how 

to evaluate the current human-machine interactions intrigued us. Therefore, this thesis explored 

utilizing objective data and information generated by human actions and inactions during human-

machine interactions to evaluate human behaviors. 

 

 

Figure 1-3: Data flow differences between Digital Model, Digital Shadow, and Digital Twin [7]. 

 

In the thesis work, a case study was conducted with Volvo CE to propose a conceptual 

information model for keeping track of wheel loader operator behaviors in their working 

environment. Figure 1-4 shows a wheel loader working in the environment for a specific task. By 

doing so, Volvo CE’s internal stakeholders and external customers can better understand how the 

operator’s behaviors affect work-related results. An instance of these work-related results could be 

fuel efficiency, which describes the fuel consumption in a specific working period. The major 

contribution of this thesis work can be concluded as the experience and guidelines learned for 
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defining human-centered digital shadow to quantify and evaluate wheel loader operator’s behaviors 

in a specific working context. 

 

 

Figure 1-4: Wheel loader transferring chips into the mixture. 

1.2 Research question 

Based on the background and delimitation, we aimed to gather more knowledge about the wheel 

loader operator's working behaviors in the short cycle loading tasks. So, the primary research 

question was formulized as follows: 

Which kind of information and data generated by the wheel loader operator's 

actions and inactions in the short cycle loading task can be used to quantify and 

evaluate his behaviors? 

1.3 Objectives 

To set a clear individual goal in this team project, the author’s objectives in this collaborative case 

study were: 

• Identify possible data indicators to quantify and represent the operator behaviors. 

• Define evaluation metrics to assess the operator’s performance. 

• Propose a conceptual model to connect the quantified operator’s behaviors and 

performance metrics. 

By meeting these objectives, the author hypothesized to propose a conceptual information 

model to assemble the data and information coming from the machine but produced by the human 

via human-machine interactions. Also, we desired to provide experience and lessons about how the 

model can provide further insights for Volvo CE’s internal audiences. 

1.4 Delimitations 

Enrolled in a three-student team project, the author mainly focused on designing and proposing an 

information model strategy to support the visualization and behavior change designs. So, the data 

visualization and behavior change designs are excluded from this work. Also, the thesis’s specific 

case was limited to wheel loader operators working in short loading cycles (Figure 1-5). Although 

the project should have been conducted with a data-informed approach, it went qualitatively, and 
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the company did not require quantitative validation. On the one hand, the machine’s data was 

logged in the day’s unit, which was impossible to analyze in the thesis schedule. Most importantly, 

this thesis work acted as an exploration for Volvo CE engineers to identify the in-stock and potential 

data for analyzing operator behaviors. So, the data work in this thesis was limited to conceptual 

modeling in the internal environment to organize, scope, and define data concepts. Thus, it did not 

involve data analytics and quantitative justifications. 

 

 

Figure 1-5: Wheel loader working in short cycle loading [12]. 

1.5 Structure of the thesis 

The thesis is structured as follows. Chapter 2 summarizes and categorizes the related studies into 

three segments: Human Behavior Modelling, Quantitative Assessment of Operators, and Digital 

Shadow Framework. Then, Chapter 3 is used to illustrate the methods we used to gather the 

correlated information and construct the data model from a human-centered perspective. In 

Chapter 4, the digital shadow development work is presented. Subsequently, the user testing results 

are analyzed and discussed in Chapter 5. Finally, Chapter 6 addresses conclusions and future 

directions. 
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2 Related Works 

This chapter presents the previous studies correlated with our thesis work in three domains. Also, 

the most significant insights were extracted to fit into our scenarios regarding the construction 

equipment context. 

2.1 Human behavior modeling 

With computational power and artificial intelligence development, considerable research has been 

conducted to conceptualize human behaviors and interactions with machines [8]. To simulate 

human cognitive behaviors, most models [9-10] took advantage of data-driven or event-driven 

concepts. In more detail, these two approaches pointed out two different views for capturing the 

needed information for streamlining human actions in a given context. The data-driven approach 

pays attention to data-level information, such as machine-generated sensory data, and the event-

driven approach addresses human actions. For instance, Pentland and Liu proposed dynamic 

Markov models based on sensory data to predict automobile drivers’ subsequent actions [9]. For the 

event-driven concepts, Zhirabok et al. [10] proposed a Finite-State Machine Model with the human 

operator’s actions as transition states, achieving unwanted behavioral deviation monitors. In short, 

all these models successfully bridge human’s historical behavior occurrences with future actions 

with a reasoning intention. Nevertheless, the construction industry sectors invoke limited attention, 

and the models lack a behavior evaluation perspective. 

Given the context of operator-wheel loader interactions, Filla proposed a rule-based and event-

based model to evaluate the wheel loader system’s performance, efficiency, and operability [12-13]. 

To introduce a ‘human element’ into the operator-machine model co-simulation, he conducted 

semi-structured interviews with internal wheel loader professionals and participated in several 

wheel loader development projects. Based on this application-oriented research, he divided and 

summarized the short loading cycle into ten phases. With the detailed sequential operator actions in 

a generic short loading cycle, he built rule-based operator models using finite state machines and 

validated them with machine-human model co-simulations [12]. Although Filla’s successful human-

machine co-simulation still addresses human state changes and predictions, his work provides 

insights for this thesis work regarding operators’ working actions in the short loading cycles. 

Following Filla’s work and short loading cycle context, Frank [14] investigated the fuel efficiency 

and productivity difference affected by operator experience. Taking advantage of the work phases 

defined by Filla, he sub-grouped them into three higher-level phases: Bucket Fill, Bucket Empty, 

and Transport. Furthermore, according to the results of the on-site experiments, he concluded that 

the operator’s skill levels significantly affect work productivity, which invoked an assistant system to 

help them improve their interaction behavior with the wheel loader [15]. Following his idea, we 

decided to empower the work phases as a clue and dive in-depth into the operators’ behavior 

represented by the machine-generated information and data. 

2.2 Quantitative assessment of operator behaviors 

While exploring the possible assessment of operators’ behaviors, we aimed to define the metrics 

with result data from the human-machine interactions. Bernold [17] explored the design and 

utilization of quantitative skill metrics to assess the performance of backhoe operators. By asking 

different operators to finish imitated excavation tasks, he correlated measures like the Average 

Velocity of the Bucket with the operators’ working experience and skill levels. Similarly, Frank 

examined the fuel efficiency and productivity difference for sixteen experienced and inexperienced 

wheel loader operators based on task finishing time and cycle quantities [14]. His experiments 

showed a linear relationship between the result indicators and operator skill levels. Moreover, a 
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study pointed out primary parameters for potential dragline operator’s improvement, including 

Dump Height, (Dis) Engagement Position of the Bucket, Spotting Time, and Dumping Time [18]. 

With all these works, we can conclude it is possible to utilize the data and information from 

operator-machine interactions to build an information model evaluating their task performance and 

guiding future enhancements. 

Except for these energy or skill-oriented data indicators, Filla [16] also discussed that the 

recorded control commands of the machine operator could represent the workload and control 

effort. Thus, it serves as subjective machine operability evaluation complements while enrolling 

human factors. In his summary, there lied three major ways to test the operator workload 

evaluation: (1) Simulation Approaches, (2) Physiological Measures, and (3) Self-Report Measures 

[16]. The first two consider using quantitative data, either collected or represented by the machine 

or the human, while the last one talks more about subjective and qualitative introspections. 

From the human-centered angle, physiological data captured from operators during the human-

machine interactions can also be a quantitative source to examine. According to Holt and Edwards 

[19], operator utilization cooperates with operator competence to affect the excavator efficiency, as 

it significantly determines the motivation and activation time when manipulating the machine. In 

that case, it is essential to collect and evaluate such mental states via robust methods. In the case 

study of quantifying the mental workload of wheel loader operators, Filla used biosensors to collect 

physiological measurements such as heart rate and finger temperatures [20]. As he focused on the 

in-subjects comparisons and the data-capturing methods were unnatural, the results represented an 

insignificant gap between experienced and novice operators considering the physiological 

behaviors. However, with the development of smart wearables, increasing methodologies and 

frameworks were proposed to comprehensively track physiological information and organize them 

into metrics for further comparison with medical standards [21-22]. Moreover, posture-related data 

has also been recognized to examine the safety, health, and productivity performance in the 

construction segment [23]. To wrap this up, we could consider enrolling in such physiological-level 

information to understand and represent the operator behaviors quantitatively and 

comprehensively. 

2.3 Digital shadow development framework 

The Digital Twin concept originated from NASA’s Apollo mission in the 1960s [31]. To evaluate the 

failures like the oxygen tank explosions for Apollo 13, NASA extended a physical spacecraft model 

with simulators and digital components. After half a century’s development, the twin idea in the 

engineering environment now addresses realistic data models representing physical products with 

all their components, conditions, and interactions with the environment [32]. Along a product’s life 

cycle, digital twins aim to provide the definition, simulation, prediction, optimization, and 

verification through multiple data streams [32-33]. In short, we can recognize digital twins as an 

ambitious and completely digitalized product copy. Much more recently, the Digital Shadow term 

was established by the Scientific Society for Production Engineering (WGP) in 2016 [25]. Also, the 

shadow idea is understood as a platform that assembles different sources of information to support 

miscellaneous real-time analysis and drive insights for decision-making [34]. The major difference 

between the digital twin and digital shadow lies in the data. Compared to the digital twin, the digital 

shadow does not require a high-resolution database but a complete one that contains a small 

amount of information [35]. Precise data formats, selection of data, and level of granularities would 

be the most significant factors for building the information model of digital shadow [25]. 

However, the Digital Twin idea has been critiqued for the exaggeration of fully automating the 

process of data acquisition and change reflections on both physic-virtual sides [6]. More intuitively, 

if we compare the commercial digital twin and digital shadow applications as presented in Figure 1-1 

and Figure 1-2, we can see that differences relate to the virtual copies and intelligence services. In 
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Digital Twin’s vision, the change of the digital object, like the 3D model’s reconfiguration, can 

directly affect the physical machine, and the intelligent services allow the prediction of possible 

future states [34]. However, the first feature remains at the ideation stage [3]. Thus, we can 

summarize that the current digital twin and digital shadow applications overlap in most functions 

and are usually represented as a dashboard. Since we have limited access to the data, we decided to 

employ the Digital Shadow concept and address human-centered information for modeling operator 

behaviors. 

Another point we need to address here is that the majority of Digital Twin and Digital Shadow 

research focuses on a technocentric perspective [27]. The first framework to derive a product 

information model with the Digital Shadow concept comes from Riesener et al. [26] and is 

composed of three stages, as below. Though his work proved applicability and usefulness in a wind 

energy converter digital shadow, the human elements are lacking but are significant for this thesis 

study. 

1. Identification of objective and required informational quality. 

2. Determination of required information. 

3. Choice of the corresponding data source of information. 

Mertens et al. [27] followed the future research methodology and drew three propositions 

illustrating use cases of human digital shadows, including Human-Robot Collaboration, Decision 

Support, and Human Resource Management. According to his work, Physical Conditions, Mental 

States can all be included in the data lake for building digital shadow. Later, a human-centered 

digital shadow [28] was constructed based on a five-stage framework proposed [25] to objectify 

customer perceptions. The five-stage framework below overlaps with the three-stage one for the 

first four steps but extends the step for the operation goal. Based on our understanding, the core of 

the digital shadow’s building framework is identifying the appropriate information for an objective 

and correlating the information with the data sources. Therefore, we can catch the point that it is 

applicable and valuable to use the objective information generated by the physical asset to represent 

the human-oriented digital shadow. Moreover, the digital shadow’s building progress can be 

recognized as the information model building progress, starting from identifying what information 

is needed and ending with supporting the information with tangible data sources. 

1. Identify the objective system. 

2. Derive the required information. 

3. Structure the information model of the Digital Shadow. 

4. Describe the existing data sources. 

5. Link the information and data level to ensure operationalization of the Digital Shadow. 

Furthermore, the two frameworks provide hints for distinguishing information and data in the 

modeling progress. Mingers and Standing [36] summarized that information is the result of 

collecting and linking data with specific meanings (semantics) and describing the environment 

(context). More intuitively, the DIKW hierarchy (Data-Information-Knowledge-Wisdom) [37] 

describes information built on data. Thus, the information represents a higher-level explanation of 

the data. In the thesis work, the information we could get from internal knowledge covers log data 

documentation, which has a vague boundary between the information and data. Also, since reaching 

the specific data sources was beyond the thesis work, we could not achieve linking the information 

with data sources. For example, the machine logs. So, we would mainly focus on summarizing 

highly descriptive information and mitigating the gap between information and data. 
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3 Methods 

Based on the research question definition and the focused case context, we recognize the case study 

as a wheel loader operator digital shadow’s construction process. As there was no further 

explanation of the five-stage framework [25] about how to build a digital shadow, I determined to 

take advantage of the three-stage one [26]. Most importantly, I introduced a human-centered angle 

and utilized user experience research methods to differentiate from the tech-driven framework. In 

general, the final research process was customized into three stages, as illustrated in Figure 3-1. 

 

 

Figure 3-1: Three-stage research process. 

 

The first stage, the Selection of Working Stages, aimed at clarifying the working logic in the 

short cycle loading tasks. Here, Secondary Research, User Observation, and Semi-structured 

Interviews were conducted to understand the wheel loader’s functional features while gathering the 

operator’s and engineer’s insights. In the second stage, the Derivation of Interaction Metrics, the 

participants’ feedback from the first stage was further analyzed to formulate a conceptual 

information model. Here the term Interaction Metrics means the information and data metrics to 

describe the interaction behaviors between the operator and machine. In the last stage, we justified 

our model based on two focus groups and the corresponding survey results. 

Generally, the methods utilized in different stages are generative and attitudinal UX research 

methods. From one point of view, the goal of utilizing these methods was to explore and collect 

attitudinal information from Volvo CE experts and machine operators. So, generative methods were 

chosen to facilitate the inspiration and insights. From another point of view, since we did not have 

the setup for collecting actual machine logs and operator logs, attitudinal methods better fit our 

scenario to collect data and information that we could reach. 
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4 Operator Digital Shadow Development 

This chapter describes how an operator digital shadow was built during the three stages research 

process. In the first stage, UX research methods were utilized to identify the objective and sketch a 

global hierarchy of the information model. The second stage focused on defining the information 

metrics for quantifying and evaluating the operator’s behaviors. The last stage was conducted to test 

the model with users. 

4.1 Selection of working stages 

Based on the internal knowledge about the working scenario of a wheel loader operator, the working 

task is divided into cycles for the operator to run. In detail, the cycle can be divided into phases to 

describe the stages in a working cycle, and each single phase is also made up of detailed action steps 

that the operator would take. In the targeted short cycle loading task, Filla defined the working 

procedure into ten phases [12] which are currently still utilized and analyzed by internal Volvo CE 

engineers (Table 4-1). Following Filla’s work, Frank proposed three-stage phases: Bucket Filling, 

Bucket Empty, and Transport [14]. To explore the phases in more detail, we conducted a workshop 

with Volvo CE’s experts (Appendix A) and observed operators at a heating plant. Based on this 

qualitative information, we got three major insights. 

 

Table 4-1: Phase definitions of the short cycle loading [12]. 

 

#  Phase Description 

1  Bucket filling Bucket is filled by simultaneously controlling the machine speed and 

lift and tilt functions. 

2 Leaving bank Operator drives backwards towards the reversing point and steers 
the machine to achieve the characteristic V-pattern. 

3 Retardation Is started sometime before phase 4 and can be either 
prolonged or shortened by controlling the gas pedal and the service 
brakes. 

4 Reversing Begins when the remaining distance to the load receiver will be 
sufficient for the lift hydraulics to achieve the bucket height 
necessary for emptying during the time it takes to get there. 

5 Towards load 

receiver 

The operator steers towards the load receiver, thus completing the V-
pattern. The machine arrives perpendicular to the load receiver. 

6 Bucket Empty The machine is driven forward slowly, the loading unit being raised, 
and the bucket tilted forward at the same time. 

7 Leaving load receiver Operator drives backwards towards the reversing point, while the 
bucket is lowered to a position suitable for driving. 

8 Retardation and 

reversing 

Not necessarily executed at the same location as in phases 3 and 4, 
because lowering an empty bucket is faster than raising a full one. 

9 Towards bank The machine is driven forward to the location where the next bucket 
filling is to be performed, the bucket being lowered and aligned with 
the ground at the same time. 

10 Retardation at bank Often combined with the next bucket filling by using the machine’s 
momentum to drive the bucket into the gravel pile. 

 

Firstly, the Bucket Filling and Bucket Empty act as the two most delicate phases, which 

exemplify behavior differences. In these two phases, operators mainly interact with the Hydraulic 

lever to lift and tilt the attached bucket, achieving a specific height and angle to fill in or out the 

material like gravel. As stated by the internal experts, “The angle for inserting the bucket into the 

material affects a lot about the filling time, as for the softer material, the operator needs to 
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dynamically tilt the bucket inward to maximize the space in the bucket. Experienced operators can 

dump the materials in several seconds, but for novice men, it can last for more than 20 seconds.” 

Secondly, the Transport phase requires sophisticated cooperation between driving and 

hydraulic arm lifting. According to the interview result, “The operator needs to choose a perfect 

reversing point to achieve a smooth transit from the pile to the truck in a V-cycle driving, and 

experienced operator knows how to make the distance suitable for lifting the arm before meeting 

the truck.” 

Thirdly, operators usually do extra work unconsciously to improve their work efficiency. In the 

natural user observation in the power plant based in Eskilstuna, we found that an operator would 

sometimes lift the hydraulic arm and bucket to pile up the materials to make it easier for future 

bucket filling. Also, internal experts pointed out that operators were doing some “non-value-adding” 

activities to contribute valuable results, like cleaning the roads occupied with materials dumping 

from the historical cycles to accelerate future transportation. 

Based on these insights and previous works, we divided a short cycle loading procedure into 4 

phases: Loading, Travelling, Unloading, and Miscellaneous. Each phase’s operator’s duty is 

described in Table 4-2. 

 

Table 4-2: Refined phase definitions and illustrations of the short cycle loading. 

 

Phases Index Phase Name Phase Duty Phase Illustration 

1 Loading 

Operator controls the hydraulic lever to lift 

and tilt the attached bucket to fill it with 

materials as much as possible 

 

2 Travelling 

Operator drives reversely to a certain point 

and forwardly to the truck while lifting the 

bucket for unloading preparation 

 

3 Unloading 
Operator controls the hydraulic lever to fully 

tilt out the material into the truck 

 

4 Miscellaneous 
Operator drives the machine with specific or 

subjective needs 

 

 

Furthermore, Frank’s [14] experiment reflected experienced and inexperienced wheel loader 

operator’s effect on productivity and fuel efficiency on a cycle and phase basis. Inspired by these 

works, we decided to architect the model into different hierarchies based on the working progress 

and procedures. From the top-down perspective, the conceptual information model for the operator 

digital shadow is organized as a 5-levels architecture: Operator – Working Day – Working Task – 

Working Cycle – Working Phase (Figure 4-1). In this conceptual model, an operator owns his 

database, and one of his working days is divided into several tasks, e.g., Short Cycle Loading Task 1 

for transferring 100-ton gravels. During one specific task, he conducted several cycles, which were 

combined with phases. Then, the next step would be defining information and data requirements 



Operator Digital Shadow Development | 11 

for different levels’ models. Moreover, we were dedicated to the Task-Cycle-Phase levels in this 

thesis work. 

         

 

Figure 4-1: Conceptual information model hierarchy for the operator digital shadow. 

 

4.2 Derivation of interaction metrics 

Based on the hierarchy defined in Chapter 4.1, we proceeded to the metrics for representing and 

evaluating the operator-wheel loader interaction behaviors. To gain insights from the operators 

from a user-centered perspective, we first conducted a semi-structured interview with one operator 

and two site managers in the heating plant (Appendix B and Appendix C). By doing so, we targeted 

two outcomes. One is sorting out factors influencing their tasks based on their operating experience. 

Another is identifying their subjective work performance awareness and corresponding 

enhancement actions, like how they change machine function usage. However, due to the feedback 

from the power plant’s participants, what they focused on was mainly correlated with their work 

requirements. In more detail, the job of the wheel loader operation was loading different wood chips 

into burying devices to maximize the burying efficiency while reducing the side product. Therefore, 

the goal for the wheel loader operator and the site manager was to reach a preliminarily calculated 

mixture percentage. However, according to Volvo CE’s internal knowledge, quarry operators usually 

do not have such a mixture need. So, this gave us a clue about enrolling site-related data indicators 

for the assessment goals. Due to the limited access to more operators, we conducted another 

internal interview to summarize more qualitative expertise, covering the Volvo CE engineers from 

the data to the user experience fields. 
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“We see that the old operators like the sophisticated things, controlling the lever like playing a 

musical instrument, just like the way to show his muscle… Our machines are equipped with 

advanced functions for users to improve their work efficiency, but there exists a problem that a lot 

of them are insignificantly utilized. So, we are finding a better way to coach both the novice and 

experienced ones to get used to these functions.” 

Accompanied by the external user observation and internal interview results, we summarized 

the three major operator-wheel loader interactions: controlling the brake and accelerator pedal with 

both feet, controlling the steering wheel with one or two hands, and controlling the hydraulic lever 

with the right hand (Figure 4-2). Beyond our expectations, the interviewed operator seldom 

interacts with the functional pad. According to internal experts sharing, an experienced operator 

tends to ignore advanced functions but trusts his skills. To get more inspirations about which data 

indicators can be utilized to evaluate the operator’s performance, we further investigated Volvo’s 

existing systems [29-30] and materials. 

 

 

Figure 4-2: Major interaction zones in the wheel loader cab. 

 

Based on the information and insights from the internal and external sides, I first proposed the 

Interaction and Phase Assessment metrics for the Phase-level model to collect and quantify the 

operator-wheel loader interaction results. The Phase-level conceptual information model is 

represented as an ER graph (Figure 4-3). Specifically, the entities colored in dark green are part of 

the Interaction metrics, and the yellow one stands for the Phase Assessment metrics. In this 

information model, the attributes in each entity stand for data indicators, either from internal-

defined documents or generated based on interview results. Since we had limited access to the 

actual machine log database, we could not specify the data indicators with data formats or 

granularities. However, these indicators abstract the data and information to serve as metrics. Then, 

the entity acts as an information collection, organizing the data indicators in the operator-wheel 

loader interaction context. 
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Figure 4-3: Phase-level conceptual information model for the operator digital shadow. 

 

The operator’s interaction with the wheel loader is divided into seven dimensions, which are 

presented as seven Interaction entities for data and information collection. More specifically, they 

represent the log data and information coming from the machine but generated by the interaction 

between the operator and the wheel loader. In detail, the Brake Behavior, Accelerate Behavior, 

Hydraulic Behavior, Maneuver Behavior, and Functional Behavior entities describe how the 

operator manipulates the machine to finish his task in a cycle. The Wear & Tear Behavior entity 

represents the result that may cause a harmful effect on the machine. The Machine-On Behavior 

entity records the time and geography logs in each phase. While the Interaction metrics represent 

the operator’s actions and inactions from the objective machine-generated data’s perspective, the 

Phase Assessment metrics describe how the stakeholders evaluate the behaviors of the wheel loader 

behavior. Table 4-3 describes an example of the entity-attribute-explanation for the Hydraulic 

Behavior entity and Phase Assessment entity. 

 

Table 4-3: Hydraulic Behavior and Phase Assessment’s Entity-Attribute explanations. 

 

Entity Attribute Explanation 

Hydraulic 

Behavior 

Bucket Height Distribution 
The bucket height logs that occurred during the bucket 

lifting and lowering. 

Bucket Angle Distribution 
The bucket angle that occurred during the bucket inward 

and outward. 

Lift Lever Usage 
The lift lever force-direction logs that occurred during the 

bucket lifting and lowering. 

Tilt Lever Usage 
The tilt lever force-direction logs that occurred during the 

bucket tilting in and out. 

Phase 

Assessment 

Total Phase Time The duration from the phase begins to the ends. 

Total Phase Distance 

The distances the machine drives from the phase begin to 

the phase ends, not applicable for the Loading and 

Unloading phase. 
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Weight Moved 
The total weight that is loaded into/out of the bucket by the 

end of a phase. 

Bucket Utilization The filled percentage of the bucket. 

Lift Force Utilization% 
The weight filled in the bucket compares to the weight that 

can be filled with the lift force utilized. 

Fuel Consumed The whole fuel consumed in the phase’s duration. 

 

After I settled the Interaction and Phase Assessment metrics for each phase’s entity, I wrapped 

up the four phases and came up with the Cycle-level ER graph (Figure 4-4). The cycle assembly 

manages 4 Phase-level assemblies and owns the Physiology and Cycle Assessment metrics. 

Compared to the Phase Assessment metrics, the Cycle Assessment metrics are used to evaluate the 

whole cycle’s performance. So, I included some calculations-based indicators like Productivity 

(ton/h) and Fuel Efficiency (ton/l). Also, considering the site-related qualitative information, I 

proposed Site Defined Indicators for further customization to get a comprehensive evaluation 

perspective, like Mixture Humidity for the formerly mentioned heat plant.  

Besides, I introduced Physiology metrics here for two reasons. On the one hand, the integration 

of physiological data could be helpful for better detecting human fatigue and exhaustion states [27]. 

On the other hand, several physiological data types have been proposed and tested with the 

construction machine worker to examine their health states [20-24]. Although the quantitative data 

is highly correlated with the subjective states and might differ for various reasons, I still included it 

here to address the mapping between the Onboarding Shift and other bio-related indicators like 

Average Breath Rate. In that case, the model could extract insights about the most productive and 

bio-health work shift for the individual operators. 

 

 

Figure 4-4: Cycle-level conceptual information model for the operator digital shadow. 
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Finally, I refined the Assessment metrics for the Task-level information model (Figure 4-5) and 

introduced novice Environment metrics. According to Mertens et al. [27], environmental data 

provide context for understanding and anticipating subsequent human behaviors. Also, based on 

the internal expert’s interview results, the operator’s manipulation behavior is highly correlated 

with external factors. “In the winter season, the operator needs a longer starting time to warm up 

the machine in case of hurting internal components in the intensive work.” “For filling the bucket 

with a softer material like gravel, the operator needs to tilt in and simultaneously fill in to utilize the 

bucket fully.” Therefore, we can conclude that environmental and external factors are essential in 

affecting the wheel loader operator’s interaction behaviors. Thus, the Environment metrics mainly 

consider information from three categories: 

• Natural settings (Season, Weather, Temperature, Humidity, Wind Speed, Light Intensity) 

• Site Settings (Hilliness, Roughness, Curviness) 

• Work Settings (Material Type) 

 

 

Figure 4-5: Task-level conceptual information model for the operator digital shadow. 

 

4.3 User testing 

According to the original digital shadow building framework, the last stage aims at identifying the 

optimal data source for implementing the information model [26]. But in our case study, the 

primary focus is identifying valuable information for a holistic understanding of the operator’s 

behaviors. For example, for the Bucket Height Distribution attribute, we concentrated on the users’ 

perception of these metrics instead of the senor availability for achieving it. Therefore, we decided to 

use user-centered methods to validate the conceptual model for answering the research question. To 

visualize the conceptual information model for a better understanding of the metrics proposed here, 

a conceptual digital shadow dashboard (Figure 4-6) was designed by my thesis teammate with the 

user story I delivered. 



16 | Operator Digital Shadow Development 

 
 

The dashboard user starts by picking out an anonymous operator’s bad-performed working 

day to identify what behavior results in this. Getting the task-level Assessment metrics data 

visualizations, he notices each task’s performance varies and clicks the two most significant bars. 

Then, he gets some new visualizations stating the Environment metrics differences and starts the 

mapping analysis to identify which environmental factors caused a bad effect on the assessment. 

To follow his analysis, he drills into the cycle level and gets clues from the Physiology metrics. 

Finally, he gets to the phase level based on the exploration goal to find out which Interaction 

behaviors are significantly influencing a cycle’s work performance. 

 

 

Figure 4-6: Conceptual operator digital shadow dashboard [41]. 

 

With the dashboard settled, two user testing sessions were conducted by my thesis teammate 

and me in two focus groups. The first session was conducted with four Volvo CE experts (three 

males and one female). By conducting the internal user testing, we aimed to justify our proposed 

model from Volvo CE’s perspective and generate new insights which might be ignored in the model 

development progress. Also, we conducted another focus group study with external participants 

without wheel loader knowledge, including two males and three females. By doing so, we targeted a 

more comprehensive conclusion about how our model is perceived and explored the potential for 

delivering the digital shadow to ordinary business users. The user testing consists of four steps: 

1. Introduction to the wheel loader and short cycle loading task. 

2. Conceptual model and dashboard walkthrough. 

3. Let the participants interact with the dashboard and review the data strategy. 

4. Fill in the questionnaire. 

The first step aimed to set the background information for the participants, especially with a 

focus on illustrating how the operator works in the short cycle loading task. Then, a walkthrough 
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was conducted about the model and the dashboard. During this step, we explained the model 

architectures, then moved to each level’s entity-relationship graph to illustrate what the metrics 

stand for. Finally, we introduced how the interaction dashboard is designed based on the 

information model and how it can be used. Then, we let the participant try to interact with the 

dashboard and refer to the strategy for their explorational needs. Finally, participants were invited 

to fill in a questionnaire (Appendix D) containing multiple Likert-scale and open-ended questions to 

collect user feedback based on a four-dimension matrix [Accuracy, Comprehensibility, Efficiency, 

Feasibility].  The four-dimension matrix is inspired by the five-dimension matrix [Accuracy, 

Completeness, Timeliness, Comprehensibility, Consistency] proposed by Riesener et al. [26]. 

Originally, the dimensions were used to examine different data sources’ quality and used as 

selection criteria. But in our work, we focused on collecting wheel loader experts and non-experts’ 

subjective ratings towards the conceptual model. In more detail, the customized four dimensions 

were defined and explained as follows: 

• Accuracy, the metrics are appropriate for data collection at the given working context. 

• Comprehensibility, the metrics can sufficiently address how operator-machine interactions. 

• Efficiency, the metrics can efficiently quantify the operator’s behaviors. 

• Feasibility, the metrics can further be captured and logged by the machine. 

All the participant’s feedback was gathered from this form, and the results were assembled into 

an excel sheet for analysis. For the quantitative analysis, the mean value of the [Accuracy, 

Comprehensibility, Efficiency, Feasibility] was calculated for the two focus groups. For the 

qualitative analysis, we extracted the segments from the participant’s answers to questions 6 to 8. 

Then, based on the segments, we organized all the answers into several categories and summarized 

the key suggestions.
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5 Results and Analysis 

This chapter presents the results coming from the user testing stage. Furthermore, the analysis of 

the results was categorized into quantitative and qualitative insights. 

5.1 Quantitative insights 

In total, we received nine questionnaire results, four from Volvo CE internal experts (focus group 1) 

and five from the external participant (focus group 2). The mean score for the first five questions 

from these two groups was calculated and documented in Table 5-1 and Table 5-2, in which 1 = very 

low and 5 = very high for the [Accuracy, Comprehensibility, Efficiency, Feasibility] evaluation 

dimension. In that case, the mean value in each cell represents how the focus group subjectively 

scored the conceptual information model’s five elements (Model Architecture, Environment 

Metrics, Physiology Metrics, Interaction Metrics, and Result Assessment Metrics). For example, 

Result Assessment Metrics’ mean score on the Feasibility dimension is 4.25 in Table 5-1, indicating 

that group 1’s scoring for the Result Assessment Metrics was high.  

 

Table 5-1: Mean scores from group 1 answers. 

 

 Accuracy Comprehensibility Efficiency Feasibility 

Model Architecture 3.75 3.75 3.75 3.50 

Environment Metrics 3.75 4.25 3.75 3.25 

Physiology Metrics 3.75 3.25 3.75 3.50 

Interaction Metrics 3.75 3.50 4.00 3.75 

Result Assessment Metrics 4.25 4.25 4.00 4.25 

 

 

Table 5-2: Mean scores from group 2 answers. 

 

 Accuracy Comprehensibility Efficiency Feasibility 

Model Architecture 4.20 4.40 4.60 4.40 

Environment Metrics 4.40 4.60 4.00 4.00 

Physiology Metrics 4.60 4.40 4.20 4.00 

Interaction Metrics 4.60 4.60 3.80 4.40 

Result Assessment Metrics 4.60 4.40 4.40 4.40 

 

 

Except for the dimension-focused comparisons, we also calculated the average and the SD 

values for the five elements combing the four dimensions. By doing so, we can easily catch the two 

group’s similar and different ratings towards the five elements. In Figure 5-1, green bars represent 

the average score combining the four dimensions, and the error bars represent the SD value for each 

dimension. The light green ones stand for the values from focus group 1, and the darker ones from 

focus group 2. 

Overall, we can see that group 1’s ratings were lower than group 2’s, which could be addressed 

as the knowledge gap considering the construction machines and operator behaviors. Specifically, 

this came from the bias coming from these two focus groups. From one point of view, Volvo CE 
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internal experts from group 1 held their bias about the machine’s development roadmaps and 

technical features. Therefore, they tended to hold a more realistic view to evaluate how this model 

and the elements could be achieved from a tech-centric perspective. For the non-experts from group 

2, since they did not have enough knowledge about how the operator would manipulate a wheel 

loader in a working context, their understanding of the short cycle loading context and the metrics 

definitions was significantly affected by us. In other words, they held the bias coming from the 

author and reflected the author’ optimistic attitude toward the model design.  

 

 

Figure 5-1: Elements’ average and SD value on each dimension. 

 

Nevertheless, there were also some similar patterns that we could identify from Figure 5-1. The 

significant quantitative insights we summarized are: 

 (1) The Result Assessment Metrics element was the most viable for evaluating wheel loader 

operator behaviors. In Figure 5-1, the Result Assessment Metrics’ bars are the lowest for both 

groups. Also, their SD error bars are the shortest compared to the others, indicating the participant 

held fewer variations when rating the four dimensions for Result Assessment Metrics. In Table 5-1, 

the Result Assessment Metrics element shows the highest scores in each dimension (A: 4.25, C: 

4.25, E: 4.00, F: 4.25). As the Result Assessment Metrics element was proposed to assemble the 

information that could be used to evaluate the wheel loader operator’s performance on different 

given levels, the testing results represented internal and external participants’ confidence in 

introducing such information in the conceptual model. 

(2) The Physiology Metrics element performed the worst in quantifying the wheel loader 

operator behaviors. From Figure 5-1, the Physiology Metrics bar is the lowest for group 1 and the 

second lowest for group 2. Meanwhile, we can see an insignificant average rating difference between 

the Environment Metrics (4.25) and the Physiology Metrics (4.30) for group 2. According to the 

Physiology Metrics results in Table 5-1 (A: 3.75, C: 3.25, E: 3.75, F: 3.50), we noticed that all the 

evaluation scores were the lowest except for the Feasibility dimension. Combing Physiology Metrics’ 

second shortest error bars, we can say our participants showed a high doubt about recruiting such 

physiological factors in quantifying the operator’s behaviors for the working task. 
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(3) The Accuracy dimension demonstrated both groups’ highest expectations and agreement. 

Based on the Accuracy dimension’s scoring in both tables, we can see that almost for each row, the 

accuracy dimension’s score is the highest or has the minimum difference from the highest. In that 

case, we can say that the metrics we proposed here are suitable to be collected on the given 

hierarchy in the conceptual information model. Although group 1 also expressed a similar high 

expectation on the Efficiency evaluation, group 2 presented more controversy as the scoring results 

ranged from 3.80 to 4.60.  

(4) Feasibility evaluation results represented the lowest expectations from both groups. Based 

on the results from the Feasibility column, we can notice it almost holds the lowest scores compared 

to any other dimension’s evaluation except on the Result Assessment Metrics. Specifically, our 

participants are greatly concerned about the Environment Metrics, whose Feasibility score is 3.25 

(group 1) and 4.00 (group 2). In that case, our participants held low confidence in materializing the 

conceptual model and especially in collecting the environment-related data. 

5.2 Qualitative insights 

In general, all the participant’s answers to questions 6 to 8 and spontaneous feedback during the 

focus group session were sub-grouped into five segments: Mapping Relationship, Environment, 

Physiology, Interaction, and Data. Based on these segments, we summarized the major insights as 

followings: 

(1) Enhance the Environment metrics with more natural settings and machine settings data. 

Three participants pointed out that Wind Speed should be included in the Environment metrics, 

and we also got two pieces of feedback stating the Tool Type and four focusing on Machine States 

(year of use). For example, one participant wrote in the answers, “used time of the machine in terms 

of years, maybe it is old, or some components are broken.” Based on these answers, we can say it 

would be valuable to sort out the significant natural settings data and enroll more wheel loader 

correlated information into the Environment metrics. By doing so, the model would provide more 

machine contextual-based operator behavior analysis. 

(2) The human emotional perspective needs to be included in this model. Four participants 

provided keywords like mental aspect, spiritual and stress level. In the proposed Physiology metrics, 

all the data indicators focused on collecting the objective human states to understand their effect on 

the operator’s working behaviors. However, our participant pointed out a more comprehensive 

perspective to enroll in subjective Physiology metrics to understand human internal factors, 

especially for the subjective feeling of the operators. 

(3) Environment-Assessment mapping was straightforward for participants to capture. Based 

on the answers to question 6, we got nine participant-perceived mapping relationships from 6 

answers. In detail, it covered four mapping relationships regarding Environment-Assessment (e.g., 

weather/visibility - productivity/fuel efficiency), three regarding Physiology-Assessment (e.g., 

operator fatigue with fuel efficiency), and two of Interaction-Assessment (e.g., hydraulic behavior 

with productivity). Moreover, we got a special mapping relationship between hilliness/curviness – 

interaction – productivity, which exemplified the proposed user journey. 

(4) Frequency could serve as an indicator to evaluate operator behaviors. One of each group’s 

participants pointed out that the Number of Cycles is a meaningful clue for understanding the 

operator’s bad behaviors. In one participant’s answers, he pointed out, “The number of cycles of the 

operator used to finish one task could be added. It may provide extra information on why the 

operator has a bad fuel efficiency performance.” This inspired us to refine different level’s 

Assessment metrics to include cycle and phase counts to act as a measure to distinguish good and 

bad behaviors.
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6 Discussion 

In this chapter, the reflections and discussions about the thesis work and the results are grouped 

into three subchapters: Human-centered digital shadow building, Qualitative information 

enrollment, and Sustainability goals and Ethical concerns. In each subchapter, the results presented 

in the thesis work are discussed further and supported with academic references. 

6.1 Human-centered digital shadow building 

According to the user testing results presented in Table 5-1 and Table 5-2, our participants hold a 

generally high expectation regarding the wheel loader operator digital shadow, especially for the 

Assessment metrics. While defining the digital shadow’s conceptual model hierarchy and 

degravitating the metrics, we mainly took advantage of the idea of “operator working in short cycle 

loading.” For the conceptual model, the hierarchy of different entities directly reflects the working 

phases. For the Assessment metrics, many indicators are work-oriented, like Average Cycle Time, 

and machine-oriented, like Bucket Utilization. Although we chose short cycle loading as the given 

context, two of our participants in the user testing sessions also pointed out there could be another 

dimension “Different work activity, including short cycle loading, load and carry, transport.” In 

short, such different work activities will provide different contexts and work steps. Moreover, 

compared to the 10-phase human model proposed by Filla [12], our 4-phase Filling-Travelling-

Unloading-Miscellaneous definition also provides a structured way to collect objective data and 

information for understanding the operator’s working progress. 

The most significant lesson we learned can be concluded as the advantages and disadvantages of 

using user research methods to build the information model for human digital shadow. On the one 

hand, the insightful interview and observation results helped to generate innovative interaction 

metrics and supplement the work logic. However, it risked the digital shadow’s implementation 

from a tech-centric perspective. Although we managed to deliver the participants with the 

dashboard in the information model’s evaluation stage, the robust data work was left behind. In 

other words, we concentrated on reaching the limitation to identify the needed behavior 

information as much as possible but ignored a careful investigation of the sensory data from the 

machine. To some extent, we ignored the precise data formats, selections, and granularities for 

establishing the proposed information model [25]. As a result, we got a relatively low score in the 

model’s feasibility dimension. On top of that, since we only accessed specific external operators, the 

expectation for generating a general behavior model was met more from the internal ideas. Thus, 

the model requires a broader vision from operators working in different sites and conditions. 

6.2 Qualitative information enrollment 

According to the qualitative insights we summarized in section 5.2, our participants held a strong 

interest in enrolling in more qualitative dimensions in the Environment and Physiology metrics. On 

the one hand, we saw 7 out of 9 mapping relationships captured corresponding with Environment 

and Physiology metrics, but mainly correlated with some qualitative indicators like weather and 

fatigue. On the other hand, participants pointed out that the Tool Type and subjective operator 

feelings could be included in these two metrics. Thus, these two metrics provide value to analyze 

human actions and inactions in an external and internal context, but the information collected here 

should shift from quantitative to qualitative concentrated. 

Meanwhile, there comes another problem with how to collect this qualitative information. For 

the weather information, it may require external climate system integrations. Otherwise, direct 

implementations based on the sensory data for such capabilities would cost much effort. Moreover, 

the situation could be worse considering the subjective quality information like operator feelings 
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and fatigue self-evaluations. Mertens et al. [27] discussed that an employee’s motivation or other 

physiological characteristics are indirectly observable. Thus, if we require the manual report of such 

information, we may cause a working interruption, and the operator may choose to fake their actual 

mental states. Even if we ignore the effort needed to analyze the qualitative information, the 

decision driven by the faked emotional records will provide limited value for stakeholders. 

6.3 Sustainability goals and Ethical concerns 

Referring to the Decision Support use cases proposed by Mertens et al. [27], our scenario-based 

human digital shadow aims at providing the operator with behavior enhancement and coaching 

tips. By empowering the site managers to explore “good” behavior, they can better train their 

operators towards less fuel consumption and higher productivity goal. From the personal 

development angle, such behavior analysis helps individuals hone their skills more proficiently. 

From the machine maintenance level, with enhanced operations, the wheel loader can progressively 

lower energy usage and secure fewer break-down situations. 

An ethical concern here that we need to address is using objective physiological data in 

quantifying the operator’s fatigue and mental states. According to the physiological measurement 

tracking for the workload quantifying, Filla [16] concluded that no significant results could be 

drawn in his experiment. However, since his data was logged in medial sensors and controls, we still 

hold confidence in using advanced wearables to collect other bio information naturally. By doing so, 

quantitative and qualitative information can be combined to help the operator better capture their 

motivational and mental health states. In our vision, such physiological data will be protected and 

only be used to understand individual regular physical conditions in different work shifts. Then, we 

can suggest a more suitable working schedule for individuals. Nevertheless, it still correlates with an 

ethical problem regarding the operator’s confidentiality rights. On the one hand, operators may be 

reluctant to share their bio information for behavior analysis usage. On the other hand, the 

biometrics may reflect that one operator behaves the best at the end of a normal working day or 

represents a significant difference among colleagues. In that case, such an operator may face 

pressure or stress from the managers. 

Another critical ethical issue is the unexpected utilization of the human digital shadow. 

Ambitiously, the original design targeted empowering the stakeholders to analyze which behavior 

boosts productivity or raises fuel consumption. Also, the data collected from the machine and the 

real operators are intended to be anonymized into a virtual operator in this digital shadow’s future 

landing scenario. Nevertheless, if the stakeholders got access to review the underlying data 

associated with a specific operator, the operators’ performance may be ruled by this digital shadow. 

In other words, the operator digital shadow acts more like an operator performance evaluation tool, 

not a behavior enhancement analysis and insight-driving tool. Similarly, Mertens et al. [27] also 

addressed prioritizing it to secure data from misuse and employee acceptance of the human digital 

shadow. In short, we must admit that there needs to be more understanding and guidance to 

mitigate and prevent such potential data risks. 



 Conclusions and Future work | 23 

 
 

7 Conclusions and Future work 

This chapter summarizes the whole thesis work and proposes future work directions that can be 

considered for building a human-centered digital shadow. 

7.1 Conclusions 

In this thesis, a conceptual information model is presented based on the customized digital shadow 

building framework, which assembles the possible data and information for quantifying and 

evaluating the wheel loader operator’s behaviors in the short cycle loading work context. From this 

initial and limited case study, we mainly utilized qualitative research methods to generate insights 

based on Volvo CE’s internal experts and external wheel loader operators. Based on the information 

we could access, we created a 5-level conceptual information model and proposed the Environment, 

Physiology, Interaction, and Result Assessment metrics for future data collection and analysis. 

Based on our user testing results, we have identified that our model received an optimistic attitude 

and gained further quantitative and qualitative insights about how to enhance the model. As the 

thesis aimed to explore what action and inaction data generated by the machine should be 

integrated with the ambition to objectify the operator’s behaviors, the conclusions can be drawn as 

the major lessons we learned during this case study: 

• Brake, accelerate, and hydraulic lever are the three major parts for interaction behavior 

collection. 

• Environment and physiology information provides a valuable clue for understanding 

operator behavior. 

• Qualitative information like subjective feelings is also needed for a quantifying goal of 

such an operator digital shadow. 

7.2 Limitations 

The major limitation of this case study lies in implementing the conceptual information model. 

According to the user testing results from Chapter 5.1, the participants represented doubts and 

concerns about the Feasibility dimension. This result is related to two factors. Firstly, the metrics we 

defined were mainly based on the internal qualitative perspective. Moreover, due to the limited 

access to real operators, we had to combine the qualitative results we interpreted from internal 

experts and one external operator. In that case, it invokes more connection with the real operators 

and in-depth in-field investigation of their working behaviors. Secondly, the metrics lacked 

validation through actual sensor data sources. As the thesis work focused on designing the 

conceptual model and metrics to illustrate the operator behaviors and working context, we paid 

limited attention to the current sensors equipped on the machine and the data they generated. Thus, 

problems may arise due to the implementation difficulty based on real scenarios. To proceed with 

the conceptual model to the next stage, we suggest machine mechanism experts’ enrollment to 

refine the metrics with a data perspective. 

The second limitation of this case study lies in the participants recruited for the primary UX 

research. In the first two stages of the case study, our original goal was to reach as many actual 

operators as possible to collect a comprehensive and multi-faceted understanding of the operators 

working in different scenarios. In the end, we interviewed and observed one operator and two 

managers in a power plant. Therefore, the information model elements represented more from a 

Volvo CE expert’s view for quantifying and evaluating the operators. For the testing stage, since we 

only successfully recruited five internal participants for the focus group user testing, we only got 

four answer sheets regarding our questionnaire. Due to the small sample size for these two focus 
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groups, we did not get a significant difference among the evaluation dimension’s scorings. 

Therefore, with more participants and statistical data collected in the evaluation stage, we can 

reasonably draw more evident clues for further model enhancements. 

7.3 Future work 

In short, the thesis only acts as a first glance into such a vast research space of human-centered 

digital shadow. For follow-ups and future research, actual data captures are essential to examine the 

metrics proposed in this model. Furthermore, how to collect human physiology data in the onboard 

environment should also be carefully discussed. In conclusion, with such data implementations, the 

proposed operator digital shadow could help operators and stakeholders understand human-wheel 

loader interaction behaviors and boost work performance. 
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• What are the metrics used to describe the operator performances in quarries & aggregates? 

• Are they sufficient? If not, why, and how do we make them sufficient? 

• Do different parties align with the metrics? If not, why? 

• What are other indicators that different stakeholders would treat as a significant result 

data? 

• What are the data already captured to describe operator behaviors in quarries & aggregates? 

• What is the current journey for an equipment operator?
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Appendix B: Interview questions for operators 

Question type Question 

Introduction & Icebreaker How many years of experience do you have as a wheel 

loader operator? 

What other tasks do you perform except for operating the 

machine and the distribution of your work time? 

Work Journey Can you describe a typical working day? 

Tell us about your everyday work tasks with the machine.  

What common problems or needs do you encounter? 

What obstacles do you typically encounter while 

performing your tasks, and how do you handle them? 

Explain one of the best as well as the worst experience you 

have when operating the machine in your tasks 

What motivates you to perform well? 

Performance Awareness What do you do to be aware of your performance in your 

work tasks? 

What factors are you looking for in optimum operation? 

(cab settings, working environment) 

How do you address these factors that impact your 

performance, such as weather and ground conditions? 

Operability & Functionality What do you feel there is lacking for you to be as 

productive as possible? 

When do you feel you lack control? (when performing 

tasks regarding functionality usage) 

What are your most frequently used features or functions 

in your cab to help your tasks and why? 

Coaching & Training What would you do in or after work to help you become 

more efficient at your tasks? 

Did you receive any coaching or training about your task, 

and how do you evaluate them? 

Idling Did you perceive the time that you are sitting in the cab 

but without some working tasks? 

How often it occurs, and would you recognize it as idling? 
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Question type Question 

Background & Icebreaker How do you start your (work) day? 

What is the best part of your working day? 

What is the worst part of your day?  

Site Operation How do you manage the site and the operation, with the 

interaction between people and process?  

How do you do to keep up to date about what needs to be 

done and when? 

What are the key factors that are important for you that 

you care about? (equipment-operator) what are they stand 

for? 

How do you evaluate the performance of your priorities? 

Site Enhance How do you perceive there occurs a shift of site 

underperformance or productivity decrease? 

What do you usually do to evaluate the performance of the 

site? 

Is there any technical tool you call for enhancing site 

operation? 
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Appendix D: Questionnaire for user testing  

Question 

Index 

Question Question 

Type 

1 

How do you evaluate the 5-level 

operator model architecture based on 

the following dimensions? 

Accuracy 

Low to High 

(5 scales) 

Comprehensibility 

Efficiency 

Feasibility 

2 

How do you evaluate the Task-level’s 

Environment metrics based on the 

following dimensions? 

Accuracy 

Comprehensibility 

Efficiency 

Feasibility 

3 

How do you evaluate the Cycle-level’s 

Physiology metrics based on the 

following dimensions? 

Accuracy 

Comprehensibility 

Efficiency 

Feasibility 

4 

How do you evaluate the Phase-level’s 

Interaction metrics based on the 

following dimensions? 

Accuracy 

Comprehensibility 

Efficiency 

Feasibility 

5 

How do you evaluate the Assessment 

metrics based on the following 

dimensions? 

Accuracy 

Comprehensibility 

Efficiency 

Feasibility 

6 

What mapping relationship can you draw between the 

Environment/Physiology/Interaction and the Assessment 

metrics with this data strategy? 

Open-ended 7 
What other factors do you think can be included in this data 

strategy besides Environment, Physiology, and Interaction? 

8 What other data do you think can be included in this model? 

Note: 

● Accuracy, the metrics are appropriate for data collection at the given level according to the 
work context. 

● Comprehensibility, the metrics can sufficiently address how the operator manipulates the 
machine. 

● Efficiency, the metrics can efficiently quantify the operator’s behaviors. 
● Feasibility, the metrics can further be captured and logged by the machine. 
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