OPERATOR CONTROL STRATEGY IN
VIRTUAL REALITY CRANE TRAINING
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Abstract: Performance assessment in simulator-based crane training commonly
relies on task completion, task duration, and errors such as collisions. These mea-
sures describe task outcomes but provide limited insight into the operator’s control
strategy. Coordinated use of both hands and simultaneous control of multiple crane
functions are widely recognized as key challenges in crane operator training. This
study investigates whether interaction-based metrics derived directly from joystick
signals can describe bimanual joystick control and multi-axis coordination during
virtual reality mobile crane operation. Principal component analysis was used to
identify the main patterns of variability in these metrics and to explore differences
in control patterns across ten operators and their task executions. The observed
distribution in the PCA space indicated differences among operators in the com-
bined patterns of individual axis activation and simultaneous control of multiple
crane functions.
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1. Introduction

Simulation-based training has become increasingly adopted in operator training
due to its ability to provide safe, repeatable, and controlled training environments.
Unlike real-world training, simulation environments allow the same training sce-
nario to be repeatedly executed under controlled conditions, enabling trainees to
practice specific tasks multiple times while instructors provide immediate feedback.
At the same time, other participants can observe the task execution and learn from
the instructor’s feedback.

Despite these advantages, evaluation practices in simulator-based operator train-
ing still tend to emphasize task completion, task duration, and the occurrence of
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errors or collisions. In practice, these indicators are often complemented by in-
structor observation, which is valuable for training but difficult to standardize or
compare across trainees. Although these measures are useful for evaluating task ex-
ecution, they provide limited insight into how operators coordinate control inputs
during task execution.

In crane operation, coordinated bimanual control has been identified by in-
structors as an important aspect of operator training. Operators are required
to simultaneously manipulate multiple functions using two joysticks, where each
joystick axis controls a different movement of the crane system. The analysis inves-
tigates whether operators differ in the relative combination of metrics describing
individual axis activation and the simultaneous control of multiple crane functions.
Accordingly, this study is focused on two objectives:

— Objective 1: To derive interaction-based metrics characterizing individual
axis activation and the simultaneous control of multiple crane functions dur-
ing VR crane operation.

— Objective 2: To explore whether operators differ in the relative combination
of these metrics across task executions.

2. State of the Art

2.1 Simulator-Based Operator Training

Simulator-based training is widely used in domains where practice on real equip-
ment is constrained by safety risks, high operating costs, limited machine avail-
ability, or the need to avoid disruption of normal operations [1,2]. A simulator
enables trainees to repeat the same task under controlled conditions and allows in-
structors to introduce hazardous, rare, or technically demanding situations without
exposing personnel or equipment to real consequences [3]. These properties are par-
ticularly relevant to heavy-machinery operation, where practical training requires
large workspaces, expensive equipment, and close supervision. Studies involving
mobile equipment, including forestry machines, have therefore examined simulators
not only as introductory training tools, but also as environments in which operators
can practise control procedures before working with real machinery [4—6].

Virtual reality extends conventional simulation by placing the trainee inside an
interactive three-dimensional representation of the working environment. This can
support spatial understanding, visual scanning, and recognition of relationships
among the machine, transported objects, obstacles, and target areas [7,8]. Such
capabilities are relevant to construction and crane operation, where safe task exe-
cution depends on continuous perception of the surrounding workspace. Immersive
head-mounted displays can increase presence and perceived realism, and their use
has been investigated in both construction-equipment safety training and crane-
operator training [9, 10]. However, immersion alone does not guarantee effective
learning. The suitability of VR depends on the training objective, the realism of the
simulated task and controls, and the correspondence between actions performed in
the simulator and those required on the real machine [2,11]. Reported limitations
include visual discomfort, cybersickness, technical restrictions, and the risk that an
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insufficiently realistic interface may train behaviours that do not transfer directly
to real operation [2,11].

Besides providing a safe training environment, simulators offer an important
methodological advantage: operator behaviour and system responses can be record-
ed automatically and under repeatable conditions. Depending on the simulation,
recorded data may include task events, completion times, errors, trajectories, ma-
chine states, and control inputs [3,12,13]. This makes it possible to compare oper-
ators, tasks, or repeated training sessions without relying exclusively on instructor
observation. Simulator data have consequently been used to examine training effec-
tiveness, skill development, and differences in operating behaviour across a range of
industrial and heavy-equipment applications [5,12,14]. The simulator can therefore
be regarded not only as a training device, but also as a standardized experimental
platform for operator assessment. This distinction is important because the infor-
mation available from the simulator may describe both the outcome of a task and
the process by which the operator achieved it.

2.2 Operator Assessment in Simulator-Based Training

Operator assessment in simulator-based training can combine instructor observa-
tion, subjective questionnaires, and objective performance measures. Instructor
feedback remains important for identifying errors and guiding further practice,
although its content may depend on the experience and judgement of the evalua-
tor [14]. Questionnaires provide complementary information about how the trainee
perceives the task and the training system. They may address workload, confi-
dence, usability, presence, or perceived usefulness [4,6,10]. Objective assessment,
in contrast, commonly relies on indicators such as task completion, completion
time, positioning accuracy, collisions, errors, or simulator scores [5,12,13]. These
indicators allow consistent comparison across operators and training sessions, but
they primarily describe the result of task execution rather than the control process
itself.

To examine how the task was performed, several studies have analysed be-
havioural and system data recorded during equipment operation. Such process-
related measures include joystick or lever activity, trajectories, movement smooth-
ness, control-input segments, and the simultaneous use of multiple machine func-
tions. Dreger et al. evaluated the development of bimanual control using the
number of joystick input segments [15]. Polowy and Rutkowski included the num-
ber of simultaneously controlled crane functions when analysing the learning curves
of harvester operators [12]. Sekizuka et al. derived indicators from excavator lever
operation and bucket movement to distinguish different levels of operator skill [13].
Other studies have combined control data with visual behaviour; for example, Kosk-
inen and Bednarik compared expert and novice forest-machine operators through
the relationship between gaze and boom movement [16]. These approaches show
that recorded interaction data can reveal differences in operating behaviour that
are not visible from task outcomes alone.

This distinction is particularly important in crane operation, where several ma-
chine functions are controlled through two hands and multiple joystick axes. Re-
search on bimanual motor learning indicates that skill acquisition involves changes
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in coordination, movement organisation, and the stability of control strategies, in
addition to improvements in task performance [17-19]. Existing studies have ex-
amined individual control inputs, input segments, or the number of simultaneously
used functions. However, these measures do not fully describe which hands and
joystick axes are combined during task execution. Less attention has therefore been
given to recurring patterns of coordinated dual-hand control and to differences in
these patterns among operators and tasks. The present study addresses this gap
by deriving interaction-based metrics that describe individual axis activity, simul-
taneous use of both axes of one joystick, and coordinated control involving both
hands. These metrics are intended to complement conventional outcome measures
and subjective assessment by providing an objective description of operator control
strategy.

3. Experimental Framework

3.1 Testing Environment

The experimental framework was designed using a virtual reality mobile crane sim-
ulator. The simulator combines a physical operator workstation with an immersive
virtual environment, allowing participants to operate the crane via a control in-
terface consistent with a real mobile crane. During each experimental session,
operator interaction with the virtual environment was continuously recorded for
subsequent analysis.

The hardware part of the simulator consists of a physical operator seat, armrests
equipped with joysticks, and a simplified cabin frame (Fig. 1, left). The simulator
platform is complemented by a Meta Quest 3 virtual-reality headset, which provides
the visual scene from the operator’s perspective (Fig. 1, right). This combination
enables the operator to interact with the virtual crane environment using physical
controls corresponding to those of a real machine.

Fig. 1 Simulator setup and operator view. The left view shows the physical simu-
lator platform with the operator seat, control interfaces, simulation computer, and
VR headset. The right view shows the virtual crane cabin and interactive scene
from the operator’s perspective.
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The virtual environment was implemented in the Unity engine. The scene
represents a construction site located on the outskirts of a municipality and was
prepared to cover a wide vertical and horizontal working range around the crane.
The workspace contains an underground level, a ground level, a vehicle loading
level, a mid-rise building level, and a high-rise building level. Loads are trans-
ferred between predefined pick-up and drop-off zones distributed around the crane
within a 360° operating area. Their distance from the cabin and their height level
vary between tasks, which creates different demands on spatial orientation and
coordinated joystick control.

Only the transported loads and the target zones were interactive. The sur-
rounding construction environment acts as a static reference scene, while collision
detection is implemented for contacts between the crane, the load, and obstacles.
When a collision occurs, the simulator provides visual and acoustic feedback. This
makes it possible to keep the training task safe and repeatable, while still preserving
operational constraints that are relevant for crane handling. Fig. 2 illustrates the
layout of the interactive scene used in the crane experiment. The left view shows
the spatial arrangement of the loads from above, while the right view presents the
height levels of the pick-up and drop-off zones.

Fig. 2 Virtual construction-site scene used in the experiment, with task-related load
positions and interaction zones highlighted in green.

3.2 Experimental Procedure

The experimental scenario was structured as a sequence of 10 load-transfer tasks.
Before the session, each participant was given time to become familiar with the
simulator environment, the joystick controls, and the task interface. Initially, only
the overall structure of the scenario was explained. The exact configuration and
order of the individual tasks were not disclosed, requiring participants to rely on
their own control strategy. Each task followed the same interaction sequence. The
task started with the visual indication of the target load. Once the load had been
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picked up, the corresponding drop-off zone was highlighted. Placing the load in the
designated drop-off zone automatically completed the current task and indicated
the next load.

The parameters of all tasks are summarized in Tab. I. Positive and negative ro-
tation angles indicate clockwise and counterclockwise cabin rotation, respectively.
The notation +45 — —90 indicates that the operator first rotates the cabin 45°
clockwise toward the load and, after picking up the load, rotates the cabin 90°
counterclockwise toward the drop-off location. The height notation (L1-L5) de-
scribes the initial position of the crane hook, the pick-up location, and the final
drop-off location of the load. For example, the sequence L2 — L1 — L4 indicates
that the crane hook is initially positioned at height level L2, picks up the load at
L1, and places it at 1L4.

Task Description Rotation (°) Height level

1 Take the load from the underground level +45 — —90 L2—L1—-14
and place it on the top of the mid-rise
building.

2 Take the load from the top of the mid-rise 0— +135 L4—L4—L1
building and place it at the underground
level.

3 Take the load from the underground level —45 — +90 L1—-L1—-L3
and place it on the vehicle.

4 Take the load from the vehicle and place  +45 — —180 L3—L3—L2
it at ground level.

5 Take the load from the high-rise building —90 — +45 L2—L5—L2
and place it at ground level.

6 Take the load from the ground level and  +45 — 4180 L2—L2—L3
place it on the vehicle.

7 Take the load from the high-rise building  +90 — —45 L3—L5—L2
and place it at ground level.

8 Take the load from the area next to the —45 — —225 L2—L2—14
vehicle and place it on the top of the mid-
rise building.

9 Take the load from the mid-rise building 0— +90 L4—-14—11
and place it at the underground level.

10 Take the load from the vehicle and place  +45 — —90 L1—-L1—L2
it at ground level.

Tab. I List of the ten crane-operation tasks, including the cabin rotations toward
the pick-up and drop-off positions and the height levels of the initial hook position,
the load, and the drop-off zone.
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3.3 Data Acquisition and Processing

The final dataset included 10 male operators. The participants represented a range
of technical professions related to crane operation, maintenance, and training.
Their ages ranged from 24 to 61 years (mean = 41.6 years, SD = 11.4 years).
Before the experimental session, the operators subjectively classified their level of
previous crane-operation experience in consultation with the experiment supervi-
sor. The novice level included Operators 2, 3, 4, and 9; the intermediate level
included Operators 1 and 7; and the experienced level included Operators 5, 6, 8,
and 10.

The four joystick axes were recorded at a sampling frequency of 30 Hz as input
values in the range from —1 to 1, where 0 represents the neutral joystick position.
The corresponding crane functions controlled by each joystick axis are summarized
in Tab. II. In addition to the joystick input signals, the recorded data included crane
state variables together with task identifiers and timestamps corresponding to task
start, load pick-up, and load placement. These event markers were subsequently
used to segment the continuous recording into individual task executions.

Prior to the analysis, missing joystick samples were replaced by the neutral
joystick position, the signals were smoothed using a median filter with a window size
of three samples, and a joystick-specific dead-zone was applied to suppress small
involuntary control inputs around the neutral position. The dead-zone intervals
were determined by comparing each joystick input signal with the corresponding
crane response. Input ranges within which changes in the joystick signal produced
no change in the corresponding response were treated as dead zones.

Label Joystick axis Crane function Dead-zone interval

LX Left side Cabin rotation [—0.20, 0.30]
LY Left forward ~ Boom extension [—0.31, 0.15]
RX Right side Boom lifting [—0.30, 0.05]
RY Right forward Rope length [—0.05, 0.05]

Tab. II Joystick axis labels, associated crane functions, and dead-zone intervals
applied to the recorded joystick input signals.

3.4 Data Analysis

The proposed interaction-based metrics were designed to characterize patterns of
joystick use and coordination rather than general task-completion performance.
Their definition was motivated by discussions with experienced crane operators and
training specialists during the preparation of the experimental framework, which
identified coordinated bimanual control as one of the key skills developed during
crane operator training. The proposed interaction-based metrics are summarized
in Tab. III.

The proposed interaction-based metrics are grouped according to the type of
joystick activity they describe. The first group quantifies the activity of individual
joystick axes, the second group describes simultaneous dual-axis control of a single
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joystick, and the remaining metrics characterize coordinated dual-hand control.
The single-axis and dual-axis metrics are not mutually exclusive because simulta-
neous dual-axis operation inherently includes the activity of both individual axes.

In contrast, the dual-hand metrics (DHS, DHC, DHT, and DHD) are defined as
mutually exclusive coordination states, ensuring that each sample involving both
hands is assigned to exactly one category according to the number and combination
of active joystick axes. This exclusive definition enables a consistent quantification
of different levels of bimanual coordination while preventing multiple assignments
of the same control action.

Metric Active joystick axes Description

LX, LY LX, LY Activity of an individual joystick axis.

RX, RY RX, RY

SHDL LX + LY Simultaneous control of both axes of one

SHDR RX + RY joystick.

DHS LX + RX or LY + RY  Simultaneous use of both hands,

DHC LX + RY or LY + RX  controlling the same/opposite axes.

DHT LX + LY + RX/RY Simultaneous use of both hands with
RX + RY + LX/LY exactly three active joystick axes.

DHD LX + LY + RX + RY  Simultaneous use of both hands with all

four joystick axes active.

Tab. III Interaction-based metrics used to characterize patterns of joystick use and
coordination, including the corresponding joystick-axis combinations and descrip-
tions.

The recorded time-series data were segmented into individual tasks using the
predefined event markers stored in the measurement logs. Each task was identified
by three consecutive events: START, PICKUP, and DROP. The interval between
START and DROP was considered a single task execution and treated as an in-
dividual observation for subsequent analysis. Since the experimental scenario was
designed as a continuous sequence of tasks, each DROP event was immediately
followed by the START event of the next task.

For each task, the occurrence of every interaction metric was quantified as
the relative proportion of samples in which the corresponding activity state was
present. Let S;(t) denote the binary activity state associated with interaction
metric ¢, where S;(t) = 1 if the activity state is present at sample ¢, and S;(t) =0
otherwise. The value of each interaction metric was then computed as

1 N
Mi = ;Sm, (1)

where M; denotes the value of the ith interaction metric (¢ = 1,...,10), N is the
total number of samples within the segmented task, and S;(t) is the binary activity
state corresponding to interaction metric i, as defined in Tab. III. Consequently,
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each interaction metric represents the relative proportion of task duration during
which the corresponding interaction state was observed.

Each segmented task was treated as an individual behavioral observation and
represented by a ten-dimensional feature vector containing the interaction metrics
computed from the joystick activity states of the corresponding task,

x; = [Mjq];2 x; € RIX10, (2)

=17

where Mj; denotes the value of the ith interaction metric for the jth task observa-
tion. The feature vectors corresponding to all task observations were subsequently
assembled into the feature matrix

X1
X2

X=| . |, X € R/*10, (3)
XJ

where J denotes the total number of behavioral observations. Given the limited
dataset and the exploratory nature of the study, each of the ten distinct tasks
performed by each operator was treated as a separate observation, allowing task-
related variability to be represented in the analysis. The resulting feature matrix
consisted of 100 rows (10 operators x 10 tasks) and 10 columns corresponding to
the proposed interaction metrics.

Prior to principal component analysis (PCA), the feature matrix X was stan-
dardized using z-score normalization to obtain zero mean and unit variance for each
interaction metric, thereby eliminating scale differences and ensuring comparable
contribution of all variables to the analysis. The standardized feature values were
computed as

Tos — L
Zji = ﬂva (4)
where z;; denotes the value of the ith interaction metric for the jth task obser-
vation, while p; and o; represent the mean value and standard deviation of the
ith interaction metric computed across all task observations. The standardized
observations were subsequently arranged into the feature matrix

Z=| . |, Z € R7*10, (5)

where J denotes the total number of task observations. The next step consisted
of computing the covariance matrix to quantify relationships and patterns of joint
variability among the extracted interaction metrics. The covariance matrix was
computed as

1
C= ﬁsz, (6)
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where C € R10*10 denotes the covariance matrix. Principal directions of variability
were subsequently determined by solving the eigenvalue problem

Cv = \v, (7)

where v denotes an eigenvector and A the corresponding eigenvalue. The eigenvec-
tors were subsequently sorted in descending order according to their corresponding
eigenvalues, such that the principal components explaining the largest proportion
of variance were placed first. The eigenvectors were arranged into the loading
matrix

W:[Vl,Vg,...,Vlo], WERlOXlO, (8)

The standardized feature matrix was subsequently projected onto the principal
component space according to

Y = ZW, (9)

where Y € R7*19 contains principal component scores for all task observations.
The PCA was implemented in MATLAB using the built-in pca() function, which
returned three principal outputs: coeff, score, and latent, corresponding to the
loading matrix W, the principal component scores Y, and the eigenvalues A, re-
spectively.

Task duration was not included as an additional interaction metric or as an
input variable in the PCA because the analysis focused on the relative use of
joystick control strategies rather than on general task-completion performance or
operator ranking. Nevertheless, task duration already affects the proposed inter-
action metrics through their normalization by the total number of samples in each
task execution: a prolonged period of inactivity would increase the task duration
and consequently reduce the relative activation of the corresponding control states.
Absolute task duration was therefore reviewed separately as a data-quality indica-
tor to identify unusually long executions and to verify, through inspection of the
corresponding joystick time series, whether they contained prolonged inactivity or
recording errors that could distort the interaction metrics.

4. Results

This section focuses on interaction metrics derived from joystick activity, with each
task execution represented by the relative occurrence of single-axis activity, within-
hand dual-axis control, and coordinated bimanual control. Principal component
analysis was used to identify the main patterns of variability in these metrics and to
describe differences in operator control strategies. The results include an overview
of PCA loading coefficients, the distribution of operators and task executions in
the PCA space, and examples of the underlying control-signal patterns for selected
operators and tasks.
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4.1 PCA Loadings Analysis

The PCA loading analysis focused on the first three principal components, which
together accounted for 71.89 % of the total variance in the dataset. The loading
coeflicients describe the contribution of individual interaction metrics to each com-
ponent, with higher absolute values indicating stronger contributions. The sign of
the loading indicates the direction of the relationship within the PCA space. The
corresponding loading coefficients and the variance explained by each component
are reported in Tab. IV.

Metric PC1 PC2 PC3

LX ~0.1593 ~0.3369 0.5155
LY 0.2810 0.4921 0.1448
RX 0.3772 —0.3427 ~0.0078
RY 0.3844 ~0.2006 —0.2495
SHDL 0.2144 0.3554 0.5213
SHDR 0.4355 ~0.3321 —0.0706
DHS 0.2574 0.2468 ~0.3494
DHC —0.1297 —0.4196 0.1951
DHT 0.4755 ~0.1008 0.1385
DHD 0.2462 0.0520 0.4413
Explained 32.85 924.09 14.95

variance (%)

Tab. IV PCA loading coefficients for the ten interaction-based metrics across the
first three principal components. The final row reports the variance explained by
each component.

PC1 explained 32.85 % of the total variance and was mainly defined by DHT
(0.4755), SHDR (0.4355), RY (0.3844), and RX (0.3772). This indicates that the
strongest source of variability was associated with right-hand activity and three-
axis bimanual coordination. The opposite direction of this component was repre-
sented mainly by LX (—0.1593) and DHC (—0.1297), although their lower absolute
values indicate a weaker contribution. PC2 explained 24.09 % of the variance
and was characterized primarily by LY (0.4921) and DHC (—0.4196), suggesting
a contrast between left-hand forward control and cross-hand coordination. PC3
explained 14.95 % of the variance and was mainly associated with SHDL (0.5213),
LX (0.5155), and DHD (0.4413), indicating variability related to left-hand dual-axis
control and full four-axis coordination.

4.2 PCA Score Analysis by Operator

To examine operator-specific control strategies, the mean PC1 and PC2 scores
were calculated for each operator across all task executions. The mean position
represents the operator’s average interaction pattern in the PCA space, while the
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standard deviation in both directions indicates the variability of this pattern across
tasks. These operator-specific scores and their standard deviations are shown in
Fig. 3. Operators 3 and 4 occupied opposite diagonal regions of the PCA space,
suggesting clearly different control strategies. Operator 3 was positioned towards
negative PC1 and positive PC2 values, whereas Operator 4 showed the opposite
tendency, with positive PC1 and negative PC2 values. Operator 10 was located
closer to the center of the PCA space, but showed one of the largest standard
deviations, suggesting that this operator adapted the control strategy more strongly
to the characteristics of individual tasks.

Operators in PCA space: mean + STD
T T T

(@)
S

Mean PC2 (24.1%)

f @) 1

4 L L L I L L L
-3 -2 -1 0 1 2 3

Mean PC1 (32.9%)

Fig. 3 Mean PC1 and PC2 scores for individual operators across all task executions.
Horizontal and vertical error bars indicate the corresponding standard deviations.

The interpretation of the operator score distribution was further supported by
the z-score heatmap of mean interaction metrics for individual operators shown in
Fig. 4. The values indicate whether each operator used a given interaction metric
more or less frequently than the dataset average. Operator 4 showed above-average
values for RX, RY, SHDR, DHT, and DHD, together with a below-average value
of LY, which is consistent with its position in the positive-PC1 and negative-PC2
region and indicates a strategy characterized by pronounced right-hand activity
and coordinated multi-axis control. In contrast, Operator 3 showed below-average
values across most interaction metrics, particularly RX, RY, SHDR, and DHT,
consistent with its negative PC1 position. Operator 10 was located close to the
center of the PCA space, and the heatmap confirmed that most of its interaction
metrics remained close to the dataset average. Only SHDR and DHT showed
clearly above-average values, which contributed to a slight shift towards positive
PC1 and negative PC2.
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Fig. 4 Z-score heatmap of the mean interaction-based metrics for individual op-
erators. Positive and negative values indicate values above and below the dataset
mean, respectively.

4.3 PCA Score Analysis by Task

The PCA score distribution for individual tasks was used to compare control pat-
terns across task executions. Fig. 5 shows the mean PC1 and PC2 scores for
individual tasks. Tasks with similar demands on crane-function use, particularly

Tasks in PCA space: mean + STD
T T T

o

Mean PC2 (24.1%)

—o——
._‘

-4 1 1 1 | 1 1 1
-3 -2 -1 0 1 2 3
Mean PC1 (32.9%)

Fig. 5 Mean PC1 and PC2 scores for individual tasks across all operators. Error

bars indicate the corresponding standard deviations.
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in terms of cabin rotation and vertical movement, were located close to each other
in the PCA space. Tasks 5 and 7 were located close together and both involved
load manipulation on the high-rise building.

In contrast, Tasks 1, 2, and 9 formed a separate group associated with the
mid-rise building. Task 8 was located between these two groups. Although its
target was on the mid-rise building, the task allowed different trajectory choices:
operators could either use a path with a larger cabin rotation or choose a shorter
rotation path through the highest part of the working area. Since the trajectory
was not prescribed, the position of Task 8 in the PCA space may reflect these
alternative control patterns. Task 4 formed a distinct case, characterized mainly by
cabin rotation and only a small vertical difference between the initial and final load
positions. Overall, the correspondence between the predefined task characteristics
and their positions in the PCA space indicates that the proposed metrics captured
differences in the control demands of the scenarios and supports the suitability of
the task design for representing diverse combinations of crane-function use.

The heatmap for individual tasks shown in Fig. 6 provides a direct comparison
of the z-score values of interaction-based metrics across individual tasks. It shows
which metrics were above or below the dataset average for each task and helps
relate the PCA score distribution to specific control patterns. Task 10 showed a
clearly increased value of LX, reflecting the dominant use of cabin rotation during
task execution. In contrast, Task 4 showed below-average values across most inter-
action metrics, indicating lower relative activation of the control and coordination
states represented by these metrics. Tasks 1, 2, and 9 showed similar profiles, with
increased values of coordinated metrics DHT and DHD, together with higher right-
hand activity represented by RX and RY. These similarities in the metric profiles
correspond to the proximity of these tasks in the PCA space and show how the
proposed metrics can be used to assess the control demands of individual tasks.

Mean interaction metrics per task (z-score)

1 2
2 1.5
3
1
4
0.5
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Task ID

)

S

Metric

Fig. 6 Z-score heatmap of the mean interaction-based metrics for individual tasks.
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4.4 Task Duration Overview

Task duration was examined as a complementary measure to identify unusually
long executions and support the inspection of potential outliers. Fig. 7 shows the
total duration of each operator—task combination together with the durations of
the two task phases: from task start to load pick-up and from pick-up to drop-off.

Execution times varied across both tasks and operators. The longest total du-
ration was observed for Operator 3 in Task 2 and was primarily associated with
the start-to-pick-up phase. A longer execution was also observed for Operator 8 in
Task 7, again mainly before load pick-up. The pick-up-to-drop-off phase showed
lower absolute durations but noticeable variability, particularly for Tasks 1 and 8.
Overall, the heatmaps indicate that longer execution times occurred in individ-
ual operator—task combinations rather than consistently across all executions of a
particular task. Recordings with notably longer durations were inspected, and no
prolonged inactive periods that would justify their exclusion from the analysis were
identified.
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Fig. 7 Task duration for all operator—task combinations. The panels show total
task duration, duration from task start to load pick-up, and duration from pick-up
to drop-off. Colors represent duration in seconds.

4.5 Selected Operator—Task Comparison

Tasks 4 and 8 were selected as illustrative examples of different control demands.
Task 4 required cabin rotation and involved only a small vertical difference be-
tween the initial and final load positions, whereas Task 8 required the load to be
transferred from a position close to the crane to a mid-rise building located on the
opposite side. Its execution combined substantial cabin rotation with adjustments
of the boom configuration and rope length.

As shown in Fig. 8, Tasks 4 and 8 produced different distributions of operator
scores in the PCA space. The scores for Task 4 were located mainly towards
negative PC1 values for most operators, whereas the scores for Task 8 extended
towards higher PC1 and PC2 values. As also indicated by the metric heatmap in
Fig. 6, Task 4 was characterized primarily by LX and RY activation, together with
the corresponding DHC coordination metric. This reflects the nature of the task,
in which operators relied mainly on cabin rotation and rope-length adjustment.

In contrast, Task 8 was characterized by an above-average proportion of SHDL,
indicating simultaneous cabin rotation and boom-extension adjustment. This cor-
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Task-specific operator distribution in PCA space
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Fig. 8 PC1-PC2 score distribution of individual operators for Tasks 4 and 8. Each
labeled point represents an operator’s score for the corresponding task.

responds to the loadings in Table IV, where LY and SHDL contribute to positive
PC2 scores. Right-hand activation metrics and DHT have positive PC1 and neg-
ative PC2 loadings, whereas DHD has a positive PC1 loading and only a small
positive PC2 loading, placing it close to the PC1 axis. The broader distribution
of Task 8 scores therefore reflects differences among operators in the particular
combination and coordination of control inputs used to complete the task.

Based on their average scores in the PCA space, Operators 3, 4, and 10 were
selected as illustrative examples of different control patterns and for a closer in-
spection of the original time-series data. Operators 3 and 4 represented contrasting
control patterns in the PCA space, with Operator 3 positioned towards negative
PC1 and positive PC2 values and Operator 4 showing the opposite tendency. Op-
erator 10 was positioned closer to the centre of the PCA space, but its Task 8 score
shifted markedly towards positive PC1. Their Task 8 recordings were therefore
visualized to show how the differences captured by the proposed metrics appear in
the original joystick inputs, normalized crane responses, task phases, task duration,
and the relative occurrence of dual-hand coordination metrics.

Fig. 9 shows the original control signals (blue) and crane function responses
normalized to the range [0,1] (orange) for the selected operators during Task 8.
The SCENARIO markers indicate task start, load pick-up, and load drop-off. The
side panel reports the duration of each phase and the total task duration. It also
includes the relative occurrence of the dual-hand coordination metrics DHS, DHC,
DHT, and DHD. Operator 10 showed the highest proportion of DHD (0.062) and
also a high value of DHT (0.231). Operator 4 showed increased values mainly
for DHC (0.127) and DHT (0.187). Operator 3 had the highest value of DHC
(0.207), while the remaining coordinated metrics were low compared with the other
displayed operators.
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Fig. 9 Control inputs and normalized crane responses for selected operators dur-
ing Task 8. The blue curves represent joystick control signals, the orange curves
represent normalized crane responses, and the markers indicate scenario events.
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5. Discussion

The results show that joystick-derived interaction metrics can provide a structured
description of bimanual control patterns during VR crane operation. In this con-
text, PCA scores were used to compare similarities between operators and task
executions, while loading coefficients helped identify which interaction-based met-
rics contributed most strongly to the observed variability. The main contribution
of the study is therefore the demonstration that the relative use and coordination
of joystick axes can provide additional information about operator control patterns
beyond the inspection of raw control signals or conventional task-performance mea-
sures alone.

Task duration was used to contextualize the time-series recordings and iden-
tify atypical task executions for further inspection as potential outliers. Although
shorter completion times may indicate more fluent execution, they do not explain
how the operator used and coordinated the controls. Task duration was also used
to normalize the interaction metrics, which represented the relative occurrence of
individual joystick activation and coordination states. Consequently, inactive pe-
riods and sequential rather than simultaneous inputs could affect the distribution
of these metrics.

Operators assigned to the same experience level were expected to exhibit similar
control patterns. However, no consistent similarities corresponding to the prede-
fined experience levels could be identified in the dataset. This may partly reflect
the subjective classification of operator experience, together with the small and
unbalanced groups. The analysis focused on observable differences between indi-
vidual operators rather than on validating an expert—novice classification. The
observed control patterns therefore cannot be interpreted as more or less appro-
priate without a task-specific expected strategy defined by the trainer or scenario
designer.

The immersive nature of VR provides a suitable environment for practising bi-
manual control and coordination. However, simulator-induced motion sickness may
limit its suitability for some participants, while limited physical fidelity restricts
the transferability of findings to real crane operation. Previous experience with
VR systems was not systematically recorded and could therefore not be consid-
ered when interpreting differences between operators. The proposed assessment is
therefore intended primarily to support bimanual control training; proficiency in
the simulator does not demonstrate competence in operating a real crane, although
acquired sensorimotor familiarity may facilitate subsequent adaptation.

Future work should validate the proposed metrics using a larger and more bal-
anced dataset, with operator experience levels defined according to objective and
reproducible criteria. Trainer assessments could help determine how the identified
control patterns relate to task execution quality and support the definition of task-
specific expected strategies. Repeated measurements could further show whether
the interaction metrics capture changes in control strategy during training and
contribute to more targeted feedback.
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6. Conclusion

This study investigated whether joystick-derived interaction metrics can be used
to describe bimanual control during VR crane operation. The proposed metrics
quantified the relative use of individual joystick axes, simultaneous control within
each hand, and coordinated control across both hands. PCA showed differences
in the relative representation of these metrics across individual task executions.
However, no consistent control strategies corresponding to task types or predefined
operator experience levels could be identified.

The results demonstrate that interaction-based metrics provide information
about how operators use and coordinate joystick inputs that is not captured by task
completion time alone. Their interpretation nevertheless requires a task-specific
expected strategy and validation against conventional performance measures and
trainer assessments. Future studies using larger and more balanced samples and re-
peated measurements should determine whether these metrics can capture changes
in bimanual control during training and contribute to more targeted simulator-

based feedback.
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