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Abstract

This study investigates how control modalities and recognition accuracy influence construc-
tion workers’ trust and acceptance of collaborative robots. Sixty participants evaluated
voice and gesture control under varying levels of recognition accuracy while performing
tiling together with collaborative robots. Experimental results indicated that recognition
accuracy significantly affected perceived enjoyment (PE, p = 0.010), ease of use (PEOU,
p = 0.030), and intention to use (ITU, p = 0.022), but not trust, usefulness (PU), or attitude
(ATT). Furthermore, the interaction between control modality and accuracy shaped most
acceptance factors (PE, p = 0.049; PEOU, p = 0.006; PU, p = 0.006; ATT, p = 0.003, and ITU,
p < 0.001) except trust. In general, high recognition accuracy enhanced user experience and
adoption intentions. Voice interfaces were favored when recognition accuracy was high,
whereas gesture interfaces were more acceptable under low-accuracy conditions. These
findings highlight the importance of designing high-accuracy, task-appropriate interfaces
to support technology acceptance in construction. The preference for voice interfaces under
accurate conditions aligns with the noisy, fast-paced nature of construction sites, where effi-
ciency is paramount. By contrast, gesture interfaces offer resilience when recognition errors
occur. The study provides practical guidance for robot developers, interface designers, and
construction managers, emphasizing that carefully matching interaction modalities and
accuracy levels to on-site demands can improve acceptance and long-term adoption in this
traditionally conservative sector.

Keywords: human–robot interaction; collaborative robot; user acceptance; control modality

1. Introduction
With advances in sensor technologies, control systems, and safety-certified designs,

robots have gradually worked safely side by side with human workers. Collaborative
robots, or cobots, are equipped with force-limiting actuators, real-time vision systems,
and smart feedback mechanisms that enable them to adapt to dynamic environments
and safely interact with people. Cobots are increasingly used across various industries
to enhance efficiency, improve safety, and support human workers. Some representative
examples include their use in shipbuilding [1], logistics [2], manufacturing [3], food and
beverage [4], and pharmaceutical industries [5]. As compared to other industries, the
construction industry has been slow to adopt cobots because its work environments are
unstructured, dynamic, and exposed to the outdoors, featuring irregular tasks that pose
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significant challenges [6]. Unlike structured factory settings, dynamic construction sites
require humans and cobots to coordinate complex tasks in real time. This makes designing
effective interfaces particularly difficult. Based on the needs, this study investigated
actionable guidance for selecting and configuring interfaces, thereby supporting near-term
adoption and day-to-day usability of cobots in construction.

1.1. Characteristics of Construction Industry

The construction industry has traditionally been characterized by labor-intensive pro-
cesses, volatile working conditions, and fragmented project delivery methods. These persistent
challenges have prompted researchers and practitioners to seek automation solutions that can
improve safety, productivity, and quality. Recent attention has turned toward collaborative
robots to address labor shortages, reduce workplace hazards, and enhance construction effi-
ciency. Unlike traditional industrial robots, which often require physical barriers or safety cages,
cobots are equipped with sensors and intelligent controls that enable real-time interaction with
human co-workers [7]. As such, cobots hold the promise of increasing productivity without
replacing human labor outright, instead augmenting skilled workers’ capabilities.

The construction industry presents a uniquely challenging context for the adoption of
cobots, due to its unstructured environments, dynamic workflows, and reliance on manual
labor. Unlike manufacturing environments, where cobots have been widely adopted in
structured settings with repeatable tasks, construction sites are characterized by irregular
terrains, variable lighting, unpredictable schedules, and constantly changing configura-
tions [6]. These characteristics introduce substantial complexity in integrating cobots,
particularly regarding mobility, perception, and task adaptability.

One major constraint is the low level of standardization across construction projects.
Tasks often vary significantly by location, scale, and design, which makes pre-programmed
automation less effective. Cobots, which excel in repetitive, semi-structured operations, require
contextual awareness and real-time adaptability to operate safely and productively on-site [8,9].
Furthermore, construction work typically involves close human collaboration, requiring cobots
to interact not only with physical materials but also with human co-workers. This amplifies the
need for robust safety mechanisms, intuitive interfaces, and real-time interaction models.

1.2. Cobots in Construction Industry

Despite these challenges, there have been successful demonstrations of cobots in
specific construction tasks. For example, the semi-autonomous rebar tying robot devel-
oped has been deployed on bridge construction projects, significantly reducing labor time
and physical strain on workers [10]. Other successful applications include robotic sys-
tems for drywall installation, bricklaying, and on-site 3D concrete printing, which have
demonstrated the potential for cobots to improve consistency, speed, and worker safety in
repetitive or ergonomically taxing tasks [11]. These projects showcase how task-specific
cobots can be effectively integrated into workflows when environmental variables are
controlled and when human–robot task division is well-designed.

However, limitations remain in scalability and generalization. Many of the successful
deployments have been in pilot or controlled demonstration settings, often with significant
pre-site calibration or constrained operational areas. Moreover, interaction interfaces in these
systems are often rudimentary, relying on tablet controls or manual overrides, which may
not suit multitasking workers who are constantly shifting between roles. As a result, the full
potential of cobots in construction is yet to be realized. To move forward, future research must
address not only robotic autonomy and sensing, but also human–robot interaction (HRI) tailored
to construction contexts.
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Preferred mode of front-end control on construction sites would be gesture or voice because
these natural modalities align with the site’s practical constraints—workers’ hands and gaze are
often occupied, ambient noise is high, layouts change frequently, and safety demands minimal
workflow interruption. Gesture interfaces are acoustically immune and increasingly robust
thanks to vision/depth sensing, while depth sensors mitigate prior lighting issues and support
intuitive, one-handed command vocabularies [12,13]. Voice interfaces offer hands-free, eyes-free
control with strong performance when signal-to-noise is managed [14].

Taken together, a good combination of gesture/voice with proper recognition accuracy
would facilitate the acceptance of cobots in a construction site. Recent advancements in
machine learning improved multimodal interaction with robots [15,16], but the empir-
ical accuracy of gesture/voice recognizers needs to be verified. Voice and gesture are
natural, low-friction modalities but fail for different reasons: voice degrades with signal-
to-noise ratio and reverberation; gesture degrades with camera field-of-view, occlusion,
lighting, and personal protection equipment. Accordingly, we anticipate that recogni-
tion accuracy will moderate modality preferences, such that the relative acceptability of
voice versus gesture-including interfaces varies across accuracy conditions. We include
trust as a hypothesized outcome because HRI theory links trust to antecedents—reliability,
transparency/observability, predictability/legibility, and workload—that differ by front-
end modality. Recognition accuracy operationalizes reliability, a primary driver of trust
calibration. Thus, we test modality, accuracy, and their interaction on trust alongside
acceptance [17,18]. The following are the proposed research questions and hypotheses.

RQ1: How do modality and recognition accuracy influence trust and acceptance?

H1 (modality): Control modality (gesture, voice, gesture + voice) affects users’ trust and technology
acceptance.

H2 (accuracy): Higher recognition accuracy increases users’ trust and technology acceptance.

H3 (interaction): Recognition accuracy and control modality interact such that the impact of
accuracy on attitude and trust varies across modalities.

2. Methods
An empirical study was conducted to examine the effects of control modality (voice

and gesture) and recognition accuracy on user trust and acceptance of a collaborative
robot. Volunteer participants performed a tile-laying task, chosen to simulate direct human–
robot interaction in a realistic work environment, using interfaces with varying accuracy
levels. Following the interaction, participants’ trust and acceptance were measured using a
questionnaire survey. The study protocol was reviewed and approved by the Institutional
Review Board (SSU-202202-HR-413-1), and all participants provided written informed
consent before participating in the experiment.

2.1. Experimental Setup

A collaborative tiling scenario was implemented using a 6-DOF industrial cobot (UR10,
Universal Robots, Odense, Denmark) equipped with a four-cup vacuum gripper, a vertical
mounting panel lined with hook-and-loop fabric, and fifteen acrylic surrogate tiles of full
size plus pre-cut edge pieces. The cobot, pre-programmed in RoboDK, placed full-size
tiles in a specified sequence; the participant then seated each tile using a rubber mallet and
installed the pre-cut pieces to close perimeter gaps. A floor-level pickup zone was marked
to the robot’s right for tile retrieval. Interaction hardware comprised an action camera
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(for gesture capture), a close-talk microphone (for voice input), and a loudspeaker (for
feedback prompts). To approximate site conditions, illuminance and ambient noise were
reproduced from field measurements; audio recorded at an active tiling site was looped
and level-matched to the measured sound-pressure level. An overview of the apparatus—
including the robot, vacuum gripper, tiles, vertical panel, pickup zone, rubber mallet,
camera–microphone–speaker set, and participant workspace—is provided in Figure 1.

Figure 1. Experimental setup and schematic diagram of robot control systems.

2.2. Independent Variable Manipulations
2.2.1. Modality

Gesture and voice are widely regarded as natural, intuitive means of expression and
thus enable fluid human–robot communication [19]. However, they have different charac-
teristics in production, coding, environmental susceptibility, and operational implications.
Gestures require hand/arm motion, while voice relies on vocal fold excitation and ar-
ticulation; thus, gestures remain viable when speech is masked or disruptive, whereas
voice works when hands are occupied or fine motor gestures are infeasible. Gestures are
camera-dependent and directional—effective only within the sensor’s field of view and
free of occlusion—whereas voice is effectively omnidirectional from the user’s standpoint,
making it viewpoint agnostic but sensitive to signal-to-noise ratio. Encoding diverges
as well: gesture recognition performs spatiotemporal coding of pose and trajectory into
symbolic commands, while speech recognition performs verbal (phonetic to lexical) coding
into words. In practice, gestures degrade with occlusion, poor lighting, clutter, and per-
sonal protection equipment; voice degrades with high noise, reverberation, and competing
talkers but improves with close talk headsets and constrained grammars.

On construction sites, combining the two strengthens the control channel; augmenting
gesture commands with voice makes the interaction closely resemble human–human
communication [20]. Accordingly, the interface factor in this experiment included three
levels: gesture-only, voice-only, and gesture + voice (multimodal).

Based on the prior pilot study, the command set comprised six words: Emergency
Stop, Pre command, Start, Stop, Faster, and Slower. The primary control objective was to
regulate the cobot’s motion speed. Emergency Stop had the highest priority and did not
require a pre-command [21]. For all other commands, a pre-command was issued before
the main instruction. In the gesture condition, participants delivered the pre-command
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and the main command as a continuous sequence of movements. In the voice condition,
participants first performed a “call” behavior—functionally akin to addressing the robot by
name—before stating the command. In the combined condition, participants used both
simultaneously, but any one input identified first was accepted as a valid command.

2.2.2. Accuracy

To operationalize channel quality in the human–robot interface, we manipulated
recognition accuracy at two levels—high and low—informed by prior reports on gesture
and voice performance. Published results place gesture recognition in the 93–99.16%
range across static and dynamic command sets (e.g., [13]), whereas voice recognition
spans 66–98%, with accuracy degrading as speaker–microphone distance increases and
as ambient noise rises [22]. Consistent with these findings, voice was treated as more
environmentally sensitive than gesture.

Accordingly, we specified the following target accuracies for the experimental ma-
nipulation. In the high-accuracy condition, both gesture and voice interfaces were set to
95% recognition. For the multimodal (gesture + voice) condition, we adopted a disjunctive
fusion assumption—i.e., a command is accepted if either modality recognizes it—yielding
a combined target of 99.75% (1 − (1 − 0.95)2). In the low-accuracy condition, gesture
and voice were each set to 80%, with the multimodal target set to 96% under the same
fusion rule. These values reflect realistic single-modality ranges observed in the literature
while capturing the expected robustness gains from redundant, complementary modalities.
After each command, recognition success or failure was communicated to participants
via an auditory cue played through the speaker, providing immediate feedback without
interrupting task flow.

2.3. Dependent Variables and Measurements

The dependent variables were analyzed on the basis of trust and technology accep-
tance. In addition to defining each construct, we describe the measurement instruments
employed. All measures were administered individually to participants immediately after
each experimental session. The questionnaires were originally authored in English and
were translated into Korean for administration.

Trust is a critical determinant of successful human–robot interaction and a prerequisite
for user acceptance; accordingly, this study measured participants’ trust in the collaborative
robot. Operationally, trust was defined as the participant’s belief in, and willingness to
work with, the cobot under each control modality. To quantify trust across combinations
of control modality and recognition-accuracy level, we adopted the trust in automation
questionnaire, which is widely used in robotics and related fields [23]. The instrument
comprises 12 items rated on a 7-point Likert scale.

We posit that users’ intention to adopt collaborative robots is positively associated
with trust; consequently, acceptance may vary across experimental conditions. To assess
the effects of control modality and recognition-accuracy level on acceptance, participants
completed a questionnaire following each session based on the Technology Acceptance
Model (TAM) [24] and the instrument proposed by Park and Del Pobil [25]. The survey
included five constructs, each with four items: Perceived Enjoyment (PE), Perceived Ease
of Use (PEOU), Perceived Usefulness (PU), Attitude toward Use (ATT), and Intention to
Use (ITU). Individual items were adapted to the context of this study.

2.4. Experimental Design

To compare the relative efficacy of interaction modalities, it was essential that each par-
ticipant experience all levels of the control-modality factor; therefore, a within-subjects design
was used for control modality, and the order of modality conditions was randomized for each
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participant to mitigate idiosyncratic bias and order effects. By contrast, recognition accuracy was
manipulated between subjects: exposing a participant to both accuracy levels would confound
factor effects and introduce unavoidable learning because the same tasks are repeated under
each level. A between-subjects manipulation ensures that participants exposed to one accuracy
level cannot influence outcomes under the other, and participants were randomly assigned to
accuracy groups to minimize between-group differences. Thus, the resulting design is a mixed 3
(control modality: gesture, voice, gesture + voice) × 2 (recognition accuracy: high, low) factorial.
Each participant completed only the three modality conditions within the assigned accuracy
level (gesture, voice, gesture + voice)

2.5. Procedures

Participants attended individual sessions in the laboratory. Upon arrival, each partici-
pant was escorted to the experimental room and provided with a briefing on the study’s
procedures and safety precautions, after which they provided written informed consent.
The experimenter controlled the cobot from an adjacent control room—a configuration
known as a Wizard-of-Oz experiment—observing the session through a one-way mirror.
Before the task, participants viewed an instructional video and were informed that the
system’s camera and microphone enabled gesture and voice recognition.

The primary task consisted of a collaborative tile-laying sequence as outlined in Figure 2.
Upon the subsequent “start” cue, the cobot began picking tiles from the pickup zone and placing
them on the wall, after which the participant secured each placement with a rubber mallet.
During the sequence, scripted audio prompts elicited speed adjustments—after tiles 1 and 13,
participants issued a faster command, and after tiles 7 and 15, they issued a slower command. A
logistics event was introduced after tile 10, when a cue required the participant to pause the cobot,
replenish the stock of large tiles at the pickup zone, and restart the operation on instruction. In
addition, when the cobot placed tiles 1–3, the participant affixed a small tile at position 4 (left of
tile 3), and the same small-tile procedure was repeated for the remaining positions. Throughout
the task, small tiles were retrieved exclusively from the green basket, and participants were
not permitted to pre-place or hold tiles in advance. During the task, participants responded to
randomly issued emergency-stop prompts by issuing the emergency-stop command. They are
also allowed to adjust the speed even without a prompt.

 
 

Figure 2. Sequence of experimental tasks and the order of the tiles being attached.
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3. Results
3.1. Descriptive Statistics

A total of 60 participants conducted the experiment. In the high-accuracy group,
30 participants (17 men, 13 women; mean age = 23.40, SD = 2.67) and in the low-accuracy
group, 30 participants (15 men, 15 women; mean age = 23.23, SD = 3.38)—comprising uni-
versity staff, graduate students, and undergraduates—volunteered. Only five participants
had more than 10 h of prior experience with collaborative robots; three had less than 5 h;
and 52 had no prior experience.

The average and standard deviation of responsible variables are listed in Table 1.
There were no large differences across control modalities: for example, trust averaged 5.32
(SD = 1.08) with gesture, 5.20 (1.10) with voice, and 5.36 (0.95) with gesture + voice; per-
ceived enjoyment was likewise similar—5.52 (1.33), 5.55 (1.41), and 5.51 (1.49), respectively.
By contrast, the accuracy manipulation showed a consistent pattern: the high-accuracy
condition outperformed the low-accuracy condition on every measure—TRU 5.42 (0.85)
vs. 5.16 (1.13), PE 5.94 (1.11) vs. 5.11 (1.30), PEOU 5.69 (0.88) vs. 5.14 (1.02), PU 5.81
(1.07) vs. 5.29 (0.97), ATT 5.46 (1.10) vs. 4.92 (1.14), and ITU 5.51 (1.10) vs. 4.84 (1.10).
Reliability was high, with Cronbach’s α ranging from 0.803 (PEOU) to 0.957 (PE), and all
other scales ≥ 0.94, indicating excellent internal consistency.

Table 1. Average and reliability of participants’ responses according to modality and accuracy.

Variables
Modality ** Accuracy Cronbach’s

Alpha
G V G + V High Low

TRU * M
(SD)

5.32
(1.08)

5.20
(1.10)

5.36
(0.95)

5.42
(0.85)

5.16
(1.13) 0.918

PE M
(SD)

5.52
(1.33)

5.55
(1.41)

5.51
(1.49)

5.94
(1.11)

5.11
(1.30) 0.957

PEOU M
(SD)

5.39
(1.16)

5.46
(1.20)

5.40
(1.16)

5.69
(0.88)

5.14
(1.02) 0.803

PU M
(SD)

5.46
(1.20)

5.62
(1.28)

5.57
(1.33)

5.81
(1.07)

5.29
(0.97) 0.944

ATT M
(SD)

5.17
(1.47)

5.15
(1.42)

5.24
(1.37)

5.46
(1.10)

4.92
(1.14) 0.941

ITU M
(SD)

5.24
(1.34)

5.01
(1.52)

5.27
(1.39)

5.51
(1.10)

4.84
(1.10) 0.940

* TRU: trust, PE: perceived enjoyment, PEOU: perceived ease of use, PU: perceived usefulness, ATT: attitude, ITU:
intention to use, (Likert scale 1–7); ** G: gesture, V: voice, G + V: gesture and voice.

3.2. Inferential Statistics

To examine the interaction effects of the independent variables on participants’ trust
and technology acceptance after interacting with the collaborative robot, we conducted
a mixed ANOVA. Assumption checks indicated no violations. For the within-subjects
effects (modality) and the modality × accuracy interaction, Mauchly’s test of sphericity was
non-significant (p = 0.21). Levene’s tests for homogeneity of variances and Shapiro–Wilk
tests of residual normality revealed no departures from model assumptions.

Control modality did not have a statistically significant effect on trust (F(2, 118) = 0.382,
p = 0.683). Similarly, technology acceptance measures are not significant for PE
(F(2, 118) = 0.011, p = 0.989), PEOU (F(2, 118) = 0.061, p = 0.941), PU (F(2, 118) = 0.233, p
= 0.793), ATT (F(2, 118) = 0.075, p = 0.928), and ITU (F(2, 118) = 0.603, p = 0.548). Recog-
nition accuracy did not have a statistically significant effect on trust (F(1, 58) = 1.029,
p = 0.315), PU (F(1, 58) = 3.739, p = 0.058), or ATT (F(1, 58) = 3.446, p = 0.069). In contrast,
accuracy significantly affected PE (F(1, 58) = 7.077, p = 0.010), PEOU (F(1, 58) = 4.971,
p = 0.030), and ITU (F(1, 58) = 5.509, p = 0.022). For all significant effects, higher recognition
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accuracy yielded higher scores, i. e. greater perceived enjoyment (PE), greater perceived
ease of use (PEOU), and stronger intention to use (ITU) relative to low accuracy. The
interaction between control modality and recognition accuracy was not significant for
trust (F(2, 116) = 0.186, p = 0.812). In contrast, significant interaction effects were found in
the acceptance variables. Significant interactions were observed for PE (F(2, 116) = 3.134,
p = 0.049), PEOU (F(2, 116) = 5.347, p = 0.006), PU (F(2, 116) = 5.454, p = 0.006), ATT
(F(2, 116) = 6.500, p = 0.003), and ITU (F(2, 116) = 10.113, p < 0.001). This result indicates that
voice commands are preferred when recognition accuracy is high, but as accuracy declines,
users shift preference toward interfaces that include gestures (see Figure 3).

 

Figure 3. Interaction plot of modality × accuracy G: gesture, V: voice, G + V: gesture + voice.

4. Discussion
This study examined how control modality and recognition accuracy influence users’

trust and acceptance when applying collaborative robots to construction. Interface design
is central to human–robot interaction because it mediates how users express task intent.
When formulating modality hypotheses, we posited that, on construction sites, the burden
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of speaking loudly enough for voice commands to overcome noise would outweigh the
inconvenience of two-handed work or holding tools; accordingly, we expected a preference
for gesture. However, the main effect of control modality was not statistically significant
for any dependent variable. This diverges from prior reports that gestures are preferred in
noisy settings [21], and may reflect that some participants found gesture commands more
difficult than voice, or that the sample size lacked power to detect modest effects.

Recognition accuracy is a design factor that directly affects communication with the
robot, and we anticipated a preference for higher accuracy on construction sites. Results
indicate that higher accuracy was indeed beneficial: perceived enjoyment, perceived ease
of use, and intention to use were higher under high accuracy. In contrast, trust, perceived
usefulness, and attitude toward use were not significantly affected by accuracy. The null
effects on trust fit with trust scholarship: meta-analyses and frameworks emphasize that
trust is driven by perceived reliability over time, transparency, and appropriate automation
behavior, and it often changes slowly relative to short laboratory exposures. In other words,
short exposure to collaborative work sessions may have been underpowered to shift trust,
even while acceptance facets (PE, PEOU, ITU) were sensitive to recognition accuracy [26].
Longer-horizon or longitudinal designs, richer explanations/visualizations of robot intent,
and repeated performance with few errors are typically needed to calibrate trust. Also,
heterogeneity in participants’ prior robot familiarity and exposure may dilute effects.

Given site noise, we further expected constraints on voice at low accuracy. Combining
control modality with recognition accuracy yielded significant interactions for PE, PEOU,
PU, ATT, and ITU. Voice with high recognition accuracy increased acceptance, consistent
with participants’ perception that accurate speech recognition did not interrupt workflow.
Conversely, under high accuracy, gesture reduced acceptance because issuing gestures was
perceived to break task flow; gesture + voice also reduced acceptance despite its higher
nominal recognition rate, as simultaneous gesturing and speaking introduced cognitive
load. Under low accuracy in noisy conditions, voice was perceived as more disruptive
than gesture-including interfaces, indicating that these interfaces were more effective when
recognition reliability was limited. These results echo prior work reporting that speech
is often the most intuitive channel when signal-noise ratio and microphones are well-
managed, whereas gesture is robust to acoustic noise and thus helpful in harsh shop-floor
conditions [19]. Overall, voice outperformed gesture-including interfaces at high accuracy
across enjoyment, ease of use, usefulness, attitude, and intention, aligning with the view
that voice is more intuitive and natural than gesture [27]. At low accuracy, gesture-including
interfaces outperformed voice, consistent with evidence that gestures are advantageous in
noisy environments [21].

The gesture + voice interface was sometimes less acceptable due to the added cogni-
tive load moderates the standard “multimodal is better” claim. Multimodal HRI typically
assumes complementary or disambiguating fusion (e.g., speech “place there” + pointing),
but simultaneous, redundant issuing can create dual-task costs. Future designs should
favor semantic fusion (sequential or role-split inputs) and lightweight confirmations, as
recommended by multimodal interface studies and AR-for-robotics work that emphasize
transparency and operator focus [19]. The mixed results align with broad human–robot col-
laboration surveys showing that “no single interface wins everywhere”; instead, usability
depends on task, environment, and system design. Industrial reviews consistently recom-
mend natural user interfaces coupled with clear feedback and safety scaffolds, but also
warn that environmental constraints strongly shape performance—precisely the pattern
you observed across accuracy conditions [9].

In a representative scenario, the cobot’s interface would adapt to the operational
context. It would default to voice control in low-noise environments and autonomously
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switch to gesture recognition when ambient noise increases, confirming the transition
with audio-visual cues. Should noise levels drop while the user’s speech is impeded by
a mask or face shield, the system would adopt a hybrid model, reverting to voice for
general commands but retaining gestures for safety-critical functions. This strategy ensures
workflow continuity and user acceptance across dynamic conditions. These findings are
likely to generalize to other domains, such as mining and agriculture, that share core char-
acteristics with construction, like high ambient noise, variable lighting, frequent occlusions,
and workers operating with personal protection equipment(PPE) while multitasking. In
such settings, the same modality–accuracy tradeoff could apply. Accordingly, integrators
in these domains can adopt a context-adaptive strategy, prioritizing microphone quality
and constrained vocabularies, and shifting toward camera-robust gestures and semantic
multimodal fusion when visibility and noise conditions fluctuate.

5. Conclusions
This study investigated how front-end control modality (gesture, voice, and

gesture + voice) and recognition accuracy shape users’ trust and technology acceptance
when deploying collaborative robots to construction. Against the backdrop of robots’ evo-
lution from caged automation to human-proximate cobots, and the distinctive variability
of construction sites, we focused on natural user interfaces that can sustain real-time coor-
dination under noise, occlusion, and frequent task switching. Using a tile-laying scenario
that approximated site constraints, we found no main effect of control modality on any
outcome (Trust: p = 0.683; PE: p = 0.989; PEOU: p = 0.941; PU: p = 0.793; ATT: p = 0.928;
ITU: p = 0.548), but clear effects of recognition accuracy and robust modality × accuracy
interactions. Recognition accuracy significantly improved PE (p = 0.010), PEOU (p = 0.030),
and ITU (p = 0.022), with no effects on Trust, PU, or ATT. Critically, modality and accuracy
interacted for all acceptance variables except Trust—PE (p = 0.049), PEOU (p = 0.006),
PU (p = 0.006), ATT (p = 0.003), and ITU (p < 0.001). Interaction effects showed that voice
was preferred and more acceptable when recognition accuracy was high, whereas interfaces
that include gestures were favored when accuracy was low, reflecting voice’s sensitivity to
signal-to-noise ratio and gesture’s resilience to acoustic interference. Notably, simultaneous
gesture + voice did not uniformly improve acceptance, as concurrent issuing introduced
cognitive load despite higher nominal recognition rates.

These findings translate into practical design guidance for on-site cobot interfaces.
First, prioritize accuracy: improvements in recognition quality directly elevate user expe-
rience and willingness to adopt. Second, adopt a context-adaptive, multimodal strategy
rather than a single default: use voice as the primary channel where a good signal-to-noise
ratio can be ensured (e.g., close-talk mics, beamforming, constrained grammars), and
pivot to gesture-including interaction when noise or reverberation degrades speech. Third,
implement semantic fusion instead of redundant simultaneous commands—e.g., quick
voice intents with gesture for disambiguation—paired with lightweight confirmations and
clear feedback to preserve workflow continuity. Finally, integrate these interfaces within a
shared-autonomy control stack so the robot handles low-level precision and safeguards
while humans retain strategic oversight, aligning with construction’s demand for fast
adjustments and high situational awareness.

This work has several limitations that bound the interpretation and generalizability of
the results. First, the study was conducted in a controlled laboratory using a Wizard-of-Oz
configuration and a single, stylized tile-laying task. Although the task approximated site
constraints (noise, logistics, shared workspace), it cannot capture the full variability of
construction. Second, exposure was brief, and outcomes were primarily self-reported
(trust and TAM constructs). Trust, in particular, typically calibrates over repeated, reliable
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interactions; short sessions may underdetect change and are vulnerable to common-method
variance. Third, recognition accuracy was experimentally manipulated to target preset
rates rather than measured from a production-grade ASR/vision stack in situ. This im-
proves experimental control but reduces ecological validity because real systems exhibit
nonstationary error profiles driven by microphone placement, accents, PPE, reverberation,
lighting, occlusion, and operator pose. Fourth, our sample (N = 60)—mostly university-
affiliated and relatively homogeneous in age—limits external validity across crafts, skill
levels, and multilingual crews; the study was likely underpowered for small effects on
trust and attitude. Finally, we did not collect objective performance or safety metrics, nor
did we quantify workload or attention; thus, conclusions about productivity and cognitive
burden rest on perceived evidence. Future work will assess workload and performance
using multiple complementary measures, including the NASA-TLX, time-stamped logs
such as cycle time and command corrections, and wearable signals such as heart-rate
variability and electrodermal activity for a longer period. Using these data, we can model
how modality and recognition accuracy shape productivity and cognitive load and test
whether workload mediates the link between interface design and user acceptance.
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