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Abstract

While human-robot collaboration (HRC) is
anticipated to improve construction productivity and
safety, it can become crucial to manage emotional
responses of collaborating human workers (co-
workers) during HRC due to their critical impacts on
co-workers’ performance and human-robot cohesion.
A potential approach involves controlling robots in
ways that can adapt to potentially different emotional
responses of co-workers to foster desired responses
and productivity in human-robot teams. However, we
still lack an effective method as existing robot control
strategies tend to prioritize productivity and safety
alone or consider co-workers’ responses but take
standardized actions across different co-workers. In
this study, we propose a personalized emotion-
adaptive robot control strategy using model-based
reinforcement learning (RL), which aims for robots to
learn each co-worker’s emotional responses over
interaction to plan and take actions for fostering
desired responses while pursuing high productivity in
human-robot teams. The effectiveness of the proposed
robot control strategy was demonstrated in a virtual
environment by simulating HRC with the emotional
responses of 20 co-workers for a construction task.
Results showed that a robot with the proposed
strategy could promote desired emotional responses
like happiness in all 20 co-workers for approximately
37 minutes during a 1-hour bricklaying task. While
findings demonstrate the potential of the proposed
robot control strategy as a way for robots to adapt to
co-workers’ emotional responses, further analysis
will be anticipated to minimize potential trade-offs in
productivity in human-robot teams that may arise
from considering co-workers’ responses.
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1 Introduction

The construction industry has suffered from stagnant
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productivity growth compared to other industries [1].
According to the McKinsey Global Institute, the
productivity (real gross value added per labor hour) of the
construction industry has grown 1% for the past two
decades since 1995, while the average annual growth by
the total global economy was 2.8% [2]. Although
construction productivity can be considered mainly
relying on labor power [3], labor power can be negatively
affected by other ongoing issues in the industry,
including high safety risks, the aging workforce, and the
labor shortage [4-6]. The stagnhant growth of productivity
has remained a major challenge.

Human-robot collaboration (HRC) has recently
gained attention in the construction industry, envisioned
as a new paradigm shift toward co-robotic construction
[7]. Recent advancements in robotic technology have
introduced collaborative robots, an evolved form of
conventional industrial robots, enabling collaboration
with humans by combining the strengths of humans and
robots [8]. For example, robots can take over physically
demanding, dangerous, and repetitive tasks for human
workers to focus on dexterous, problem-solving, and
decision-making tasks [8]. HRC is anticipated to improve
construction productivity by reducing the primary
dependence on workers’ labor power and increasing the
level of robotic automation [9].

However, HRC is in its early stages in construction.
The extent of its impact on construction productivity has
not been thoroughly examined [9]. A potentially crucial
factor for productive HRC is emotional response of
collaborating human workers (co-workers). Emotions
can be defined as mental states, associated with degrees
from displeasure to pleasure and from relaxation to
excitement, such as excitement, relaxation, boredom, and
fear [10]. Studies have demonstrated that emotions can
cause critical impacts on worker performance by
affecting  decision-making, problem-solving, and
behaviors [11]. Additionally, studies in some fields, like
social robotics, have identified that emotions can be
largely influential to the human-robot cohesion by
influencing acceptance and trust toward robots [12].
Within the unprecedented co-robotic work environment,
the importance of emotions can become more
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considerable than before to achieve the anticipated
productivity growth by the human-robot teams.

Efforts have identified the potential variations in co-
workers’ emotional responses during HRC. Our prior
work demonstrated through a lab experiment that the
emotional responses of co-workers could be significantly
influenced during a simulated bricklaying task with a real
robot [13]. Major results showed that while every co-
worker’s emotional response was affected, almost every
co-worker exhibited statistically different responses,
which were also estimated to affect productivity in
human-robot teams. These findings present that
considering co-workers’ emotional responses, which
may vary among individuals, can become essential for
fostering desired responses that can enhance both their
performance as well as cohesion with robots.

A potential approach can involve controlling robots
in a way that can consider each co-worker’s emotional
responses. However, the consideration of emotional
responses has not been a major focus in robot control
strategies for HRC, particularly in construction, where
performance-oriented factors like productivity and safety
remain the primary objectives [14,15]. While a few
studies have presented the potential necessity of robot
control that considers human responses [16], robots
typically take standardized actions for all individuals,
which may be ineffective for co-workers with different
responses [13]. As such, we still lack an effective robot
control strategy for robots to consider co-workers’
potentially different emotional responses while pursuing
higher productivity in human-robot teams.

In this study, we propose a personalized emotion-
adaptive robot control strategy that aims for robots to
learn each co-worker’s emotional response during
interactions, even with whom they encounter for the first
time. This strategy allows robots to take actions that can
elicit desired emotional responses (e.g., happiness and
excitement), which can enhance co-workers’
performance and cohesion with robots, while pursuing
high productivity in human-robot teams. The proposed
robot control strategy is based on reinforcement learning
(RL) algorithm, an effective branch of machine learning
for adaptive robot control [17]. The effectiveness of the
proposed robot control strategy was evaluated through a
simulated HRC for a construction task in a virtual

(a) Take an Action During HRC

(b) Learn Emotional Dynamics

environment, where the robot collaborated with virtually
simulated 20 co-workers, whose emaotional responses
were identified in our prior study [13].

This study demonstrates the potential effectiveness of
using reinforcement learning (RL) for an adaptive robot
control strategy to promote desired emotional responses
in each co-worker, including those encountered for the
first time. At the same time, the findings present the need
for further analysis of robot control to balance emotional
responses and productivity in human-robot teams, as
trade-offs between these factors may arise.

2 Model-based Reinforcement Learning
for Personalized Emotion-Adaptive
Robot Control Strategy

The proposed robot control strategy relies on a
model-based RL, an effective branch of RL when
interacting with complicated environments like human
responses [18]. Model-based RL allows the robot to learn
the mechanisms of co-workers’ emotional responses to
its actions through modeling over interactions. This
enables the robot to plan and take actions for fostering
desired emotional responses in co-workers while
pursuing high productivity in human-robot teams. The
proposed robot control strategy guides the robot to
operate iteratively by 1) taking an action during HRC for
a construction task (Figure 1a), 2) learning the co-
worker’s emotional responses (Figure 1b), and 3)
planning the next action to promote desired co-worker’s
emotional responses and highest possible productivity in
human-robot teams (Figure 1c). Notably, it is assumed
that the robot can monitor co-workers’ emotional
responses through wearable sensors, such as brainwave
analysis using an EEG headset.

2.1 Desired Emotional Response

Emotional response can be represented using a
bipolar dimensional emotion model [19], which reliably
and sufficiently captures emotional states (e.g., excited
and bored) by estimating emotional status based on two
key dimensions (Eg. 1): valence (ranging from
displeasure to pleasure) and arousal (ranging from
relaxation to excitement). Among various emotional
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Figure 1. Overview of the proposed robot control strategy.
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states, including calmness, anxiety, and boredom, this
study considered positive emotions, such as happiness
and excitement, as desired. The positive emations are
represented by positive valence and arousal, known to
promote cohesive human-robot relationships and help co-
workers with better performance while staying alert to
potential safety risks in ever-changing, unstructured, and
hazardous construction work environments [11,12,20].

e = {valence, arousal} (Eq. 1)

2.2 Take an Action

In RL, the actions of a robot refer to changes in the
state of the environment, which encompasses everything
that the robot observes and responds to [17]. In this study,
the environment is represented by the states (s;),
consisting of 1) parameters of HRC (p,), such as robot’s
movement speed, which can affect co-workers’
emotional responses, and 2) the corresponding emotional
responses of a co-worker (e.) at a time t (Eg. 2.1).
Actions (a,) of a robot refer to the adjustments in
parameters of HRC (p;,,) during a construction task,
such as an updated movement speed after slowing down
(Eqg. 2.2). The actions directly adjust the parameters of
HRC and can cause variations in emotional responses of
a co-worker. Over the interaction, the robot can collect
the set (D) of observations, consisting of current states
(s¢), robot’s action (a;), and corresponding changes in
environmental states (s;4;) (Eq. 2.3). It is noteworthy
that the size of D expands whenever the robot takes an
action.

s¢ = {pe e} (Eq. 2.1)
ar = Pr+1 (Eq.2.2)
D = {(s, a¢, Sea1) =1~} (Eq. 2.3)

where s, and a, represent the state and action,
respectively, at each time step t,
ranging from the beginning (t = 1)
to the current time step (t =T)

2.3 Learn Co-worker’s Emotional Responses

In this study, the proposed strategy is specifically
tailored to operate within a deterministic Markov
decision process framework, where the environment’s
transitions are deterministic given the current state and
action. The set of observations, D, enables the robot to
learn the deterministic state transition model
T(s¢+1]S6 a:) (EQ. 3), which predicts how the state (s;)
evolves based on the robot’s action (a;). As actions (a;)
correspond to the updated parameters of HRC (p;,4), the
learning of the transition model solely focuses on
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femotion » Which represents co-workers® emotional
responses to the robot’s actions. The structure of fzotion
can be flexibly specified when previously identified
relationships exist between the robot’s actions and co-
workers’ emotional responses. For example, in our prior
study, we identified multiple linear regression
relationships between robot actions, such as movement
speed, and co-workers’ emotional responses [13]. During
interactions, the robot learns coefficients of femotion
tailored to the specific co-worker using the least square
optimization (Eq. 3).

T (Se41lse ar) = {as, femotion(ar)}  (EQ. 3)
where s;y1 = T(S¢, ar) = {Pes1 €41}

Dr+1 = g, and

fEmotion (at) minimizes t”et+1 - fEmotion (at)llz

2.4  Plan the Next Action

While the robot’s actions can affect co-worker’s
emotional responses, they also can affect the productivity
of human-robot teams. For example, the robot’s faster
movement speed can enhance productivity in human-
robot teams. We assume the robot can estimate the
productivity of human-robot teams in terms of the
parameters of HRC (fproquctivity) (EQ. 4). Based on the
estimations, fgmotion aNd feroquctiviey, the robot uses its
policy to select the next action a;, aiming to maximize
the cumulative reward r(s;, a;) (Eq. 4), which can lead
to the highest possible productivity in human-robot teams
among the candidate actions that can evoke co-workers’
emotional well-being. Notably, while traditional RL
framework often uses value functions to represent
expected cumulative rewards, this study focuses on direct
optimization of immediate rewards r(s;, a;) using the
transition model fznocion - USINg a value function to
predict cumulative rewards over longer term can be
challenging in the context of human response-adaptive
robot control, as human responses may change over time
even in short periods (e.g., seconds). In this context, we
propose the robot focus on immediate rewards, which can
allow effective respond to emotional responses. However,
for this planning approach to be effective, the robot must
first observe co-workers’ emotional responses across a
wide range of scenarios to accurately learn the transition
model. To achieve this, the robot incorporates an
exploration strategy, randomly selecting a percentage of
its actions to gather diverse data on co-workers’
responses. Initially, 100% of the robot’s actions are
random until collecting 48 observations of co-worker’s
emotional responses, and this percentage decreased to
20%. This empirically determined strategy balances
exploration and exploitation, enabling the robot to refine
its transition model and improve action planning over the
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interaction.

a; = argmax Y, 7(Se, a¢) (Eq. 4)
a

where r(s;, a;)
— {fProductivity(le =a;) if femotion(ar) >0
0 Otherwise

3 Simulated HRC for a Construction Task
in a Virtual Environment

In our prior study, we analyzed the emotional
responses of 20 people, consisting of 13 men and 7
women, while they collaborated with a real robot in a lab
environment for a bricklaying task, which can be
considered a representative example of distributing tasks
between humans and robots in construction [13]; robots
take over physically demanding tasks (e.g., lifting bricks)
while workers focus on the dexterous tasks like finishing.
Participants were recruited from students with various
academic backgrounds (mean age: 29; standard deviation
of age: 3.5; minimum age: 23; and maximum age: 36),
including 12 from civil and environmental engineering,
some with construction field experience, 4 from other
engineering departments like electrical and mechanical,
and 4 from non-engineering departments like music and
social science. Their varying levels of construction
experience, technical proficiency, and exposure to
robotic technologies were expected to exemplify a wide
range of emotional responses during HRC, also
anticipated among construction workers. As an early
attempt to demonstrate the potential effectiveness of the
proposed robot control strategy in adapting to wide
spectrum of different emotional responses, we adopted
the emotional responses of the student participants,
instead of exploring and simulating emotional responses
of construction workers, whose responses might be
affected by occupational biases, such as concerns of job
loss and replacement by robots [21].

In this context, we virtually simulated a robot to
collaborate with each of the 20 co-workers to conduct a
bricklaying task for one hour, a plausible work duration
before a break. We replicated the lab environment from
the prior study [13] within a virtual environment, where
parameters of HRC and emotional responses were
computationally simulated. The bricklaying task was
conducted by a team of one co-worker and one robot
(Figure 2); the robot delivered bricks for the co-worker
to lay them in a line. Notably, the simulated bricklaying
task conducts some portion of masonry work to
demonstrate the effectiveness of the proposed robot
control strategy during a representative task distribution
between humans and robots, rather than replicating the
entire masonry process, including scaffold installation,
mortar mixing, and brick cutting.
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Figure 2. Workflow of the bricklaying task.

The robot was allowed to take actions over five
parameters of HRC, which were identified to affect co-
workers’ emotional responses [13]: 1) robot’s movement
speed; 2) robot’s arm swing speed; 3) proximity between
humans and robots; 4) level of autonomy; and 5) leader
of collaboration. All the actions were to be made within
the specified ranges based on the robot’s capability and
physical dimension of the lab environment [13]:
movement speed from 27.8 cm/s to 143.8 cm/s; arm
swing speed from 23.8 cm/s to 109.1 cm/s; proximity as
either direct (100 cm) or indirect (200 cm); level of
autonomy as either manual or auto; and leader as either
human or robot.

In response to the robot’s actions, the emotional
responses of 20 co-workers were virtually simulated by
using two regression models, one for valence and another
for arousal, which were obtained from the prior study (Eq.
5.1) [13]. Given robot’s actions, these regression models
estimate the corresponding valence and arousal of a co-
worker at a given time (sec) since the start of HRC. While
the robot is aware of these regression models as the
femotion (EQ. 3), it does not know the coefficients
specific to any co-worker but should learn the
coefficients tailored to each co-worker through
interactions. It is assumed that the robot observes a co-
worker’s valence and arousal by analyzing EEG signals
collected via EEG headset.

Notably, the regression models (Eq. 5.1) were
obtained by analyzing EEG signals with noise reduction
techniques, including wavelet independent component
analysis, which have been demonstrated to be effective
in alleviating artifacts—such as eye-blinks, heart rate,
and muscle movement—common sources of noise in
EEG signals, even in onsite construction settings.
However, despite noise reduction, EEG signals can still
be affected by noise. In this regard, the estimates for each
co-worker were adjusted using means, standard
deviations, and noise parameters derived from EEG-
based valence and arousal measurements in the prior
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study (Eq. 5.2) [13].

Vi = X% + Cpxq + C3x3 + CuXp + CsX3 + Coxy +

cyx5 + cg(Time) + (Eg. 5.1)
__ (Valence
where y; = {Arousal'
Move Speed
Arm Speed
X = Proximity ,B = constant,

Level of Autonomy
Leader of Collaboration
and Time is the elapsed time of HRC (sec)
since the start of HRC

Vi=oyitute (Eg.5.2)
where €;~N(0,5%), and a;, u;, and €; denote
standard deviation, mean, and noise of y;

The robot could estimate productivity in human-robot
teams according to its actions during the bricklaying task
(i.e., frroauctivity iN EQ. 4) by following the method used
in the prior study [13]. The estimated productivity was
represented by the number of bricks laid for one hour by
a human-robot team in terms of the five parameters of
HRC. Specifically, the bricklaying times for one robot
and one human based on five HRC parameters were
calculated (Eg. 6.1 and 6.2) and then aggregated into a
human-robot team's bricklaying time (Eq. 6.3), which
was subsequently converted into the number of bricks for
one human-robot team-hour (Eq. 6.4).

Time (sec)for a robot to lay a brick
= Body Traverse Time + Arm Traverse Time
+ Delay by Manual Control
Body Travel Distance Arm Travel Distance

Arm Swing Speed
(Eq.6.1)

Movement Speed
+ 1(Manual) * a

where Body Travel Distance is 6.1m,
Arm Travel Distance is 2.4m,

Table 1. Four Types of Robot Control Strategies.

and a is delay of 3 seconds by the manual control

Time (sec) for a human to lay a brick

= Bricklaying Time

+ Delays by Indirect Proximity and Human Leader
= Bricklaying Time

+1(Human Leader) = B + 1(Indirect) *y (Eq.6.2)

where Bricklaying Time is 5 seconds,
B is delay of 1 sec by human leader,
and y is delay of 2 sec by the indirect proximity

Time (sec) for a Human—Robot team to lay a brick
= (Eq.5.1) + (Eq.5.2) (Eq.6.3)

Estimated Team Productivity
_ { 1 Brick } (3,600 Team—seC)

X
(Eq.6.3) Team—sec
_ 3,600

Eq.5.3

Team—hour

Bricks per Team—hour (Eq.6.4)

We compared four types of robot control strategies
(Table 1). The first type only prioritized productivity
without considering co-workers’ emotional responses,
representing the currently predominant approach of robot
control during HRC. For example, the robot would
maximize its movement speed for high productivity. The
second type employed a standardized planning approach,
which takes uniform actions across different co-workers.
Specifically, the robot first identified a set of actions that
were effective in evoking positive emotional responses
(e.g., positive valence and arousal) and high productivity
for a specific co-worker. This co-worker was selected
because the emotional responses were the most similar to
those of as many other co-workers as possible. The
identified actions were then applied uniformly to all other
co-workers. The third type is the proposed personalized
emotion-adaptive robot control strategy, which would
allow the robot to learn the emotional responses of each
co-worker, leading it to take actions for fostering positive
emotional responses while pursuing high productivity.

Four Types

Consistency

Objectives

Productivity-prioritized

1 (Represent Practice) Same for All People + Maximum Productivity
Standardized Emotion-Adaptive

2 (Represent Other Studies) Same for All People

3 Personalized qutlon-Adaptlve Personalized + Maximum Productivity
(Proposed Behavior) i .

- * Positive Emotions

Fully Emotion-Aware .

4 Personalized

(Ground Truth)
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The fourth type represents the theoretical optimum
(ground truth) when a robot is fully aware of the
emotional responses of co-workers (i.e., regression
models of Eq. 4) even before encountering them. This
type of robot control may not be practical but can provide
insights into how the robot can behave if it is fully aware
of co-worker’s emotional responses as an ideal case.

We specifically compared the four types of robot
control strategies in terms of 1) the number of virtual co-
workers who exhibited the desired emotional responses
during the 1 team-hour of bricklaying, 2) the average
duration of the desired emotional responses across the 20
co-workers, and 3) the average of the number of bricks
laid for 1 team-hour. Notably, the robot with the
proposed control strategy spent 15 minutes with each co-
worker prior to the bricklaying task, as this time was
required to initially explore and understand the co-
workers’ emotional responses.

4  Results and Discussion

The proposed personalized emotion-adaptive robot
control strategy could promote the desired positive
emotional responses for all 20 virtual co-workers (100%)
for around 37 minutes during the 1 hour of simulated
bricklaying task (3 type in Table 2). Every co-worker
could experience positive emotions for at least 20
minutes. The results present the potential effectiveness of
the proposed robot control strategy in promoting desired
emotional responses in co-workers, which can be critical
to enhance co-workers’ performance and human-robot
cohesion for better productivity in human-robot teams.

The comparison of these results with those of the first
and second types of robot control strategies is particularly
noteworthy. These strategies could only promote positive
emotional responses in 5 and 7 virtual co-workers,
respectively, and the average durations of positive
emotions across 20 co-workers were 15 minutes and 21
minutes, respectively. Although the strategies were
effective for some virtual co-workers to exhibit positive

emotions during the entire 60 minutes of bricklaying,
they were not effective at all for the majority of virtual
co-workers. These results present that promoting desired
emotional responses in co-workers can require deliberate
efforts to consider each co-worker’s potentially different
emotional responses. Otherwise, prolonged HRC with
negative emotional status (e.g., anxiousness and fear) can
cause co-workers to have reduced trust in robots,
decreased collaboration efficiency, and potentially lead
to psychological discomfort or stress, ultimately
affecting the overall productivity and cohesiveness of
human-robot teams [11,22].

It is noteworthy that the proposed robot control
strategy enables the robot to execute personally different
actions by considering individuals’ emotional responses.
As shown in Figure 3, the robot’s actions were quite
different to different co-workers. While emotional
responses can be different among individuals, the
proposed robot control strategy holds potential to
consider each co-worker’s emotional responses for
fostering desired responses during HRC.

While promising, however, the proposed robot
control strategy still has a room for improvement. The
fourth type of robot control strategy shows that all 20
virtual co-workers could theoretically exhibit the positive
emotions for around 58 minutes during the bricklaying
task, while laying a greater number of bricks. These
results present that advancing the proposed robot control
strategy to promote desired emotional responses in co-
workers for longer duration while maintaining higher
productivity can be a direction for improvement.

Meanwhile, although the first type of robot control
strategy was not effective in promoting positive emotions
in co-workers, it could achieve higher productivity in
human-robot teams compared to the proposed and the
ideal robot control strategies (types 3 and 4 in Table 2).
This can be interpreted that considering and promoting
co-workers® desired responses may sacrifice the
productivity in human-robot teams.

Such a potential loss in productivity in human-robot

Table 2. Emotional Responses and Productivity by the Four Types of Robot Control Strategies.

# of Co-workers w/

Avg. Duration of

Est. Productivity in

Four Types Positive Emotions Positive Emotions Human-Robot Teams

1 5 out of 20 15 mins 314 bricks
(25%) (Min: 0, Max: 60) per one team-hour

2 7 out of 20 21 mins 256 bricks
(35%) (Min: 0, Max: 60) per one team-hour

3 20 out of 20 37 mins 244 bricks
(100%) (Min: 20, Max: 60) per one team-hour

4 20 out of 20 58 mins 286 bricks
(100%) (Min: 20, Max: 60) per one team-hour
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Figure 3. Robot’s actions to five different subjects during the bricklaying task.

teams while promoting desired emotional responses in
co-workers can raise ethical questions. For example, to
what extent is a productivity loss acceptable to ensure co-
workers’ emotional well-being? Conversely, to what
extent can a sacrifice in co-workers’ emotional responses
be justified to enhance productivity? This presents the
clear need for further analysis regarding how we can
balance emotional well-being and productivity,
particularly in the construction industry, where
productivity is crucial.

Grounded on the findings of this study, our future
study can be two-fold: 1) demonstrate the effectiveness
of the personalized adaptive robot control strategy during
the interaction with actual co-workers, as this study
simulated the responses of co-workers using the
regression models; and 2) examine its effectiveness in
other types of HRC in construction, which can involve
HRC for different construction tasks, HRC with different
construction robots, and HRC without direct physical
interactions between humans and robots. The findings of
this study are expected to provide a solid foundation for
future research, aiming to achieve the emotional well-
being of co-workers as well as more productive HRC in
construction.

5 Conclusion

Emotions are crucial human responses, affecting
human performance and human-robot cohesion, which
can be potentially important for the success of HRC in
construction. In this study, we propose a robot control
strategy that aims to promote desired emotional
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responses in each co-worker while pursuing the high
productivity of human-robot teams. We demonstrated the
effectiveness of the proposed robot control strategy by
comparing it with predominant strategies of robot control,
such as those prioritizing productivity or standardized
across people, through a simulated bricklaying task in a
virtual environment with 20 people as co-workers. The
proposed robot control strategy could lead to the desired
positive emotions in all 20 co-workers for around 37
minutes during the 1-hour bricklaying task. Our results
present the proposed personalized emotion-adaptive
robot control strategy as an effective strategy to aim for
promoting desired co-workers’ emotional responses,
which can contribute to enhancing co-workers’
performance and human-robot cohesion. At the same
time, the results raise a major question about how we can
minimize the potential sacrifice in productivity in
human-robot teams, which may arise as we consider co-
workers’ responses. While future research are expected,
aiming to demonstrate the effectiveness of the proposed
robot control strategy with actual co-workers for
different construction tasks, the findings of this study can
serve as a solid foundation to achieve more productive
and cohesive human-robot teams in construction.
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