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Abstract – 

Work-related musculoskeletal disorders (WMSDs) 
significantly impact worker health and productivity 
in construction. Physically coupled robotics, such as 
exoskeletons, offer a promising solution by 
augmenting human capabilities and reducing strain. 
However, their effective use requires precise human-
robot synchronization, which can be challenging in 
dynamic construction environments. Traditional 
training methods often fail to address these 
complexities, leading to suboptimal performance, 
misuse, or increased injury risk. To overcome these 
challenges, this study develops a personalized Virtual 
Reality (VR) training platform incorporating an 
Individualized Bayesian Knowledge Tracing (iBKT) 
framework. The system continuously evaluates user 
performance in key body regions, waist, knee, and 
shoulder, using real-time metrics to dynamically 
adjust task difficulty, training frequency, and 
instructional feedback. This adaptive approach 
tailors training content to enhance motor 
coordination and postural control in exoskeleton-
assisted tasks. Results indicate that ATG achieved 
greater reductions in postural errors across tasks, 
with total ER decreasing by 6, 3, and 5 points for 
walking, bending, and squatting, respectively, 
compared to 4, 2, and 5 points in TTG. These findings 
underscore the importance of adaptive, personalized 
training in enhancing human-robot interaction, 
safety, and productivity. By equipping workers with 
tailored skills, this study advances workforce-robot 
collaboration, fostering more resilient and efficient 
construction practices. 
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1 Introduction 
Work-related musculoskeletal disorders (WMSDs) 

represent a significant health concern in the construction 

industry, where physically demanding tasks are routine. 
Over 20% of nonfatal injuries in construction result from 
WMSDs, highlighting the heightened physical strain and 
risks associated with construction work [1]. Research 
shows that over 43% of construction workers report 
chronic musculoskeletal pain, which has been directly 
linked to reduced productivity, higher rates of 
absenteeism, and escalating healthcare costs [2]. 
Furthermore, the physically intensive nature of 
construction tasks exacerbates the risk of cumulative 
trauma disorders, impacting not only the physical well-
being of workers but also the efficiency and cost-
effectiveness of construction operations [3]. Addressing 
these challenges with innovative technological solutions 
has thus become a priority to improve both worker health 
and productivity in this high-risk industry. 

Physically coupled robotic systems, such as 
exoskeletons and collaborative lifting aids, offer 
promising solutions to mitigate the high incidence of 
WMSDs within construction[4]. By directly enhancing 
human strength and endurance, these systems support 
workers in performing physically demanding tasks, such 
as heavy lifting, repetitive movements, and sustained 
awkward postures, without the same level of physical 
strain [5]. Unlike traditional assistive devices, physically 
coupled robots operate in close synchronization with 
human operators, offering seamless support that adapts 
dynamically to the user’s movements. Exoskeletons, for 
instance, designed for leg support can reduce muscular 
fatigue up to 71.5% [6], a benefit that has shown potential 
in experimental studies to improve workers’ endurance 
in repetitive tasks. However, fully realizing their benefits 
depends on highly coordinated human-robot interactions, 
where human movement is synchronized with robotic 
support to optimize safety and productivity [7]. 

Unlike robots in controlled industrial settings, 
working with physically coupled robots on construction 
sites requires workers to adapt control to unpredictable, 
site-specific conditions [8]. Successful operation of these 
robots relies on seamless coordination between humans 
and machines, where workers need the skills to adjust 
movement patterns, manage force distribution, and 
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respond dynamically to real-time construction challenges. 
This complex, close-coupling demands specialized 
training to ensure workers are equipped to handle the 
nuanced control and adaptability needed to maximize the 
potential of these robots. 

Traditional training programs are generally 
characterized by their formulaic and rigid structure, 
focusing on standardized methods and broad, theory-
based instruction. These programs often emphasize 
repetition and adherence to fixed protocols, which can be 
effective for routine tasks but fall short in addressing the 
complexities of dynamic and evolving work 
environments. A key limitation of such approaches is 
their lack of flexibility and adaptability, making them ill-
suited for preparing workers to navigate the nuanced 
demands of human-robot interaction in physically 
coupled systems. While theoretical robotic operations 
may be addressed, these programs often lack the targeted 
specificity and adaptability essential for real-world 
scenarios that demand precise, synchronized human-
robot collaboration required by physically coupled robots 
in close-coupling applications. This gap highlights an 
urgent need for research-driven training solutions that go 
beyond traditional approaches, offering adaptable 
training methods tailored to worker’s skills and progress. 

In response, this paper presents an adaptive VR-based 
Human Robot Interaction (HRI) training platform 
specifically designed for physically coupled robots in 
construction. Utilizing an Individualized Bayesian 
Knowledge Tracing (iBKT) framework, the platform 
continuously evaluates each worker’s performance on 
essential skills, dynamically adjusting the training 
content and pace in real-time. This adaptive approach 
creates a personalized learning experience that enables 
workers to develop a deeper understanding of the precise 
techniques required for effective close coupling with 
physically coupled robots. By simulating construction 
scenarios within a virtual environment, this adaptive 
training approach allows workers to build practical HRI 
skills and refine their interaction techniques with 
physically coupled robots, ultimately facilitating a safer 
and more efficient human-robot partnership on 
construction sites. Through this adaptive VR-based 
training platform, the study aims to demonstrate the 
effectiveness of personalized, adaptive training in 
reducing safety risks, and advancing the integration of 
physically coupled robots in construction. 

2 The Emergence of Physically Coupled 
Robots in Construction: Amplifying 
Human Capability 

Physically coupled robots are specifically engineered 
to operate in direct physical contact with human 
operators, enhancing human strength, endurance, and 

precision in ways that expand the range of tasks workers 
can perform [9]. Unlike traditional industrial robots, 
which function autonomously or semi-autonomously, 
physically coupled robots are deeply integrated with the 
user, forming a symbiotic relationship that merges human 
intuition with robotic power to increase productivity and 
efficiency [10]. Exoskeletons are a prominent and widely 
adopted example of physically coupled robots. These 
wearable devices are designed to augment human 
physical abilities by providing mechanical support 
during strenuous tasks [11]. Working in close 
coordination with the human body, exoskeletons function 
as an extension of the user’s own movements, enhancing 
strength, endurance, and precision. This makes them 
particularly valuable in environments involving 
repetitive, heavy, or physically demanding tasks. 

The construction industry is especially positioned to 
benefit from this form of human-robot collaboration. 
Given the labor-intensive and physically demanding 
nature of many construction tasks, physically coupled 
robots can significantly reduce physical strain, minimize 
injury risk, and improve operational efficiency. Tasks 
that require heavy lifting, repetitive actions, or prolonged 
exertion can be performed more safely and effectively 
with exoskeleton assistance [12]. These devices amplify 
the user’s strength, stabilize posture, and reduce fatigue, 
ultimately enhancing task performance and reducing 
physical stress on workers. 

However, the integration of physically coupled 
robotics, such as exoskeletons, into construction 
introduces challenges [13]. Unlike conventional assistive 
tools, these systems require active human engagement, 
demanding continuous adjustment and synchronization 
of worker movements with robotic assistance. Improper 
usage, such as misaligned movement patterns or incorrect 
force distribution, can result in inefficient task execution, 
discomfort, or heightened physical strain, ultimately 
diminishing the intended benefits of these technologies. 
Consequently, equipping workers with the requisite 
motor coordination, adaptive control strategies, and 
cognitive decision-making skills is crucial for the safe 
and effective deployment of these systems. To achieve 
this, structured training programs are indispensable, 
ensuring that workers receive personalized, responsive 
instruction that enhances their ability to integrate these 
robotic systems seamlessly into dynamic construction 
workflows. Traditional training programs, typically 
formulaic and rigid, lack the specificity needed for these 
dynamic environments [14]. This limitation highlights 
the need for adaptive training solutions that personalize 
the learning experience, equipping workers with the 
skills necessary for effective interaction with wearable 
robotic systems in real-world construction scenarios. 
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3 The Need for Adaptive Training in 
Physically Coupled Robotics 

Adaptive training is defined as a method in which the 
problem, stimulus, or task adjusts dynamically based on 
the trainee's performance [15]. Unlike conventional, 
static approaches, adaptive training dynamically 
customizes adaptive variables through a defined adaptive 
logic that continuously monitors performance metrics. 
This real-time adjustment creates a highly personalized 
learning experience, enhancing both efficiency and 
effectiveness. Performance metrics are indicators of a 
trainee's current skill level and progress, such as 
movement accuracy, reaction times, task completion 
rates, and overall accuracy. These metrics are gathered 
either through ongoing assessments that provide 
immediate feedback or post-session evaluations to 
measure overall progress. These metrics feed into the 
adaptive logic, which determines how and when to adjust 
adaptive variables, such as simulation difficulty or 
feedback type, to keep training optimally aligned with the 
trainee’s evolving needs [16]. 

Adaptive training methodologies have found 
widespread application in industries including 
construction, adaptive training has been employed to 
improve worker safety, skill development, and 
operational efficiency. Studies have developed 
personalized safety training programs that dynamically 
adjust hazard recognition tasks based on workers’ prior 
performance and learning progress, leading to enhanced 
hazard identification and risk mitigation capabilities [17]. 
In labor-intensive construction tasks, adaptive methods 
have been utilized to modify task difficulty in real time 
based on ergonomic assessments, resulting in improved 
lifting techniques and a reduction in musculoskeletal 
strain [18]. Additionally, cognitive training frameworks 
in construction have employed adaptive approaches to 
tailor problem-solving complexity to individual 
proficiency levels, thereby enhancing situational 
awareness and decision-making in dynamic work 
environments.  

 Previous research has demonstrated that adaptive 
training enhances learning efficiency and y, knowledge 
retention, and task-specific skill acquisition by 
dynamically adjusting instruction based on user 
performance metrics. Given the specific demands of 
exoskeleton training, such as the need for precise 
movement synchronization, optimized force distribution, 
and adaptive cognitive control, workers could greatly 
benefit from adaptive training approaches that tailor 
instruction to their biomechanics and real-time 
interaction with robotic assistance. However, research 
specifically focusing on adaptive training for physically 
coupled exoskeleton systems remains limited. 

This study aims to develop an adaptive training 
solution to enhance human-robot collaboration in 

physically coupled robotics for construction. Given the 
need for training that adapts to individual learning 
progress, dynamically modifies task complexity, and 
provides real-time feedback on movement 
synchronization and force distribution, Virtual Reality 
(VR) serves as an effective platform [19]. Its immersive 
and interactive environment enables controlled, data-
driven adjustments to training parameters within diverse 
construction scenarios that enhance adaptability. 

To achieve this, the research focuses on developing a 
framework that continuously monitors, evaluates, and 
adjusts training variables based on real-time performance 
metrics, including movement synchronization, force 
distribution, and task-specific coordination. By 
integrating adaptive logic with VR, this study seeks to 
replicate the dynamic conditions of construction sites, 
addressing a critical gap in training methodologies and 
facilitating the broader adoption of wearable robotics in 
the industry. 

4 Method: Development of Adaptive 
Training Platform for Enhancing 
Human Physically Coupled Robot 
Interaction in Construction 

The VR-based adaptive training system for worker-
physically coupled robot interaction is a data-driven 
approach to improve learning efficiency and optimize 
task mastery. The system relies on performance metrics 
to capture real-time motion data from user movements, 
which are processed by the iBKT-based adaptive logic to 
analyze the user’s task mastery probabilities (Figure 1). 
When these probabilities exceed a predefined threshold, 
the system dynamically adjusts adaptive variables, such 
as task difficulty and task frequency, within the VR 
training environment. These adjustments are tailored to 
challenge the user appropriately while preventing skill 
stagnation, ensuring that users can master the required 
skills effectively and efficiently. 

4.1 Performance Metrics  
Key performance metrics were established to 

evaluate workers’ capabilities in worker-physically 
coupled robot interaction, with a focus on movement 
accuracy as indicators of effective collaboration. Body 
angles were selected as the primary indicator of 
movement accuracy, measured through motion tracking 
sensors from Inertial Measurement Units (IMUs) and 
Lighthouse Tracking system (LTS) placed on key body 
segments, including the waist, knee and shoulder. These 
IMU sensors continuously monitor, enabling real-time 
analysis of worker posture and alignment within the 
robotic system. To mitigate drift errors commonly 
associated with IMUs, a sensor fusion approach 
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integrating LTS data was employed to provide periodic 
corrections, ensuring long-term accuracy. Additionally, 
drift compensation algorithms, including zero-velocity 
updates and complementary filtering, were applied to 
correct accumulated errors over time. To accurately 
assess movement accuracy, joint angles at critical body 
points are calculated using vector-based computations 
derived from IMU data. For each body segment 𝑢⃗ , it’s 

calculated by determining the difference between the 
three-dimensional coordinates of the segment’s 
endpoints 𝑃1⃗⃗  ⃗ and 𝑃2⃗⃗⃗⃗  as 𝑢⃗ =  𝑃1⃗⃗  ⃗ − 𝑃2⃗⃗⃗⃗ . With segment 
vectors established for adjacent body parts, the joint 
angle 𝜃  between two connected segments 𝑢⃗  and 𝑣   is 
then computed using the cosine rule 𝜃 = 𝑎𝑟𝑐𝑐𝑜𝑠( 𝑢⃗⃗ ⋅𝑣⃗ 

|𝑢⃗⃗ ||𝑣⃗ |
). 

 

 
Figure 1.  Overview of the developed VR-based adaptive training syste

4.2 Adaptive Logic 
Effective adaptive training for physically coupled 

robotics requires a framework that continuously monitors 
user performance, dynamically adjusts training 
parameters, and personalizes learning trajectories. 
Bayesian Knowledge Tracing (BKT) is well-suited for 
this application as it models skill acquisition by 
estimating a learner’s mastery probability and updating it 
based on observed performance. However, standard BKT 
assumes fixed learning and error probabilities, limiting 
its responsiveness to real-time changes in human-robot 
interaction. To address this, we propose an individualized 
BKT (iBKT) model, which dynamically updates learning 
probabilities based on real-time performance metrics, 
refining adaptation to individual learning curves and 
optimizing skill acquisition in exoskeleton training 

The proposed iBKT model extends the traditional 
BKT framework by enabling real-time adaptation of key 
parameters based on observed learner performance, thus 
catering to individual characteristics. The training 
content is divided into knowledge components (KCs), 

where each KC represents key body angles extracted 
from the performance matrix, with a value of KC=1 
indicating mastery and KC=0 indicating non-mastery. 
These components are selected according to ergonomic 
and task-specific requirements.  

A preliminary test is administered in which 
participants complete a set of baseline tasks designed to 
evaluate their prior knowledge and motor coordination 
relevant to exoskeleton operation. This test is used to 
initialize  four critical parameters within the iBKT model 
for each KC, including the initial probability that user 𝑖 
knows KC 𝑗 𝑃(𝐿0𝑖𝑗); the likelihood of transitioning from 
a state of non-mastery to mastery of learning KC 𝑗 after 
an interaction 𝑃(𝑇𝑖𝑗) ; the guess probability 𝑃(𝐺𝑖𝑗)  , 
which is the probability of a correct response to a KC 𝑗-
related question despite lack of mastery; and slip 
probability, 𝑃(𝑆ᵢⱼ) , which is the probability of an 
incorrect response despite mastery of the KC 𝑗. Due to 
the inherent uncertainty in the guessing and slipping 
behaviors, 𝑃(𝐺𝑖𝑗) and 𝑃(𝑆ᵢⱼ) are assumed to follow Beta 
distributions, allowing for flexible and continuous 
adjustment based on learner performance. 
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After initialization, these parameters are continually 
updated based on the learner's real-time performance to 
individualize the training process. The guess and slip 
probabilities, 𝑃(𝐺𝑖𝑗)  and 𝑃(𝑆ᵢⱼ) , are updated via 
Bayesian inference, refining these parameters based on 
learner performance over time. For 𝑃(𝑆ᵢⱼ), if the learner 
has mastered the knowledge but makes an incorrect 
response (indicating a slip), the posterior distribution is 
updated as 

𝑆|𝑑𝑎𝑡𝑎 ~ 𝐵𝑒𝑡𝑎(𝛼𝑆 + 𝑓 𝛽𝑆 +𝑚 − 𝑓) (1) 

where 𝑚 represents the total number of responses in 
the mastered state, and 𝑓  is the number of incorrect 
responses. Similarly, 𝑃(𝐺ᵢⱼ) is updated when the learner 
is in an unmastered state and correctly guesses the answer, 
with the posterior distribution. 

𝐺|𝑑𝑎𝑡𝑎 ~ 𝐵𝑒𝑡𝑎(𝛼𝐺 + 𝑔 𝛽𝑠 + 𝑛 − 𝑔) (2) 

where 𝑛  is the total number of responses in the 
unmastered state, and 𝑔  represents correct responses 
within that state.  

 The learning probability is 𝑃(𝑇𝑖𝑗) dynamically 
adjusted based on recent task performance. If the 
learner’s recent accuracy 𝑅  meets or exceeds a 
predefined target accuracy 𝑅𝑡𝑎𝑟𝑔𝑒𝑡 , 𝑃(𝑇𝑖𝑗)  is 
incremented by a set step size ∆𝑇. Conversely, if 𝑅 falls 
below 𝑅𝑡𝑎𝑟𝑔𝑒𝑡 , 𝑃(𝑇𝑖𝑗)  is reduced by ∆𝑇 . 𝑃(𝑇𝑖𝑗)  is 
updated as  
𝑃(𝑇𝑖𝑗) = min (  max (  𝑃(𝑇𝑖𝑗) + ∆𝑇 ∙ 𝑠𝑖𝑔𝑛(𝑅

− 𝑅𝑡𝑎𝑟𝑔𝑒𝑡))) 
(3) 

Finally, the mastery probability 𝑃(𝐿0𝑖𝑗) is updated at 
each time step 𝑡 through the forward algorithm. Given a 
learner’s response at time 𝑡, the probability of correctly 
answering a question related to KC 𝑗, denoted as 𝑃 (𝐶𝑡𝑖𝑗), 
is calculated by  

 𝑃 (𝐶𝑡𝑖𝑗) = 𝑃 (𝐿𝑡𝑖𝑗) × ( − 𝑃(𝑆𝑖𝑗)) + ( −

𝑃 (𝐿𝑡𝑖𝑗)) × 𝑃(𝐺𝑖𝑗).  
 

(4) 

Following each response, 𝑃 (𝐿𝑡+1𝑖𝑗) is updated based 
on whether the answer was correct or incorrect. For a 
correct response, the updated mastery probability is 

𝑃 (𝐿𝑡+1𝑖𝑗|𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 = 𝐶𝑡𝑖𝑗) =
𝑃(𝐿𝑡𝑖𝑗

)×(1−𝑃(𝑆𝑖𝑗))

𝑃(𝐶𝑡𝑖𝑗
)

. 

Conversely, if the response is incorrect, the update is 

given by 𝑃 (𝐿𝑡+1𝑖𝑗|𝑜𝑏𝑠 = ¬𝐶𝑡𝑖𝑗) =
𝑃(𝐿𝑡𝑖𝑗

)×𝑃(𝑆𝑖𝑗)

𝑃(¬𝐶𝑡𝑖𝑗
)

. The 

final mastery probability 𝑃 (𝐿𝑡+1𝑖𝑗)  after time 𝑡  is 
calculated as 

𝑃 (𝐿𝑡+1𝑖𝑗) = 𝑃 (𝐿𝑡+1𝑖𝑗|𝑜𝑏𝑠)

+ 𝑃(𝑇𝑖𝑗)

× ( − 𝑃 (𝐿𝑡+1𝑖𝑗|𝑜𝑏𝑠)) 

(5) 

For a specific human-robot interaction task, the 
overall task mastery probability𝑃(𝐿𝑡𝑎𝑠𝑘) is computed by 
aggregating the mastery probabilities across all relevant 
KCs required for the task as 𝑃(𝐿𝑡𝑎𝑠𝑘) =  ∑ 𝜔𝑗

𝑛
𝑗=1 𝑃(𝐿𝑖𝑗), 

where 𝜔𝑗 is the weight of KC 𝑗, satisfying the condition 
∑ 𝜔𝑗
𝑛
𝑗=1 =  . 

4.3 Adaptive Variables 
The training platform dynamically adjusts certain 

human-physically coupled robot interaction task 
difficulty and fre uency based on the user’s performance 
on certain task, optimizing the training experience to 
support mastery in human-robot interaction under 
realistic conditions. When the learner’s mastery 
probability 𝑃(𝐿𝑡𝑎𝑠𝑘) for a specific task reaches or 
exceeds a predefined threshold 𝜃𝑇, indicating sufficient 
proficiency, the model increases task difficulty by 
introducing additional construction-related obstacles, 
such as uneven terrain or moving objects, to simulate the 
dynamic and unpredictable nature of a real-world 
construction environment. This adjustment helps further 
challenge the learner and prevent skill stagnation. To 
ensure task diversity and avoid overexposure to a single 
task, the model employs a rotation mechanism that varies 
task frequency 𝑓𝑡𝑎𝑠𝑘  based on mastery levels. Task 
frequency 𝑓𝑡𝑎𝑠𝑘 is adjusted according to the function. 

𝑓𝑡𝑎𝑠𝑘 = 𝑓𝑏𝑎𝑠𝑒 ∙ ( − 𝛼 ∙
𝑃(𝐿𝑡𝑎𝑠𝑘) − 𝜃

 − 𝜃
) 

(6) 

where 𝑓𝑏𝑎𝑠𝑒 is the base frequency of task rotation, and 𝛼 
is a scaling factor that controls how rapidly the task 
frequency decreases as 𝑃(𝐿𝑡𝑎𝑠𝑘)  approaches 1. This 
rotation mechanism ensures a balanced distribution of 
tasks across all relevant KCs, while placing greater 
emphasis on those areas that require further development, 
thus promoting well-rounded proficiency. 

5 Case Study: Evaluating the 
Effectiveness of Adaptive HRI Training 
Platform 

The adaptive training platform was developed in a 
virtual reality (VR) environment using Unity [20] and 
deployed on the VIVE PRO 2 [21] system. To enable 
real-time tracking of body movements, SteamVR motion 
trackers were attached to each participant, allowing the 
platform to dynamically adjust training variables based 
on real-time body position data. 

To evaluate the effectiveness of the adaptive training 
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platform for exoskeleton operation, a case study was 
conducted with a diverse group of 30 participants with 
varying backgrounds and skill levels. Participants ranged 
from novice users with no prior exoskeleton experience 
to experienced operators. To control prior knowledge, 
participants were evenly divided into two groups based 
on their experience: the Adaptive Training Group (ATG), 
which received training through the iBKT-based adaptive 
platform, and the Traditional Training Group (TTG), 
which underwent standard, non-adaptive training. To 
ensure an accurate assessment of each participant’s skill 
improvement, all participants first completed a pre-
assessment to establish baseline task score in exoskeleton 
operation. The tasks include walking, bending, and 
squatting. During the process, each participant was 
instructed to perform the designated tasks while motion 
tracking sensors recorded joint angles and movement 
trajectories. The collected data was processed to calculate 
error rate (ER) metrics, which quantified deviations in 
posture and movement accuracy based on REBA scoring 
criteria [22], which assesses postural risks by assigning 
scores to different body regions. ER is calculated by 
quantifying deviations in key body joints, including 
shoulders, waist, and knees, and mapping these 
deviations to corresponding REBA risk levels. Following 
the pre-assessment, participants engaged in training 
according to their group assignment. Upon completing 
the training, participants were evaluated using the same 
ER metrics as in the pre-assessment.  

6 Results 
The effectiveness of the adaptive VR training 

platform was evaluated by comparing the mastery 
probability 𝑃(𝐿𝑡𝑎𝑠𝑘)  progression and error rates (ER) 
between the ATG and TTG across the training period. 

6.1 Task Mastery Probability Progression  
Figure 2 illustrates the progression of mastery 

probabilities over the training sessions for a randomly 
selected participant from the ATG. Three commonly 
encountered tasks in construction and main body joint 
mastery probabilities in each task are recorded. The 
upper panel of the figure (3 × 13 grid) depicts the 
evolution of the proficiencies of three KCs, 𝑃(𝐿𝑗), and 
the lower panel (3 × 13 grid) illustrates the progression 
of trained task proficiencies, 𝑃(𝐿𝑇𝑎𝑠𝑘_𝑖) , across 13 
training sessions. From the figure, tasks with fewer 
correct attempts appear more frequently in the training 
sequence, ensuring the participant receives sufficient 
practice opportunities to reinforce weaker areas. The 
proficiencies in both panels reveal a clear upward trend, 
reflecting the gradual improvement in mastery levels for 
both knowledge components and tasks, driven by the 

adaptive nature of the training system. 

 
Figure 2. An example of the iBKT-based adaptive 

training process 

6.2 Task Score Comparison  
Figure 3 illustrates the pre- and post-training error 

rates (ER) for the targeted tasks—walking, bending, and 
squatting, broken down by body parts for the Adaptive 
Training Group (ATG) and the Traditional Training 
Group (TTG). For walking, the total ER for ATG 
decreased from 9 (waist: 7, knee: 2) to 3 (waist: 1, knee: 
2), showing a reduction of 6 points. TTG also improved, 
with total ER decreasing from 8 (waist: 7, knee: 1) to 4 
(waist: 3, knee: 1), a reduction of 4 points. 
 o r bending, A G’s total ER decreased from 7 (waist  2, 
shoulder: 5) to 4 (waist: 2, shoulder: 2), reflecting a 3-
point improvement. TTG also showed a 2-point reduction, 
with total ER decreasing from 7 (waist: 3, shoulder: 4) to 
5 (waist: 3, shoulder: 2).  o r s uatting, A G’s total ER 
improved significantly, decreasing from 8 (waist: 4, knee: 
3, shoulder: 1) to 3 (waist: 1, knee: 1, shoulder: 1), a 
reduction of 5 points.   G’s total ER decreased from 10 
(waist: 4, knee: 4, shoulder: 2) to 5 (waist: 2, knee: 2, 
shoulder: 1), showing a reduction of 5 points. These 
results indicate that ATG exhibited greater reductions in 
postural errors across tasks, particularly in waist and 
shoulder alignment, with higher total score reductions 
compared to TTG. This suggests that the adaptive nature 
of the training platform contributed to more substantial 
improvements in movement accuracy and postural 
control. The observed enhancements in waist and 
shoulder positioning are particularly relevant, as these 
areas are critical for exoskeleton operation, influencing 
overall balance and load distribution. The ability of the 
system to dynamically modify task difficulty and provide 
real-time feedback likely played a key role in refining 
postural strategies and improving motor coordination. 

Furthermore, paired t-tests indicate that ATG 
participants exhibited significantly greater improvements 
in knee (p=0.0004), shoulder (p<0.0001), and waist 
(p=0.0001) error rates across walking, bending, and 
squatting tasks, respectively. Independent t-tests further 
confirm that post-training ER values were significantly 
lower in ATG than TTG (p<0.05), demonstrating the 
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superior effectiveness of adaptive training in refining 
movement accuracy and postural stability in exoskeleton 
operation.  

 
Figure 3. Pre- and Post-Training Task Scores for ATG 

and TTG 

7 Conclusion 
This research developed an adaptive training platform 

using the Individualized Bayesian Knowledge Tracing 
(iBKT) framework to enhance HRI skills for construction 
workers operating physically coupled robots, such as 
exoskeletons. The platform provided personalized, real-
time adjustments to training content, effectively 
addressing individual performance gaps and ensuring 

efficient skill acquisition. Results demonstrated that the 
adaptive training led to steady improvement in task 
mastery and showed significant advantages compared to 
traditional training. This study underscores the 
importance of adaptive training in optimizing human-
robot collaboration, particularly in dynamic and 
demanding construction environments.  

However, several limitations remain. The current 
study was conducted in a simulated VR environment 
without real-world validation using physical 
exoskeletons, necessitating future studies to assess its 
practical applicability. Additionally, the system was 
designed for individual training, and its effectiveness in 
multi-user collaborative settings has yet to be explored. 
Long-term retention studies are also required to evaluate 
whether skills acquired through adaptive VR training 
persist over time or require. 

By integrating real-time feedback and immersive VR 
simulations, the platform allowed workers to build 
essential skills safely and effectively. Future research 
could expand on this approach by exploring other 
adaptive algorithms and broader applications across 
different types of physically coupled robots. Ultimately, 
this adaptive training model represents a promising 
direction for facilitating the integration of advanced 
robotics in construction. 
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