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Abstract— A human-robot collaboration work system has 
been developed in which the robot operates following human 
tasks based on recognition and prediction of human tasks using 
spatial intelligence. However, the robot's task selection depends 
on human task recognition, and the robot cannot respond to 
human error or incorrect recognition of human tasks. In this 
study, we aim to  develop a system that does not depend on the 
results of human task recognition. The system incorporates 
human task estimation that accounts for human error and robot 
motion estimation using reinforcement learning based on human 
feedback. Its usefulness was evaluated through experiments on 
human subjects. 

I. INTRODUCTION 

In recent years, factories in various industries, including 
manufacturing, have become increasingly automated. 
However, industrial robots are not well-suited for complex and 
precise tasks and lack the flexibility required for high-mix 
low-volume production. Therefore, Human-Robot 
Collaboration (HRC), where a person capable of performing 
complex and precise tasks and flexibly responding to line 
changes collaborates with a robot suited for long hours of 
operation and simple repetitive tasks in a shared workspace 
without safety barriers, is being introduced. In addition, many 
industrial robots have been developed for the purpose of HRC, 
called collaborative robots, and their demand is expected to 
increase in the future. 

On the other hand, there are still major issues to be 
addressed in HRC. The first is safety. Collaborative robots 
comply with ISO standards [1][2], so safety in case of contact 
is taken into account, but they are not equipped with safety 
features such as avoiding conflict with workers. In the current 
system, workers must constantly be on the alert for the robot's 
behavior, which is likely to place a heavy workload on 
collaborative work. In order for workers to focus on their tasks 
without worrying about the robot's position or task, a safety 
design that allows the robot to proactively avoid hazards is 
necessary. 

The second issue is work efficiency. Conventional 
collaborative robot behavior design takes into account the 
work efficiency of the robot alone, but does not take into 
account the cooperation with workers, and therefore, smooth 
and efficient collaborative work has not been realized. 
Although HRCs are inherently required to work safely and 
efficiently, there is generally a trade-off between safety and 
work efficiency. Designing an HRC with an emphasis on one 
often compromises the other.  

Therefore, in recent years, research has been conducted in 
HRC to change the robot's movement speed and avoid 
conflicts depending on the distance from humans [3][4], to 
focus on predicting robot movements [5][6], and to control 
robot movements [7]. However, issues remain, such as a 
decrease in the efficiency of the robot behavior itself and a 
high cognitive load on the worker. In addition, studies in 
which robots worked in accordance with human tasks 
recognized from gestures and behavior patterns achieved safe 
and efficient collaborative work [8][9]. However, one problem 
is that the robot lacks flexibility in task selection because the 
prediction results depend on the person's motion trajectory and 
learning, and the robot performs reactive actions in response 
to the prediction. 

Sanderud et al [10] developed a system that allowed robots 
to work proactively against hazards by creating a work log 
based on the time a cell in the workspace was occupied by a 
worker and predicting the worker's task process. As a result, 
the worker was able to work without worrying about the 
robot's position or task. However, because the workspace had 
to be determined in advance and cells had to be set up, the 
work area was limited and there was little flexibility in terms 
of work content. 

Therefore, in a previous study [11], we developed a system 
that enabled a robot to respond flexibly and proactively to a 
worker by estimating the worker's task process and work time, 
using the work area and work time automatically extracted 
from the worker's work. To realize this collaborative work 
system, spatial memory [12] was applied. Spatial memory is a 
system that places a Spatial-Knowledge-Tag (SKT), a virtual 
tag that links a three-dimensional space to electronic data, in 
the space and enables users to retrieve (access) electronic data 
by pointing to the tag with a body part. Fig. 1 shows a 
conceptual diagram of spatial memory. The SKT is 
automatically placed in each work area extracted from the 
work data. Work is recognized by retrieving the information 
stored in each work area according to the worker's actions. 
However, the robot's task selection depended on the results of 
human task recognition, and there were issues such as 
incorrect recognition of human tasks and inability to respond 
to human error. Therefore, we were able to flexibly respond to 
various work situations by designing a model to deal with 
situations that the robot could not actually handle, but this 
model design required prior knowledge and was skill-
dependent. 

In this study, we aim to develop a collaborative work 
system that does not require prior knowledge or rely on the 
results of human task recognition. We incorporate a human 
task process estimation function that accounts for human error, 
along with an automatic generation function for a robot task 
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estimation model based on learning from worker feedback. 
Finally, we demonstrate the usefulness of this system. 

II. COLLABORATIVE WORK SYSTEM APPLYING SPATIAL 

MEMORY 

In a collaborative work system, this study applies spatial 
memory to realize the recognition of the worker's work status 
and the transmission of information necessary for the robot's 
task selection. The system first generates a model of the robot's 
behavior using the learning-time system shown in Fig. 2. The 
robot selects a task from the worker's task, which is recognized 
using spatial memory and the observed 3D skeletal 
coordinates of the worker, along with the predicted work task. 
It then learns the optimal behavior of the robot based on the 
worker's feedback on the actions performed by the robot and 
generates a behavior model. The after-learning system shown 
in Fig. 3 allows the robot to estimate and perform appropriate 
actions from the generated model. Each block represents each 
function implemented in the proposed system, which is 
implemented as a distributed component based on a 
middleware system called OpenRTM-aist [13]. 

III. WORKER'S WORK RECOGNITION AND WORK ESTIMATION 

A. Extraction of the Worker's Skeletal Coordinates 

To recognize the position of the hands and other body parts 
within the workspace, it is necessary to have a function for 
estimating the worker's skeleton. This study uses Intel's 
RealSense and Skeleton Tracking SDK [14] for real-time 
extraction of worker skeletal coordinates. The SDK is capable 
of extracting the 3D skeletal coordinates of up to 18 joints 
every frame in real time. For this study, the coordinates of the 
worker's right wrist are specifically extracted. 

B. Recognition of the Worker's Work Position 

Human work in collaborative work is considered to be tied 
to the position in the workspace. Therefore, clustering is 
performed on the worker's moving points in the space, and 
only the potential work areas that are important to the worker 
are extracted by removing the potential work areas of low 
importance. In addition, SKTs are generated by clustering the 
points comprising the extracted work area using a three-
dimensional mixed Gaussian model (GMM). 

In order for the robot to know where and for how long the 
worker works, the time when the worker is accessing and not 
accessing each generated SKT is stored as a work log. In this 
study, the right wrist of an observed worker is determined to 
have accessed an SKT when it enters the area of the SKT. 

C. Estimation of Task Process and Work Time 

In collaborative work with a robot, the next work area is 
considered to change depending on the task selected by the 
worker. Therefore, we estimate a worker's task process using 
a Markov model in which the state transition probability 
changes depending on the worker's work situation. This state 
transition model is called a conditional Markov model. The 
SKT a worker is expected to work on next is estimated by 
setting a threshold for the work time and adjusting the state 
transition probability based on the work time. Therefore, 
human error is recognized by changing the state transition 
probability so that a state does not transition to the next one 
when the work time is shorter than a set threshold in the task 
process estimation. 

It also estimates a worker's work time within a given SKT 
by modeling the transition relationship between each SKT and 
work time using a hidden Markov model (HMM). 

IV. ROBOT TASK SELECTION CONSIDERING HUMAN ERROR 

In this system, when a worker redoes a previous work area 
due to human error, the robot to erroneously recognizes that 
additional work is required in that area. In this case, it is 
expected to transition to other areas in a shorter working time 
than expected. 

The robot's task selection is based on the safety of the 
worker as the first priority. Tasks to be executed at the SKT 
where the worker is working and the SKT obtains from the 
task process estimation results are considered as tasks that may 
conflict with the worker and are excluded from the executable 
tasks. Then, based on the number of times each task is 
executed and the number of times each SKT is accessed by 

 
Fig. 1. Conceptual diagram of spatial memory. 

 
Fig. 2. Overview of the learning-time system, which generates a 

behavioral model of the robot based on feedback from the worker. 

 
Fig. 3. Overview of the after-learning systems, which allow robots to 

estimate and perform actions based on behavioral models. 
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workers, the tasks are prioritized and the task with the highest 
priority is selected [11]. If the SKT that the worker is accessing 
and the SKT estimated to work next are the same, the robot 
waits as a human error. It also waits when there is no 
executable task. 

V. ROBOT TASK ESTIMATION AND TASK SELECTION 

This study focuses on Markov decision processes (MDPs) 
to make the robot's task selection independent of the task 
recognition result. We also estimate the robot's task using the 
MDP model for motion selection. We consider that the model 
should be tailored to each worker and be able to be generated 
by a worker without expertise. Therefore, the robot 
automatically generates a model by learning the optimal 
behavior through feedback from the worker on the actions 
performed by the robot. 

A.  Robot Task Estimation 

The MDP takes a certain state at each time and chooses the 
actions available in that state. The process then transitions to a 
new state and receives a reward corresponding to the state 
transition. The goal of reinforcement learning is to obtain the 
strategy that maximizes the reward. To optimize a strategy 
under a given MDP (generated by reinforcement learning as 
described in section V.B), an objective function is needed, and 
to compute it efficiently, the objective function must be 
computed recursively. For this purpose, an equation is needed 
that relates the objective function in one state 𝑠 to the next 
state 𝑠ᇱ. This equation is called the Bellman equation, and the 
defining equations are shown in Equations (1) and (2). Two 
types of objective functions are defined for a measure: the state 
value function 𝑉గ(𝑠) and the action value function 𝑄గ(𝑠, 𝑎). In 
this study, the value iteration method is used to obtain the 
optimal strategy from the Bellman equation and to estimate the 
behavior. 

𝑉గ(𝑠) =෍ 𝜋(𝑎|𝑠)
௔

𝑄గ(𝑠, 𝑎) (1) 

𝑄గ(𝑠, 𝑎) =෍ 𝑃(𝑠ᇱ|𝑠, 𝑎)
௦ᇲ

[𝑅(𝑠, 𝑎, 𝑠ᇱ) + 𝛾𝑉గ(𝑠ᇱ)] (2) 

where 𝑎  is the action, 𝜋  is the policy, 𝑃  is the state 
transition probability, 𝑅 is the reward, and 𝛾 is the discount 
factor. 

In this study, we define the SKT currently accessed by the 
person, the SKT accessed one SKT ago and its work time as 
state, and the robot's task as action. 

B.  Generate Task Estimation Model by Q-Learning 

In this study, Q-learning is used to generate a Markov 
decision process model for estimating the robot's task; Q-
learning is a reinforcement learning technique that learns by 
selecting actions in an environment based on the resulting 
rewards, with the goal of optimizing the state action value (Q-
value). The Q-values are updated using equation (3), and 
learning is performed on the observed states and actions. The 
learning result of the Q-value is used as the reward in Section 
V.B. The policy is to use the greedy policy. 

𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼 ቀ𝑅 + 𝛾max
௔ᇲ

𝑄(𝑠ᇱ, 𝑎ᇱ) − 𝑄(𝑠, 𝑎)ቁ (3) 

where 𝛼 represents the learning rate, and the reward 𝑅 is 
determined based on the worker's feedback. The worker 
rewards the observed state and action by providing feedback 
on the correct robot action for the action performed by the 
robot based on the task selection algorithm in Chapter IV. 
However, the worker provides feedback only when the robot 
performs an incorrect action, because it is considered that the 
work of the worker to always provide feedback is burdensome 
and does not allow for smooth collaborative work. In other 
words, when there is no feedback from the worker, the robot 
is given positive rewards for its actions. On the other hand, 
when feedback is given, the robot is negatively rewarded for 
its actions and positively rewarded for the actions that are 
given feedbacked. The feedback method is the input of a 
number (the robot's task number). 

C. Robot Task Selection Using Task Estimation 

We believe that the robot's task estimation results are 
applicable to a variety of situations, independent of the 
accuracy of access to SKTs. Therefore, the task to be 
performed by the robot is determined by combining the 
estimation results of SKTs that require robot task support 
obtained in Section V.A., the number of robot behaviors in 
each SKT, and the estimation results of task process and work 
time. 

VI. EXPERIMENT 

Through comparative experiments with a robot that 
performs task selection based on observed worker tasks and 
estimated tasks (the before-learning system), we verified 
whether the robot could perform optimal actions based on 
human teaching and the validity of the feedback method. This 
experiment was conducted based on the approval of the Ethical 
Review Committee for Research on Human Subjects at Chuo 
University. 

A. Experimental Conditions 

In this experiment, an experimental task was designed to 
simulate an assembly operation. The actual experimental 
environment is shown in Fig. 4. The sensor that observed the 
worker's right wrist was mounted on the ceiling and observed 
from directly above the worker. The overall goal of one task 
was for the worker to create four assemblies consisting of 7 
and 14 blocks shown in Fig. 5, and for the robot to carry the 
assemblies to Storage. The order in which the four assemblies 
were created was not specified; they were assembled in the 
order the worker chooses to create them. The worker 
assembled the blocks collected in WS1 in WS2 and placed the 

 
Fig. 4.  Experiment environment. 
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finished product in a container. Then, the worker carried 7 
assemblies to WS3 and 13 assemblies to WS4 (see Fig. 4). 
Since the work time is expected to vary with the number of 
blocks, the state transition probability of the conditional 
Markov model is expected to change at this time. To achieve 
this goal, the robot was expected to perform the tasks of 
refilling blocks and empty containers at WS1 and retrieving 
finished products at WS3 and WS4 twice each. Therefore, the 
task achievement rate is defined as the ratio of the total number 
of assemblies actually created by the worker and the total 
number of finished assemblies carried by the robot to Storage 
to the total number of assemblies to be created and carried. The 
subjects were 10 students (9 males and 1 female) with an 
average age of 23 ± 1.04 years. Each subject worked for 
approximately 4 hours in total, with each experimental task 
lasting around 5 minutes. 

In this experiment, a training experiment was also 
conducted to generate a task estimation model for the robot. 
When a robot using the before-learning system performed an 
incorrect action and the worker noticed it, the worker stopped 
the task and entered the correct action number of the robot. In 
this case, if the teaching robot is not taught at the appropriate 
time, incorrect learning may occur, but the subject may not 
notice the robot's incorrect action. Only when the worker 
noticed this during the process, the subject reported it to the 
engineer, who corrected the learning content. The parameters 
used were a learning rate of 0.1 and a discount rate of 0.9. 

B. Experimental Procedure 

The following procedure was used to conduct the 
experiment. (1) The worker performed the experimental task 
eight times under remote control by a skilled operator. (2) 
Based on the data obtained in (1), generated SKTs and 
determined the threshold for task process estimation. (3) 
Performed the experimental task with the before-learning 
system 8 times. (4) Performed the training experiment task 
eight times to generate a task estimation model for the robot. 
(5) Performed the experimental task with the after-learning 
system eight times. (6) The experiment was completed by 
answering a subjective evaluation questionnaire with free-
response questions. After each experimental task, participants 
responded to a cognitive load evaluation questionnaire called 
NASA-TLX [15] and an impression evaluation questionnaire 
after the experimental tasks with the pre-learning system and 
the after-learning system. The order in which the experimental 
conditions were presented was fixed to ensure that the subjects 
could become sufficiently familiar with the task during the 
teleoperated experimental task and understand, through the 
task in the before-learning system, that the robot performed 
incorrect behavior. In addition, sufficient breaks were 
provided between each experimental task. 

VII. RESULTS AND DISCUSSION 

A. Results for All Subjects 

The results of access accuracy to SKTs and task 
achievement rates for the before- and after-learning systems 
are shown in Fig. 6 and 7. Access accuracy is defined as the 
ratio of the number of correct access decisions to the number 
of times a worker actually worked on each SKT. The results 
showed that there was no significant difference between the 
before- and after-learning systems in both access accuracy and 
task achievement rate. The results suggest that the intended 
learning effect of human teaching was not achieved. 

Table Ⅰ shows the number of times a worker should give 
feedback, the number of times the worker actually gave 
feedback, and the number of times the worker reported to the 
technician and corrected the learning content during the eight 
training tasks. The results indicated that workers provided 
feedback a large percentage of the time relative to the number 
of times they should have provided feedback. Thus, the task 
achievement rate was expected to improve significantly. 
Therefore, since we confirm that the task achievement rate is 
sufficiently high in the before-learning system for different 
workers and that there are differences in the number of times 
feedback is given, the following discussion is divided into two 
groups: one with high task achievement rates and the other 
with low task achievement rates in the before-learning system. 
Groupings were made by non-hierarchical clustering (k-means 
clustering) on the results of task achievement rates in the 
before-learning system. The results showed that six students 
were classified in the group with the higher task achievement 
in the before-learning system and four in the group with the 
lower achievement. 

B. Access Accuracy and Task Achievement Rate 

The access accuracy and task achievement rate results for 
the group with the higher achievement are shown in Fig. 8, and 
the results for the group with the lower achievement are shown 
in Fig. 9. For the higher-achieving group, there were no 
significant differences in either access accuracy or task  
achievement rate. On the other hand, the task achievement rate 
was significantly higher in the after-learning system than in 
the before-learning system, even though the access accuracy 

TABLE I.  RESULTS OF TRAINING EXPERIMENTS FOR ALL SUBJECTS 

 Average 
Standard 
deviation 

Number of times feedback 
should be given 

5.6 4.84 

Number of feedbacks 4.6 4.84 

Number of revisions 0.5 0.92 

Fig. 6. Access accuracy. 

0

20

40

60

80

100

Before learning After learning

A
c
c
e

s
s
 A

c
c
u
ra

c
y
 [

%
]

0

20

40

60

80

100

Before learning After learning

Ta
sk

 A
ch

ie
ve

m
en

t R
at

e 
[%

]

Fig. 7. Task achievement rate. 

 
Fig. 5. Examples of assemblies  

with 7 blocks (top) and 13 blocks (bottom). 
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 was lower in the lower-achieving group (no significant 
difference). This suggested that for those with lower task 
achievement, robot teaching had a learning effect, and that the 
system was independent of access accuracy. 
 

There were three main reasons why the robot failed to 
achieve its goals using this system: first, the robot was unable 
to correctly recognize human tasks, which was confirmed by 
eight subjects. Specifically, the size of the generated SKT was 
too small to be accessed, and the reproducibility of the task 
was low and the way the task was performed was different 
from the time when the SKT was generated. However, it was 
confirmed that this situation could be learned by the worker's 
teaching. The second was false access to SKTs, which was 
confirmed in three subjects. Specifically, it was confirmed that 
the subjects unintentionally accessed other SKTs depending 
on the proximity between SKTs and the way they worked. This 
situation was not manageable through teaching, as the system 
was designed to respond when teaching-based learning failed 
to identify the task. However, we believe that this problem 
may be solved by improving the placement of SKTs and the 
access judgment method. Third, human error occurred after 
working for more than the threshold time to recognize human 
error, which was confirmed by two subjects. This situation is 
not capable of being handled by teaching robots, but it may be 
improved if robots are capable of correctly detect human errors. 
This indicated that this system could supplement the situation 
in which a worker was unable to recognize a task by human 
instruction. Since the main cause of a robot's inability to 
achieve its goal was its inability to recognize the work 
situation, we considered the teaching robot learning method to 
be appropriate for this situation. However, the problem was 
that the after-learning system was not capable of handling 
unteaching situations and was unable to re-teach at that time. 

C. Training Experiments 

Table Ⅱ shows the results for the higher-achieving group 
and Table Ⅲ shows the results for the lower-achieving group 
in the training experimental task. The results indicated that 
there was no significant difference in the task achievement rate 
among the higher-achieving group because they received less 
feedback. On the other hand, the lower-achieving group 
received more feedback, which allowed them to learn  

TABLE II.  RESULTS OF TRAINING EXPERIMENTS FOR THE GROUPS 
WITH THE HIGHER TASK ACHIEVEMENT 

 Average 
Standard 
deviation 

Number of times feedback 
should be given 

2.8 2.1 

Number of feedbacks 2.5 2.3 

TABLE III.  RESULTS OF TRAINING EXPERIMENTS FOR THE GROUPS 
WITH THE LOWER TASK ACHIEVEMENT 

 Average 
Standard 
deviation 

Number of times feedback 
should be given 

9.6 4.8 

Number of feedbacks 8 5.5 

appropriate behavior in situations where they could not 
recognize the task and significantly improved their task 
achievement rate. It could also be seen that workers were able 
to actually provide feedback a large percentage of the time in 
relation to the number of times they should have provided 
feedback. Therefore, the feedback method using numerical 
input was considered to be appropriate. 

C. Questionnaire 

The results of the impression evaluation questionnaire are 
shown in Fig. 10 and 11. For the higher-achieving group,  
there was no significant difference between the before- and 
after-learning systems in any of the items. On the other hand, 
for the group with lower grades, the after-learning system 
gave significantly better impressions on all items. 

The results of the impression evaluation questionnaire are 
shown in Fig. 12 and 13. For the higher-achieving group, 
there was no significant difference between the before- and 
after-learning systems in any of the items. On the other hand, 
for the group with lower grades, the after-learning system 
gave significantly better impressions on all items. 

The results of the subjective evaluation questionnaires, 
including free-responses, are shown in Fig. 14 and 15. It was 
considered that the higher-achieving group felt the feedback 

Fig. 8. Results for the groups with the higher task achievement. 

Fig. 9. Results for the groups with the lower task achievement  
(***: p < 0.001). 

Fig. 10. NASA-TLX results for the groups  
with the higher task achievement. 

 
Fig. 11. NASA-TLX results the groups  

with the lower task achievement. 
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task was easier than the lower-achieving group, because the 
number of feedbacks was smaller. However, both groups felt 
that the work was difficult because they were conscious of the 
robot's movements, and did not receive a high evaluation. 
Regarding the understandability of the feedback task, both 
groups of subjects rated it highly because they only had to 
enter numbers, and there was no significant difference 
between the groups, indicating that they found the feedback 
task easy to understand. On the other hand, there were some 
subjects who were so focused on their work that they found it 
difficult to notice any errors in the robot's behavior. Therefore, 
it was considered necessary to have a function that allowed 
the robot itself to notice and respond to errors and a function 
that told the worker when to teach. In addition, when asked 
whether they preferred the after-learning system to the before-
learning system, the group with the lower grades preferred the 
after-learning system because they felt the learning was more 
effective. However, the higher-achieving group preferred the 
pre-learning system because they did not feel the need to be 

taught because the learning effect was small. 

VIII. CONCLUSION 

In this study, we added a task estimation function for 
workers that takes human error into account and a task 
estimation function for the robot that uses learning by 
teaching robot by workers. As a result, the effect of learning 
by teaching was obtained for workers for whom the before-
learning system was not sufficient. The system was then able 
to supplement the worker's inability to recognize the task, 
which made the robot's task selection independent of access 
accuracy. 

In the future, we aim to construct a system that enables 
constant teaching, and to add functions that allow the robot to 
recognize and respond to errors autonomously while 
communicating the timing of teaching to the worker. 
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Fig. 12. Results of the impression evaluation questionnaire  

for the groups with the higher task achievement. 

 
Fig. 13. Results of the impression evaluation questionnaire for  

the groups with the lower task achievement (*: p < 0.05, **: p < 0.01). 

 
 Fig. 14. Results of the subjective evaluation questionnaire  

for the groups with the higher task achievement. 

 
Fig. 15. Results of the subjective evaluation questionnaire  

for the groups with the lower task achievement. 
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