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A Comparative Analysis on Joint Importance to Achieve
Better Performance for Future Forecasted Human

Activities and Behavior Analysis for Intimate Distance
Supportive HRC Sytem
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Abstract:
Human Robot Collaboration (HRC) has always been a challenging field due to safety concerns as human motions are
often unpredictable and susceptible to environmental and physio-psychological changes. Previous studies aimed at
predicting human behavioral trajectories focused on predicting behaviors utilizing full-body data for HRC with mini-
mal contact with the robot. In this work, we focused on the Hand over other body parts as it will be in very close and
frequent contact with the robot for complex and challenging tasks that we considered for intimate distance supportive
HRC. In our analysis, we found that joint reduction and the perfect joint combination lead to better performance and
joint importance varies based on the task pattern. We also successfully forecasted the human motion and activity 1s
ahead using LSTM with the highest RMSE error no more than 21mm which outperformed the work in [1].

Keywords: Human Robot Collaboration, Human Activity Recognition, Activity and Behavioral Computing, Future
Forecasting

1. Introduction
Our work aims to study the challenges to achieving an intimate

distance supportive Human Robot Collaboration (HRC) system
and to explore and enhance the potential of this field by analyz-
ing human behavioral patterns. There are 2 main research issues
in this study: To forecast the human motion trajectory very pre-
cisely for a short amount of time and another is doing human
behavior analysis to make the HRC system better. From our pre-
vious works we have found that not all body markers play a vital
role in human behavior analysis. Even sometimes they are detri-
mental to the performance. So in this work, we tried to do a
comparative analysis of different body markers on two different
data sets.

To understand the importance and challenges of our work we
need to first understand HRC and its current state-of-the-art po-
sition. A great number of survey has been done regarding the
safety issues in HRC [7], [8], [9], [10], [11], [12], [13]. Based
on the complexity of the system, HRC can be divided into four
categories:
( 1 ) Separate: Human and robot duties are kept separate; they do

not share locations, tools, or workpieces.
( 2 ) Sequential: Work locations, tools, and workpieces can all be

shared, but the tasks are strictly serialized, so any sharing is
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separated in time.
( 3 ) Simultaneous: Human and robot jobs are carried out simul-

taneously and may require working on various areas of the
same workpiece, but they are all focused on completing in-
dependent task objectives.

( 4 ) Supportive: The human and the robot collaborate to finish a
common task at the same time and with the same workpiece.

Previously human-robot collaboration has always been re-
stricted to ”separate” applications. Given that automation and
human labor are typically considered successive links in the pro-
duction chain, the current state-of-the-art in terms of human-robot
teams could be classed as ”sequential.” Simultaneous collabora-
tions are now possible, albeit not typical, thanks to the recent
arrival of collaborative industrial robots on the market. Future
generations of collaborative robot systems are projected to play
”supporting” roles, although existing technology cannot support
such functionality. The main reason for simultaneous type not be-
ing common and supportive type not being achieved is the safety
concern. As both of these requires very close interaction between
human and robot which may easily lead to accidents.

Various studies are conducted in the HRI(Human Robot Inter-
action) domain and it has been discovered that the appearance,
speed, and behavior of the robot have a significant impact on hu-
man behavior. A few motion trajectory prediction works have
been done [5], [6], [14], [15], [16]where the researchers tried to
utilize full-body data or some specific point data to predict human
motion in the presence of robots. All of these works focused on
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very simple tasks where zero to very minimal contact is required
between the human and the robot. Our goal is a lot more challeng-
ing as in our system we need to design the model so that robots
and humans can collaborate supportively. To design such a safe
intimate distance supportive HRC system we need to focus more
on human behavior and motion analysis. There have been various
works in the larger trajectory planning domain but in the aspect
of the close distance, not much work has been done. Our target
is to focus on this domain. One of the previous works tried to
predict human motion data in the very near future for a complex
set of activity [1]. In this work, the whole body data was con-
sidered which increased the model complexity and performance
was not up to the mark if we consider the supportive HRC con-
dition. To solve these issues further analysis has been done and
it is found that some of the body markers can be detrimental to
the performance of the model [2]. The reason behind this is the
features provided by these body markers are misleading. In this
work body, joint analysis has been done in a generalized format
also future forecasting is not done.

In this work, our main focus is to analyze human activity and
behavioral data to achieve a supportive HRC system at an inti-
mate distance. Here we put more emphasis on predicting hand
motion data as for our considered task hands are most prone to
have collision with the robot. With the continuation of our pre-
vious work [2] in this paper here we showed that by discarding
unimportant joints we can achieve better performance. Also, we
showed that depending on the task body marker importance can
be varied. Also for the same person in the same environment
setup depending on the task different body markers play a vital
role. With a perfect set of body marker combinations, a higher
performance is achievable.

Here we analyzed two different data set: the Bento data set and
the Cooking data set. Both of them contain one common subject.
Task complexity for each data set is different. In the Bento, data
set it is required to put the food in a certain position precisely
within a required time. In the Cooking, data set a combination of
various small tasks to have to be done to complete the whole task.
Due to these challenges, it is hard to integrate a robot into these
tasks to build up an intimate supportive HRC system. As any false
prediction in the human motion data can cost us accidents. Also,
we cannot predict motion for a large amount of time as the human
intention can change suddenly which might cause a collision with
the robots. In this work, we successfully forecasted the human
motion and activity 1s ahead. For bento data, the r squared value
of the model is .935 is considered very good as it means 90%
of the variance can be explained. For cooking data, the r squared
value of the model is .495 which can be considered moderate. The
performance of both models surpassed the previous works. The
main contributions of our work are: We conducted a behavioral
pattern analysis dedicated to intimate distance supportive HRC,
from our achieved results it can be claimed that in different task
scenarios different joints play a vital role even the same person
is completing the tasks and finding out a perfect combination of
joints for these specific tasks. In the later part of the paper, it has
been shown clearly that only joint reduction cannot ensure better
performance. Only a few joint combinations work perfectly for

Fig. 1: Body Marker Position of 29 Markers.

Fig. 2: Bento Data Experimental Setup.

a very close range time forecasting. Also on macro-scale various
tasks seems similar the joint signal patterns change drastically.
We believe this work will provide new light in the direction of
motion and behavioral pattern analysis for HRC.

2. Data Description
In this work, we used two challenging data sets to design a hu-

man motion forecast system. In both cases, body markers were
placed as it is shown in Fig. 1.

2.1 Bento Data Set
The experiment has been carried out with the scenario in mind

where humans and robots have to work in the same workspace
within an intimate distance. In this condition, human lower body
movement is minimized and the motion is mainly done by the
upper body. Also, close observation and quick response is re-
quired as this condition is highly susceptible to the occurrence
of a collision. The experiment has been carried out in the Smart
Life Care Unit of the Kyushu Institute of Technology in Japan.
Though the experiment has been carried out in the lab a complete
imitation of the industrial work-space setup has been maintained.
Due to safety concerns, no real robot has been used only the hu-
man performed the task standing within his designated place. A
motion capture system from Motion Analysis Company is used
for this experiment. 20 infrared cameras are used in the system
to track and record the three-dimensional position of each body
marker. A total of 29 body markers data has been collected. The
placement of the markers is shown in Fig. 1. In this experiment
4 subjects (men) in their 20’s and 30’s have participated. Each
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Table 1: Bento Data Description.
Activity Activity Description
Normal
(inside)

Pick food and place it in the right place of the bento box.
The bento box is placed on the belt conveyor near from human.

Normal
(outside)

Pick food and place it in the right place of the bento box.
The bento box is placed on the belt conveyor far from human.

Forgot to
put ingredients

(inside)

Pick food but forgot to place it in the right place of the bento box.
The bento box is placed on the belt conveyor near from human.

Forgot to
put ingredients

(outside)

Pick food but forgot to place it in the right place of the bento box.
The bento box is placed on the belt conveyor far from human.

Failed to
put ingredients

(inside)

Pick food but failed to place it in the right place of the bento box.
The bento box already passed by. The bento box is placed on

the belt conveyor near from human.
Failed to

put ingredients
(outside)

Pick food but failed to place it in the right place of the bento box.
The bento box already passed by. The bento box is placed on

the belt conveyor far from human.
Turn over
bento-box

(inside)

Pick food but failed to place it in the right place of the bento box.
Turned over the bento box in a hurry while it was passing by.

The bento box is placed on the belt conveyor near from human.
Turn over
bento-box
(outside)

Pick food but failed to place it in the right place of the bento box.
Turned over the bento box in a hurry while it was passing by.
The bento box is placed on the belt conveyor far from human.

Fix/rearranging
ingredients(inside)

Pick food but forgot to place it in the right place of the bento box.
Fix the bento box in a hurry while it was passing by.

The bento box is placed on the belt conveyor near from human.

Fix/rearranging
ingredients(outside)

Pick food but forgot to place it in the right place of the bento box.
Fix the bento box in a hurry while it was passing by.

The bento box is placed on the belt conveyor far from human.

Table 2: Cooking Data Description.
Activity Activity Description

CEREAL Take , Open , Cut , Peel , Other, Put
SANDWICH Take , Cut , Other, Wash , Put

FRUITSALAD Take , Add , Mix , Cut , Peel , Other, Put

Fig. 3: Cooking Data Experimental Setup.

of the subjects was instructed to put three types of food in the
bento box on a moving conveyor belt. Actions are done in two
different patterns inward and outward. Participants were asked to
repeat each task 5 times. An elaborate idea of this data set can be
obtained from Table 1 and Fig. 2. The length of each activity seg-
ment was approximately 50 to 70 s. The data has been recorded
with a frequency of 100Hz.

2.2 Cooking Data Set
The data collection of this experiment was conducted in the

Smart Life Care Unit of the Kyushu Institute of Technology in
Japan. In this experiment, 4 subjects (men) in their 20’s and 30’s
participated and there was no overlap between the subjects. The
experiment was conducted in a controlled environment where the
steps are predefined for the subjects. They had to prepare three
types of foods following the defined steps. The data was collected

using smartphones, smartwatches, a motion capture system, and
an open pose. Here we will only utilize Motion Capture data. A
motion capture system from Motion Analysis Company is used
for this experiment. It has 29 body markers. The places of mark-
ers in the body are shown in Fig. 1 infrared cameras are used to
track the markers. The dataset used for this challenge consists of
activities and actions associated with cooking. Actions are named
Micro activities and activities are named Macro activities. There
are three macro activities and 9 micro activities. Each macro ac-
tivity consists of multiple micro activities. Details of each macro
activity are given below. An elaborate idea of this data set can
be obtained from Table 2 and Fig. 3. As we can see, the macro
activities have many similar micro activities which are done in
slightly different ways. This increases the difficulty level for cor-
rectly detecting these activities. The data has been recorded with
a frequency of 100Hz.

3. Methodology
In this work, we utilized two different data sets which have

been collected in the same laboratory environment with one sub-
ject common in both data sets. To ensure that there is enough
variation between the data sets we have performed a T-test. Also,
a T-test has been done among different users with different activ-
ity combinations in the case of each data set. Here we performed
both activity and motion prediction for 1s ahead future with dif-
ferent joint combinations.

3.1 Data Pre-processing and Feature Extraction
Due to various reasons, the infrared cameras failed to capture

MOCAP data from the body markers in various instances. So,
there were a lot of missing values present in the data. The missing
values of each column have been replaced with the mean value of
the respected column. The reason behind doing so is that if the
missing values are replaced with zero it would provide the wrong
features and if we drop rows the number of data points will de-
crease severely.

3.2 Activity Prediction
For each column of marker values, 10 statistical features are

calculated. They are Standard Deviation, Average, Max, Min,
Variance, Median Absolute Deviation, Kurtosis, Skew, Energy,
and Interquartile Range. At first, different machine learning clas-
sifiers are tested, and Random Forest Classifier performed best
in every experiment. So we considered at random seed 14. For
the train-test split, we followed the leave-one-group out method
where all the subjects’ performances have been tested.

3.3 Motion Forecasting
For future motion forecasting, time series features have been

calculated. For forecasting, we used LSTM as it has given a bet-
ter performance than other regression models. Forecasting has
been done in different combinations to identify the important fac-
tors for very close time gap forecasting. For Bento data, we put
the whole normal activity of 10 min in Train Set and Tested each
abnormal activity of 1 min with 1s ahead future. For Cooking
Data we put the combination of each micro activities for a to-
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(a) Normal Activity.

(b) Forgot to put ingredients.

(c) Failed to put ingredients.

(d) Turn over bento box.

(e) Fix/rearranging ingredients.

Fig. 4: Wrist position signal pattern based on differnt activites in
Bento Data. (For simplicity only x coordinate position is given.
X7 = Right Wrist, X10 = Left Wrist. Time stamp for each frame
is 0.01s.)

(a) Making Cereal.

(b) Making Sandwich.

(c) Making Fruit Salad.

Fig. 5: Wrist position signal pattern based on different activities
in Cooking Data. (For simplicity only x coordinate position is
given. X7 = Right Wrist, X10 = Left Wrist. Time stamp for each
frame is 0.01s.)

tal 10min and Tested the files of activities where there are done
together in a 1min range for 1s ahead future. We tried different
combinations of parameters for LSTM among them 50 neurons
with a 20% dropout layer and a dense layer with a batch size of
72 performed best for Bento Data. For Cooking Data LSTM with
70 neurons with a 20% dropout layer and a dense layer with a
batch size of 100 worked best.

4. Result and Analysis
Initially, Independent T-test has been done between the two

data sets to check the variation among them. The mean p-value
achieved is 2.05 which is higher than 0.05 and indicates strong
evidence for the null hypothesis. The null hypothesis states that
there is no relationship between the two samples being studied.
Even for the same subject, the p-value is 0.9 which is still higher
than 0.05. We also tested the T-test among the activities of the
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Table 3: Performance Comparison of Different Joint Combina-
tions for Bento Data.

Body Markers
Subject 1
F1 Score

Subject 2
F1 Score

Subject 3
F1 Score

Subject 4
F1 Score

Balanced
Accuracy
Average

Head-Shoulder 1.00 0.98 0.93 0.92 0.96
Head-Elbow 0.90 0.98 1.00 0.96 0.96
Head-Wrist 0.98 0.98 0.98 1.00 0.99
Head-Shoulder-Elbow 0.94 0.98 0.98 1.00 0.97
Head-Shoulder-Wrist 0.96 0.98 0.98 0.98 0.97
Head-Elbow-Wrist 0.88 0.98 0.98 1.00 0.96
Shoulder-Elbow-Wrist 0.90 0.98 1.00 0.96 0.96
Head-Shoulder-Elbow-Wrist 0.98 0.94 1.00 0.96 0.97
Shoulder-Wrist 1.00 0.98 1.00 1.00 0.99
Shoulder-Elbow 0.98 0.96 1.00 0.98 0.98
Elbow-Wrist 0.94 0.96 0.91 0.98 0.95
Upperbody 0.89 0.94 0.93 0.87 0.91
Fullbody 0.79 0.86 0.90 0.76 0.85

Table 4: Performance Comparison of Different Joint Combina-
tions for Cooking Data.

Body Markers
Subject 1
F1 Score

Subject 2
F1 Score

Subject 3
F1 Score

Subject 4
F1 Score

Balanced
Accuracy
Average

Head-Shoulder 0.98 0.98 0.93 0.93 0.95
Head-Elbow 0.96 0.98 0.97 0.90 0.95
Head-Wrist 1.00 0.98 0.98 0.94 0.97
Head-Shoulder-Elbow 0.94 0.96 0.98 0.98 0.96
Head-Shoulder-Wrist 0.96 0.94 0.98 0.98 0.96
Head-Elbow-Wrist 0.88 0.98 0.98 1.00 0.96
Shoulder-Elbow-Wrist 0.90 0.98 1.00 0.96 0.96
Head-Shoulder-Elbow-Wrist 0.98 0.94 0.98 0.96 0.96
Shoulder-Wrist 1.00 0.98 0.98 0.96 0.97
Shoulder-Elbow 0.96 0.94 0.91 0.98 0.95
Elbow-Wrist 0.98 0.94 1.00 0.98 0.97
Upperbody 0.79 0.89 0.89 0.89 0.87
Fullbody 0.75 0.62 0.87 0.87 0.82

Table 5: Motion Forecasting Result of Bento Data. Soulder-Wrist
combination performance is mentioned here as it achieved the
best performance. The r squared value of this model is o.935. All
the units are in mm range.

RMSE STD MAE
Activity X7(R) X10(L) X7(R) X10(L) X7(R) X10(L)
Forgot to

put ingredients
(inside)

5.55 7.24 4.68 6.54 5.19 6.63

Forgot to
put ingredients

(outside)
7.40 4.35 6.23 5.13 6.86 3.76

Failed to
put ingredients

(inside)
2.15 2.16 3.49 3.52 1.69 1.77

Failed to
put ingredients

(outside)
2.83 2.33 4.32 4.41 2.54 1.84

Turn over
bento-box

(inside)
2.66 3.28 3.46 6.27 2.33 2.78

Turn over
bento-box
(outside)

2.65 3.43 4.80 5.27 2.07 3.02

Fix/rearranging
ingredients(inside) 6.08 2.74 6.81 3.64 5.35 2.36

Fix/rearranging
ingredients(outside) 3.50 3.10 6.18 4.35 3.10 2.55

data sets. Even if the subjects are not the same p-value is still
lower than 0.05 for Bento Data. In the case of Cooking Data, this
type of occurrence could not be found. From the graphs in Fig. 4
it can be seen that most of the parts of other activities contain nor-
mal activity in Bento Data. On the other hand from Fig. 5 we can
see that even though the micro activities in each macro activity
are quite similar there are differences in the signal pattern.

In Table 3 and Table 4, a brief performance analysis of dif-
ferent body markers has been done. From the tables we can see

Table 6: Motion Forecasting Result of Cooking Data. Head-
Wrist combination performance is mentioned here as it achieved
the best performance. The r squared value of this model is o.495.
All the units are in mm range.

RMSE STD MAE
Activity X7(R) X10(L) X7(R) X10(L) X7(R) X10(L)
Cereal 20.04 12.17 14.25 11.64 20.27 13.23

Sandwich 9.09 13.32 4.76 7.13 10.06 14.64
Fruit Salad 14.81 15.38 13.25 13.53 16.50 17.64

(a) Fruit Salad making.

(b) Sandwich making.

(c) Cereal making.

Fig. 6: Wrist position data predicted from head data from Cook-
ing data set.Time stamp for each frame is 0.01s.

that with the reduction of markers the performance is not reduced
rather it has increased a lot. Though the performance increased
a lot not all reduced combinations achieved the optimal result.
The highest accuracy of 99 % has been achieved from Head-
Wrist and Shoulder-Wrist combination in Table 3 for Bento Data.
The highest accuracy of 97 % has been achieved from Head-
Wrist, Shoulder-Wrist, and Elbow-Wrist combination in Table 4
for Cooking Data. From these two results, it can be seen that

5ⓒ 2022 Information Processing Society of Japan

Vol.2022-UBI-74 No.5
2022/6/6



IPSJ SIG Technical Report

(a) Forgot to put ingredients.

(b) Failed to put ingredients.

(c) Turn over bento box.

(d) Fix/rearranging ingredients.

Fig. 7: Wrist position data predicted from shoulder data for Bento
data set.Time stamp for each frame is 0.01s.

based on task the joint importance is varying as we see in 3 that
Elbow-Wrist only achieved 95 % accuracy for Bento data but for
Cooking data the performance changed.

For motion forecasting, we can see from Table 5 and Table 6
that the results are a lot promising. Even though the RMSE value
of Table 6 is higher than Table 5 it did not cross 21mm which is
a great achievement concerning the previous work [1]. The per-
formance of Table 5 was achieved utilizing the Shoulder-Wrist
combination whereas the performance of Table 6 was achieved
utilizing the Head-Wrist combination. The other combinations
are also tested but due to poor performance not mentioned here.

Fig. 6 and Fig. 7 are data from the same person from two dif-
ferent data sets. Fig. 7 is wrist position data predicted from shoul-
der data whereas in Fig. 6 wrist position data is predicted utiliz-
ing head data. Even for the same person depending on the task

joint importance and forecasting performance can be varied a lot.
Though forecasted data of Fig. 4 is not as good as Fig. 4 trend
and seasonality of the signal are mostly accurate for the predicted
data. So the achievement of this work is quite good.

5. Conclusion and Future work
Our goal is to study the challenges to achieving an intimate dis-

tance supportive HRC(Human Robot Collaboration) system by
exploring human behavioral patterns. From our previous work
we found that not all body markers play a vital role in Human
Activity and Behavior analysis. In this work, we conducted a
more detailed analysis and found that depending on the task im-
portance of body markers changes. Also sometimes using unnec-
essary markers leads to poor results. The analysis has been done
on two different data sets with a person in common in the same
lab environment. Even though label-wise and setup wise there
should be similarities in the data, we found from the T-test that
they are quite different even for the same person. In keeping the
intimate distance supportive HRC condition in mind we tried to
design a forecasting system with important body marker combi-
nations and it surplus the previous work performance. For future
work, we will try to explore more about the parts of the signal due
to which the forecasting results become poor. We will also try to
analyze more challenging data sets to check for joint conditions.
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