
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING 1

Predicting Human Intentions in Human–Robot
Hand-Over Tasks Through Multimodal Learning
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Abstract— In human–robot shared manufacturing contexts,
product parts or tools hand-over between the robot and the
human is an important collaborative task. Facilitating the robot
to figure out and predict human hand-over intentions correctly to
improve the task efficiency in human–robot collaboration is there-
fore a necessary issue to be addressed. In this study, a teaching-
learning-prediction (TLP) framework is proposed for the robot
to learn from its human partner’s multimodal demonstrations
and predict human hand-over intentions. In this approach, the
robot can be programmed by the human through demonstrations
utilizing natural language and wearable sensors according to
task requirements and the human’s working preferences. Then
the robot learns from human hand-over demonstrations online
via extreme learning machine (ELM) algorithms to update its
cognition capacity, allowing the robot to use its learned policy to
predict human intentions actively and assist its human companion
in hand-over tasks. Experimental results and evaluations suggest
that the human may program the robot easily by the proposed
approach when the task changes, as the robot can effectively pre-
dict hand-over intentions with competitive accuracy to complete
the hand-over tasks.

Note to Practitioners—This article is motivated by
human–robot hand-over problems in smart manufacturing
contexts. Product parts or tools delivery in worker–robot
partnerships is an important collaborative task. We develop
a teaching-learning-prediction (TLP) framework for the robot
to learn from its human partner’s multimodal demonstrations
and predict human hand-over intentions. The robot can be
taught by human through natural language and wearable
sensing information. The extreme learning machine (ELM)
approach is employed for the robot to build its cognition
capacity to predict human intentions actively and assist its
human companion in hand-over tasks. We demonstrate that the
proposed approach presents distinct and effective advantages
to facilitate human–robot hand-over tasks in collaborative
manufacturing contexts.

Index Terms— Extreme learning machine (ELM),
human–robot hand-over, intention prediction, learning from
demonstrations, natural language, wearable sensors.
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I. INTRODUCTION

ROBOTICS technology has served humans in numerous
application fields [1]–[3], especially product assembly in

manufacturing contexts. Assembly tasks can benefit from both
sides of the robot and the human in a proper human–robot col-
laboration. Basically, the human and the robot have to interact
with each other in order to successfully co-conduct the assem-
bly of products when they are in the shared workspace [4].
During the human–robot collaboration process, handing over
product parts to each other is an inevitable and fundamental
task. Similar to human–human interaction in object delivery,
human–robot hand-over refers to an action triggered by the
human or its robot companion to meet the goal of delivering
a part to each other.

In recent years, robots have been increasingly used in
collaborative assembly works, conducting human-to-robot or
robot-to-human hand-over tasks is gradually necessary and
significant. In manufacturing contexts, most of collaborative
robots are generally programmed by off-line operating devices,
such as FlexPendants and workstations [5], which require a
lot of human effort when the tasks update and need to be
recorded. Robots mimicking human demonstrations to achieve
human–robot collaborative tasks is a promising and effective
method [6], by which the robots can be programmed in real
time and serve as assistants in human–robot hand-over even
when the collaborative tasks are changed. Meanwhile, human
workers are not required to have expertise and professional
programming skills but just utilize demonstrations to code
robots to conduct new tasks. In addition, some effective robot
learning control methods such as adaptive fuzzy full-state and
output-feedback control [7] and admittance-based control [8]
have been proposed for human–robot collaborative tasks.

Apart from improving the robot’s bootstrapping in product
parts hand-over by learning from human, another significant
issue to augment human–robot hand-over tasks is empowering
the robot to be capable of predicting human intention in the
hand-over process [9]. This implies that, in order to make
the interaction more intuitive, the robot not only needs to be
aware of the ongoing hand-over behaviors, but also annotates
and predicts the imminent hand-over intentions of its partner.
Efficient human–robot cooperation requires harmonious deci-
sions and intentions of both sides in each step of a shared
task. As a consequence, predicting the intentions of product
parts hand-over by humans is a critical link for enabling the
robots to effectively act and interact with their human partners
in collaborative working surroundings.
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Therefore, to improve the collaboration efficiency and
decrease the efforts of humans in human–robot co-assembly
tasks, we hope that robots and human workers can achieve
the product parts hand-over seamlessly in a natural and easy-
to-implement way by using multimodal information. It implies
that the robot should possess high-level cognition capacities of
human action understanding and intention prediction just like
the human counterpart in human–robot hand-over processes.

To this end, we propose a teaching-learning-prediction
(TLP) framework for the robot to learn from its human part-
ners and predict hand-over intentions in human–robot collabo-
rative tasks. The natural multimodal information (natural lan-
guage and natural wearable sensing information) of the human
is employed as the human–robot interactive input in hand-over
processes. By taking advantage of all sides (human speech
instructions, muscle activities, and forearm rotations) of the
natural multimodal information, the human and the robot are
able to communicate with each other more efficiently than sin-
gle modality, allowing human–robot collaborative tasks to be
productively executed. The extreme learning machine (ELM)
is utilized in the proposed TLP framework. ELM was devel-
oped for generalized single-hidden-layer feedforward neural
networks in which the hidden layer need not to be alike [10].
By means of its remarkable advantages, we employ the ELM
for the robot to learn and predict human hand-over intentions
in our approach. In what follows, several related studies of
human intention understanding and prediction in human–robot
collaboration are presented in Section II. The TLP framework
and its working procedures are described in Section III.
The detailed TLP modeling methodologies including human
teaching, robot learning, and human intention prediction are
expounded in Sections IV and V. We carry out a series of
experiments in real-world human–robot collaborative contexts
to testify and evaluate the efficiency and accuracy of the
proposed approach in Sections VI and VII. The conclusions of
research findings and the future work of this study are provided
in Section VIII.

The contributions of this work can be summarized as
follows.

1) We investigate and propose a novel solution to facilitate
human-to-robot/robot-to-human hand-over tasks using
natural multimodal information.

2) We develop a natural and intuitive human–robot interac-
tive interface using natural wearable sensing and natural
language, based on which the robot could learn and pre-
dict human hand-over intentions in collaborative tasks.

3) We extend the application of robots learning from
human demonstrations and propose a systematic
TLP framework for human–robot partnerships to
co-accomplish hand-over tasks, which can reduce human
manual-programming effort and enable human–robot
collaboration productivity.

II. RELATED WORK

In human–robot hand-over processes, it is critical to have
the robot understand human intentions. Several related works
have been conducted in various applications recently.

Human–robot hand-over intentions were usually assumed
to be known in most human–robot collaboration research
works. Among these studies to recognize the human
hand-over intentions, there are two typical approaches:
the vision-based approach and the physical contact-based
approach, which are used to detect and control the interaction
process in human–robot hand-over. For the first approach,
Grigore et al. [11] demonstrated that integrating joint action
understanding in human–human interaction and human–robot
collaboration can enhance the performance of robot-to-human
hand-over processes using the VICON motion capture system.
Aleotti et al. [12] presented an approach for robot–human
object hand-over by taking user comfort into account via a
Kinect. For the second approach, Cakmak et al. [13] con-
ducted a study to acquire human preference information
for hand-over tasks. The human–robot interaction process
was sensed by the robot’s arm stiffness. Nagata et al. [14]
solved the human–robot delivery problem by using the gripper
force–torque sensing method to detect and trigger the interac-
tion process.

However, the vision-based human hand-over intention
recognition approach usually rests with working surroundings.
The recognition results are easily affected by the dynamic
backgrounds and limited working areas. For example, on auto-
motive assembly lines, the automotive equipment and transport
vehicles keep moving in the assembly process and the human
workers sometimes need to operate the parts in the areas that
may not be covered by the vision system. Therefore, such
factors will have an impact on the recognition performance of
the vision-based approach. In the second approach, although
the robot build-in sensing devices can be used to detect
the human–robot hand-over process, they require a physical
and significant force contact between the human and the
robot, which limits the working ranges and may cause safety
concerns for the workers.

As we mentioned above, the method of learning from human
demonstrations has been explored for empowering robots to be
capable of imitating human behaviors. By this way, the human
workers can program robots via demonstrations to have them
perform the tasks actively [7]. Likewise, the physical touch
approach (using robot build-in sensing devices or joysticks
for human–robot interaction) and nonphysical touch approach
(using wearable sensors or vision systems for human–robot
interaction) are mainly developed. In the first approach, the
joystick teaching [15] and kinesthetic teaching [16] are usually
employed by the human to perform the work demonstrations
to the robot. Additionally, the nonphysical touch approach
facilitated the human–robot collaboration a lot with high-level
methods such as wearable sensors-based learning [17], vision
system-based learning [18], and natural language-based learn-
ing [19], which augmented the robot’s capacity for handling
more complex works. Upon receiving the demonstration infor-
mation, the robot is able to construct its action strategies
through the embedded learning algorithms [20], [21]. Then
it imitated the human using its learned policy to conduct tasks
in the working environment.

However, these approaches in human–robot teaching and
learning processes mainly try to make the robot repeat human
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behaviors, which are not sufficient for several human–robot
collaborative contexts such as product parts hand-over in
automotive assembly tasks. Because not only do we need the
robots to mimic humans, but we also need the robot to predict
human intentions and collaborate with its human partner.

Human intention prediction in human–robot interaction
is an available solution to such co-conduct problems such
as product parts or tools hand-over in human–robot teams.
Through the Markov model, Tanaka et al. [22] proposed an
approach for the human action trajectory prediction in the
discrete workspace and developed a robot motion planner
in human–robot hand-over tasks. Cohen et al. [23] utilized
the Kinect sensor to develop a “metaphor-free” interface and
proposed a human intention prediction method via the cogni-
tive science computational model. From the image sequences
in human–object interaction, Song et al. [24] presented a
probabilistic graphical model to predict human manipulation
intentions. Hawkins et al. [25] proposed a graphical model to
predict human intentions by a probabilistic manner in the
context that the robot assisted its human partner to perform
different tasks.

Although human intentions are predicted in these studies,
they usually employ additional sensing (e.g., vision systems)
to annotate ParaFirstLine-Indhuman data manually [26], which
may cost a lot of human efforts. However, few investigations
have developed an online TLP approach in human–robot col-
laboration, especially the dexterous hand-over tasks. Addition-
ally, different human workers usually present diverse assembly
or hand-over preferences, which require the robot to be rapidly
programmed according to different individuals or new tasks.
Consequently, developing a method which can enable the robot
to understand human intentions effectively as well as facilitate
the human–robot hand-over to be performed is a considerable
issue to explore and address.

To solve this, a TLP framework is developed by means
of natural multimodal human information based on ELM
algorithms. In human–robot collaboration, product parts or
tools hand-over processes are dynamically conducted in real
time by the human and the robot via online natural language
and natural wearable sensing information. By taking advantage
of the proposed method, the human could program/teach the
robot easily employing partial demonstrations through natural
multimodal information in line with the new task requirements
and his/her working preferences. After that, the robot is able
to autonomously build its cognitive competence utilizing the
TLP approach to understand and predict human hand-over
intentions. Moreover, the robot can make its action planning
decisions actively to deliver, pick up, or reject the parts using
its learned strategies in human–robot hand-over processes.
By leveraging the developed framework on practical exper-
iments of human–robot collaborative tasks, we demonstrate
that the product parts hand-over processes between the human
and the robot are conducted accurately and effectively.

III. TLP FRAMEWORK

The overarching vision of this work is to empower the
robot to learn from partial human demonstrations online

Fig. 1. TLP framework.

and predict human hand-over intentions as well as help the
human in hand-over tasks flexibly. Fig. 1 shows the TLP
framework, which includes: 1) human teaching via multimodal
information; 2) robot learning from human demonstrations;
and 3) human–robot hand-over in collaborative tasks.

The robot must be able to understand human intentions in
order to deliver/pick up a part to/from the human. To this end,
before human–robot collaboration in a robot-unknown task,
the human presents partial demonstrations of each hand-over
intention to the robot online by natural language instructions
and a wearable sensory system according to his/her personal-
ized working preferences and the product parts or tools needed
to be handed over. Likewise, the robot also responds to the
human through speech once it gets the intention information.
In the teaching process, the quantitative elements of human
intentions are extracted from the multimodal information to
be employed in the learning algorithm to update the robot’s
hand-over cognition.

In the robot learning process, the extracted human hand-over
intention information is further parameterized online by dif-
ferent sets of features correspondingly. The processed natural
language instructions are learning objectives, and the wearable
sensing information works as knowledge sets for the robot.
After that, these features are utilized by the robot as inputs to
the TLP model based on the ELM algorithm to construct its
cognition capacity of understanding different human hand-over
intentions. The robot will learn from the human, just like the
child learns skills from the adult, to construct its customized
task cognition. Additionally, it can be obviously concluded
that the robot’s cognition capacities are different on account
of diverse individuals’ hand-over preferences and task require-
ments. In this process, the TLP model can decrease human
coding efforts to a great extent compared to the traditional
offline robot programming methods.

Based on the learned policy, the robot can employ the
human intention prediction algorithm in the TLP model
to make hand-over decisions. In the prediction process,
the human just uses natural wearable sensing information to
work with the robot in hand-over tasks, which will reduce
human manual-programming efforts as well as help the human
get rid of repetitive speech. The optimal hand-over policy
is generated for the robot according to the online dynamic
input information from the wearable sensory system. After
that, the robot utilizes the prediction results to cooperate
with the human to finish the parts or tools hand-over by
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executing different hand-over actions accordingly. Once the
human changes or the task is updated, the human may employ
this proposed easy-to-use TLP model to teach the robot to join
the new task quickly.

IV. TEACHING ROBOTS USING NATURAL

MULTIMODAL INFORMATION

A. Multimodal-Based Hand-Over Intentions

In human–robot hand-over tasks, human partners’ inten-
tions, which are known as what the human wants to do for
the robot or what the human wants the robot to do, are
essentially significant for the collaboration. For example, “I
need an object from you” or “I want to give you an object.”
These intentions can be detected and represented via numerous
methods, such as by vision systems or force sensors. To make
it more robust than a single modal human–robot interface for
hand-over tasks, we employ natural multimodal information,
including natural language and natural gesture information,
of the human as human–robot interactive input in hand-over
processes.

The natural language instructions in human–robot hand-over
tasks are utilized to describe human intentions. Synchronously,
the gesture information is applied to parameterize the inten-
tions expressed by human motions, which contain forearm
posture and muscle activity. As shown in Fig. 1, the natural
language commands are decoded based on the Google Cloud
speech-to-text (StT) platform [27]. Meanwhile, the human
forearm action information is acquired and figured out via
a wearable sensory system. Therefore, each human intention
IH can be formulized by the target factors INL extracted from
natural language instructions and the features IWS extracted
from human forearm rotations and electromyography (EMG)
signals which are collected by the wearable sensory system

IH = {(iNL, iWS)|iNL ∈ INL, iWS ∈ IWS). (1)

It can be seen that, for different human workers, they usually
have their own preferred hand-over manners to teach the robot.
This information is able to be included in IWS. Moreover,
in human–robot collaboration, the IH, which contains the
robot’s learning objectives and knowledge sets, is employed
in the TLP model to teach the robot to construct its cognition
capacity that can be utilized to predict human intentions and
handle the hand-over process.

Generally, different humans have individual working pref-
erences, which can be known as the manners that humans
employed for interacting with robots in this study, to exe-
cute their hand-over actions, respectively, so it is difficult to
code a universal program to cover their hand-over features.
As described in (1), via the IH in the proposed TLP model,
different individuals are able to teach the robot online with
their working preferences. However, for a given hand-over
intention, the human cannot perform all the possible observa-
tion information to the robot in the teaching process. There-
fore, we just collect partial observation data of each hand-over
intention to online feed into the TLP model. In addition,
it is more effective to use multimodal information than single
modality in human–robot hand-over processes. For instance,

Fig. 2. Natural language-based human teaching in human–robot hand-over
tasks.

if the human plans to give an object to the robot, his/her
palm may face downward. The hidden object will not be
recognized by the top-down camera, which is used in many
industrial applications. However, if more modalities such as
EMG signals from human forearm muscle activities are added
in this process, the object can be detected based on the features
of EMG signals. When the human wants to get an object from
the robot, it will be more intuitive and efficient for him/her
to tell the robot about the requested object using speech
instructions than other coexisting body languages. Therefore,
the multimodal information is significantly necessary to facil-
itate human–robot collaborative tasks. Section IV-B and IV-C
present how to teach the robot via the multimodal information.

B. Natural Language-Based Teaching

Human hand-over intentions are described and demonstrated
by speech instructions in the teaching process. A natural
language collection application (APP) is developed by us to
acquire human speech information. We employ a headset for
the human to wear to decrease the noise disturbance when the
human performs speech instructions to the robot. After being
collected, the speech information is transferred to the Google
Cloud StT platform [27] to be decoded as text embodiment.
Then it is organized as available arguments for the robot
learning algorithms based on our previous studies [28], [29],
in which a human natural language utterance representation
framework is developed. Additionally, as shown in Fig. 2,
a voice synthesis module in the control system is employed
for the robot to reply to its human partner with corresponding
hand-over instructions.

If the tasks are changed, the human will perform new
hand-over demonstrations to the robot by his/her working
preferences according to task requirements. For a given collab-
oration task, there are normally a set of hand-over intentions.
In this work, we employ a target factor INL to parameterize
the hand-over intention demonstrated by natural language
instructions. Therefore, the target factors INL extracted from
this teaching process can be expressed as

INL = [
i1
NL, i2

NL, . . . , im
NL

]T
, m ∈ [1, M] (2)

where M denotes the number of types of human hand-over
intentions such as “Give a part” and “Need a part,” im

NL
denotes the mth hand-over intention target factor from M .
INL is employed as the learning objective for the robot in our
TLP model. Since this study is mainly focusing on the robot
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Fig. 3. Natural wearable sensing-based teaching in human–robot hand-over
tasks.

learning and prediction approach development and evaluation,
we assume that the human natural language recognition accu-
racy from the Google Cloud StT platform is 100%.

C. Natural Wearable Sensing-Based Teaching

A wearable sensory system is used when the human teaches
the robot via natural language in hand-over tasks. By the wear-
able sensors, the human forearm action information (muscle
activity signals and postures) can be collected. The sensory
system that we employ is Myo [30], which contains eight
channels of EMG sensors [31] and an inertial measurement
unit (IMU) [32] and can be easily worn on the human
forearm. As presented in Fig. 3, the human forearm motion
information can be calculated via the IMU when the hand-
over intentions are shown to the robot [33]. Simultaneously,
the muscle activity signals generated by the forearm are able
to be quantified through EMG sensors. These muscle activity
signals generally correspond to human finger activities that
can be extracted to estimate human hand behaviors such as
expressing different finger motions and holding different kinds
of parts.

As illustrated in Fig. 3, when the human prepares to
deliver/need a part to/from the robot in the collaborative task,
his forearm posture information can be acquired and quantified
by the IMU, which includes the raw three-axis angular velocity
data and the raw three-axis acceleration data. Based on these
signals, Euler angles, including roll, pitch, and yaw, are used to
parameterize the forearm motions in the 3-D workspace [33].
The roll–pitch–yaw angles are described as

R(t) = [φ(t), θ(t), ψ(t)]T (3)

where t is the sampling time, which is 0.02 s in this work.
Meanwhile, the EMG signals from the human forearm’s

muscles, which would be used to measure human finger
activities are acquired by the EMG sensors. They can be
described as

E(t) = [e1(t), e2(t), . . . , en(t)]T (4)

where t is the sampling time of the EMG sensor, e(t) is each
EMG sensor’s output, and n is the number of EMG channels,
which is 8 in our device. In this work, the EMG data are
sampled at the frequency of 50 Hz instead of the inherent
frequency of 200 Hz in sync with the IMU.

Along with the finger activities, the raw EMG signals are
different sets of discrete points with positive and negative

elements [33]. Moreover, we find that the electric potentials
formed by muscle cells have evident impacts on the dispersion
of EMG signals. Therefore, to take advantage of the EMG
data accurately, we employ the standard deviation (StD) of the
EMG signals to extract the features of finger activities [33].
The StD can be evaluated as

σi =
√√√√ 1

K

K∑
k=1

(
ei (k) − 1

K

K∑
k=1

ei(k)

)2

(5)

where ei (k), k = 1, 2, . . . , K is a set of EMG signals, and
K is the window size for determining the number of EMG
signals to calculate the standard deviation. K is selected as
200 in this work.

Furthermore, the hand-over intention information extracted
from the natural wearable sensing-based teaching can be
characterized by

IWS = [
i1
WS, i2

WS, . . . , im
WS

]
, m ∈ [1, M] (6)

where im
WS = [imφ , imθ , imψ , imσ1, i

m
σ2, . . . , i

m
σ8] is an eleven-element

vector and denotes the hand-over intentions indicated by the
forearm rotations and EMG signals, M denotes the number of
types of human hand-over intentions, im

WS is the mth hand-over
intention information from M . IWS is utilized as the knowledge
set for the robot in our TLP model.

D. Human Intentions Normalization

Since the extracted natural gesture information in human
hand-over intentions has no consistent dimension and order
of magnitude, they need to be normalized to decrease the
computational complexity and augment the result accuracy
for the TLP model. In this study, the gesture information is
normalized by

i∗ws = i − imean

imax − imin
(7)

where imean, imax, and imin are the average, the maximum ele-
ment, and minimum element of each set of hand-over intention
information acquired by the wearable sensory system.

Additionally, for the natural language-based teaching, target
factors are parameterized as a set of sequence numbers, which
can be denoted by im∗

NL and where im∗
NL ∈ I∗

NL. Therefore,
according to (1), (2), and (6), the processed human intention
information can be represented by

I ∗
H = {(

im∗
NL, im∗

WS

)∣∣im∗
NL ∈ I∗

NL, im∗
WS ∈ I∗

WS

}
. (8)

Similarly, it can be observed that the learning objective and
knowledge set in (8) are im∗

NL and im∗
WS, respectively.

Equation (8) describes a generalized representation of
human intentions that are parameterized by natural language
information and gesture information. For example, for the
intention “Give a part,” it can be characterized by three specific
rotation angles and eight specific EMG signals. The values
of these parameters are not predefined, they are acquired
online depending on the human worker’s personalized working
preferences and the task requirements. That is to say, for
different human workers, these parameters might be different.
It also means that the kinds of human intention denoted by
these parameters are not predefined.
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V. LEARNING AND PREDICTING HUMAN INTENTIONS

BASED ON ELM

A. Extreme Learning Machine

The ELM is employed for the robot to learn and predict
human hand-over intentions in our TLP model. In the robot
learning process, the extracted hand-over intention information
I∗

WS works as the ELM input. The hidden layer outputs
serve as mapping results by the activation function about the
input features of hand-over intentions. Given a d-dimensional
hand-over intention feature x , the feature mapping from hidden
nodes can be described by

h(x) = [g(a1, b1, x), g(a2, b2, x), . . . , g(aL , bL , x)] (9)

where L is the number of hidden nodes in the ELM, g(a, b, x)
is a nonlinear piecewise continuous function meeting ELM
universal approximation capability theorems [34]–[36], a is
the input weight vector, b is the hidden node bias, and
{(ai , bi)}Li=1 are stochastically generated in accordance with
any continuous probability distribution [37]. In ELM algo-
rithms, h(x) maps the data from the d-dimensional feature
space to the L-dimensional hidden-layer feature space H. For
the output layer, the output function for generalized single-
hidden-layer feedforward neural networks can be expressed
as

fL (x) =
L∑

i=1

βi hi (x) = h(x)β (10)

where β = [β1, β2, . . . , βL ]T is the output weight vector
between the hidden layer of L nodes to the M output nodes.
In this work, the input feature sample x = [im∗

WS], im∗
WS ∈ I∗

WS.
Accordingly, it can be seen that each ELM output node
f j (x), j ∈ [1, M] denotes a kind of hand-over intention in
human–robot hand-over processes.

B. Human Intentions Learning

In human–robot collaboration, the target of the hand-over
intention learning by the robot is to figure out the optimal
strategy to understand what the human demonstrated to the
robot in the teaching process. In other words, the robot is able
to employ datasets collected by the wearable sensory system to
optimize its cognition to minimize the deviation with learning
objectives demonstrated by human speech instructions. Com-
pared to the traditional machine learning, the ELM can reach
the minimal training error as well as the minimal norm of
output weights [37]. Therefore, by means of the ELM, the
robot learning goal is to minimize the approximation error
and the norm of the output weights

Minβ∈RL×m ‖Hβ − T‖2 and ‖β‖ (11)

where Hβ is the actual output of the ELM, H is the
hidden-layer output matrix

H =



h(x1)
...

h(xN )


 =




g(a1, b1, x1) · · · g(aL, bL , x1)
...

...
...

g(a1, b1, xN ) · · · g(aL , bL , xN )




and T is the robot learning target matrix

T =



tT
1
...

tT
N


 =




t11 · · · t1m
...

...
...

tN1 · · · tNm




where N is the number of input human intention feature
samples. In this work, each learning target tNm = [im∗

NL], im∗
NL ∈

I∗
NL. Furthermore, the robot learning process can be charac-

terized as a constrained-optimization issue with multioutput
nodes [37]–[39]

Minβ∈RL×m : LELM = 1

2

(
‖β‖2 + C

N∑
i=1

‖ξi‖2

)

S.T. h(xi)β = tT
i − ξT

i , i ∈ [1, N] (12)

where ξi = [ξi,1, ξi,2, . . . , ξi,m ]T is the approximation error
vector of the m output nodes with respect to the input human
intention feature sample in the robot learning process, and C
denotes the regularization factor.

In human–robot hand-over tasks, generally, the number of
input human intention feature samples N is far more than
the number of hidden nodes L. Based on the Karush–Kuhn–
Tucker (KKT) theorem and Lagrange multiplier method [37],
the optimal learned policy β from human demonstrations can
be got by

β∗ =
(

I
C

+ HTH
)−1

HTT (13)

where I is an identity matrix of dimension L. In this work,
we select the number of input feature samples as 5000 for the
robot to learn.

C. Human Intentions Prediction

Based on the learned hand-over policy, the robot can work
online to cooperate with its human companion for collabora-
tive tasks. If the human performs hand-over actions, the new
acquired intention information x can be fed to the TLP
model online. As a consequence, by the ELM algorithms, the
prediction results of each hand-over intention are able to be
evaluated as

f(x) = h(x)β = h(x)

(
I
C

+ HTH
)−1

HTT. (14)

In order to reduce the online computational complexity of
the TLP model, we utilize a kernel function for the ELM
based on Mercer’s conditions in robot learning and prediction
process. By using the kernel function, we do not need to
consider if the feature mapping h(x) is known or not. In
addition, sometimes the input features, which cannot be well
linearly partitioned in a low dimensional space by the simple
ELM, can be transferred into a higher dimensional space and
better linearly partitioned by the kernel ELM.

The radial basis function (RBF) kernel function is employed
in this work

K (xi , x j ) = exp

(
−

∥∥xi − x j

∥∥2

2σ 2

)
(15)
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where σ is the spread factor. Therefore, the online outputs of
the ELM algorithms are able to be expressed by

f(x) = h(x)

(
I
C

+ HTH
)−1

HTT

=
(

I
C

+ �

)−1




K (x, x1)
...

K (x, xN )




T

T (16)

where

� =



K (x1, x1) · · · K (x1, xN )
...

...
...

K (xN , x1) · · · K (xN , xN )


.

Moreover, based on the evaluated possible human inten-
tions, which are denoted by the vector f(x) in (14), we can
get that the predicted hand-over intention of the online input
features maps to the index number of the output node with
maximum value. Consequently, the online predicted hand-over
intention is

Ip = arg max
i∈[1, M]

fi (x) (17)

where fi (x) ∈ f(x).
Therefore, by taking advantage of (17), the robot is able

to predict human intentions online and further to collaborate
with its human partner in collaborative hand-over tasks.

VI. EXPERIMENTAL SETUP

A. Experimental Platform

As shown in Fig. 4, the proposed approach is applied on
a multimodal-based collaborative robotics research platform
(MCRRP), which is built by our laboratory for the studies
on human–robot collaboration. The MCRRP contains a six
DOF robot, an operator station, an engineer station, and several
multimodal human–robot interactive interfaces, including the
wearable sensing system, the natural language processing
system, and the 3-D vision system. As described in Section IV,
we employ a wearable sensory system Myo and a natural
language processing system, including text-to-speech (TtS)
and StT, as the human–robot interface. The operator station
(configured with 16-GB RAM and Intel Core i7-5500U CPU)
is employed for fusing human–robot interactive information
and running the TLP model.

B. Typical Hand-Over Intentions in Collaborative Tasks

In this work, ten participants are recruited to conduct a
hand-over task by picking up/delivering objects from/to a robot
in realistic human–robot collaborative contexts. By studying
and investigating their hand-over manners, we focus on three
types of commonly used human hand-over intentions: “Give,”
“Need,” and “Mode Adjustment” in this study. The “Give”
intention means that the human wants to deliver something to
the robot; the “Need” intention denotes that the human wants
something from the robot; the “Mode Adjustment” intention
means that the human intends to adjust the robot action modes
in the hand-over process, such as “Stop” (the human wants the

Fig. 4. MCRRP.

robot to stop in the hand-over process), “Continue” (the human
wants the robot to resume the ongoing task in the hand-over
process), “Speed Up” (the human wants the robot to move
faster in the hand-over process), and “Slow Down” (the human
wants the robot to move slower in the hand-over process). The
overall framework in this study is generalized and not limited
to these three types of human hand-over intentions.

C. Task Description

We conducted a set of typical human–robot hand-over
experiments based on practical collaborative tasks to verify
the efficiency and advantages of the proposed approach. Before
performing the experiments, the participants are presented with
a one-minute instruction, in which the usage and steps of the
proposed TLP approach are included. In order to correctly
collect human hand-over intention information in the teaching
process, the participants are asked to perform forearm gestures
first, then perform each corresponding speech instruction to the
robot. For each participant, 5000 sets of hand-over intention
features are collected. The human and the robot work on the
hand-over tasks in a laboratory-based realistic manufacturing
context. During the experiment, there are some random noise
from outside and some random moving people from other
projects. In the teaching process, the human can teach the robot
using partial demonstrations via the multimodal information of
each hand-over intention according to his working preferences.
In addition, the human randomly picks up some parts from the
parts container, and then expresses the “Give” intention to the
robot. The given parts are with different weights and sizes:
large and heavy parts, large parts, heavy parts, medium parts,
and small parts. Because of the limited payload of the robot
gripper in the experiment, only the large part, the medium part,
and the small part can be picked up by the robot. Therefore,
the robot will make a prediction to accept the part or not
based on its learned policies from the human. In the third
experiment, we verify the robot’s prediction capacity via four
“Mode Adjustment” intentions, which include “Stop,” “Con-
tinue,” “Speed up,” and “Slow down” in the robot working
process. Likewise, the “Need” intention is also performed
to the robot in the fourth experiment to demonstrate if the
robot could predict its partner’s request. Since the factors of
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personalization and customization are involved in the TLP
model, different individuals are able to teach the robot with
diverse working habits or preferences for other different tasks
using the proposed approach. All parts with different weights
and sizes in this task are supposed to be picked up by one
human hand. In this work, the sampling frequency of the
wearable sensory system is 50 Hz.

D. Parameters Tuning

As mentioned before, in robot learning and prediction
processes, the ELM randomly generates the hidden node
parameters (a, b), which are independent of the input intention
information. Additionally, the feature mapping matrix in the
ELM is irrelevant to the target. Therefore, it can be observed
that only the regularization factor C and the kernel function
parameter σ need to be tuned in the proposed TLP model.

In this study, 5000 sets of samples are collected from the
ten participants and ten kinds of hand-over intentions (500
sets per participant and 50 set per intention) to tune these
parameters, in which 4000 sets are randomly selected for
offline learning to train the ELM and the rest sets are used
for offline prediction. First, the kernel function parameter σ
is set as 1, 10, 100, and 1000 to tune the regularization
factor C , respectively. However, we find that the outputs of
the relationships among the learning accuracy, the prediction
accuracy, and the regularization factor are very similar at
different values. Fig. 5 presents the variation of the learning
accuracy and prediction accuracy with the regularization factor
C at σ = 1, σ = 10, and σ = 1000, separately. It can be seen
that along with the increase of C , the learning accuracy and
prediction accuracy gradually go up as well until a point which
starts a constant at C = 5600. In addition, by employing the
tuned regularization factor, we get the variation of the learning
accuracy and prediction accuracy with the kernel function
parameter σ , as shown in Fig. 6. It can be observed that the
learning accuracy is declined when the σ rises. Meanwhile,
the prediction accuracy is increased gradually but becomes
decreasing at σ = 1.2. As a result, we set C = 5600 and
σ = 1.2 in this work.

VII. RESULTS AND EVALUATIONS

A. Learning From Hand-Over Demonstrations

The robot learning from hand-over demonstrations of one
of the participants is shown in Fig. 7. Based on the developed
TLP model, the human presents the robot with different hand-
over intentions using the natural language and natural gesture
information according to his preference. As mentioned above,
the human cannot demonstrate all the possible features of each
hand-over intention in the teaching process, hence it can be
considered that only partial intention information is observed
and employed to predict the human potential future intentions.

In this work, the hand-over intentions include ten
subclasses, which are “Give the large and heavy part,” “Give
the large part,” “Give the heavy part,” “Give the medium
part,” “Give the small part,” “Stop the work,” “Continue the
work,” “Speed up,” “Slow down,” and “Need a part.” As
described in Section VI-C, in the “Give” intentions, only the

Fig. 5. Variation of the learning accuracy and prediction accuracy with the
regularization factor C at σ = 1, σ = 10, and σ = 1000.

Fig. 6. Variation of the learning accuracy and prediction accuracy with the
kernel function parameter σ at C = 5600.

large part, the medium part, and the small part can be picked
up because of the payload of the robot gripper. Consequently,
in human–robot hand-over processes, the robot not only
needs to predict the “Give” intentions, but also could actively
distinguish if the delivered part should be accepted or not.
After getting the demonstrations in each intention, the robot
repeats them to its human partner by a synthesized voice.
In the learning process, 5000 sets (500 sets per intention)
of hand-over intention features are online acquired from the
demonstrations for the robot to build its cognition capacity
based on the ELM algorithms. The human spends about
100 s teaching the robot using the described ten hand-over
intentions. Each case costs 10 s and all the cases go through
with an order from (a) to (j) described in Fig. 7.

B. Human-to-Robot Hand-Over

The scenario procedure of the online human-to-robot
hand-over is shown in Fig. 8. In this study, we define an
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Fig. 7. Robot learning from hand-over demonstrations. (a) Give the large and heavy part. (b) Give the large part. (c) Give the heavy part. (d) Give the
medium part. (e) Give the small part. (f) Stop the work. (g) Continue the work. (h) Speed up. (i) Slow down. (j) Need a part.

Fig. 8. Procedure of the human-to-robot hand-over intention prediction (accept the small part).

action set for the robot to plan corresponding motions to map
the learned human behavior in human–robot collaboration.
The action mapping will be activated by the human intention
prediction results then sends homologous control signals to
plan motions for the robot to interact with its human partner.
For example, if the prediction result indicates that the weight
of the delivered part exceeds the payload of the robot gripper,
the robot will give a refusal action to the human, or it will
move to the human and pick up the part. The human’s “Give”
intention and the part’s weight in Fig. 8 can be predicted by
using the multimodal information including forearm rotations
and EMG signals acquired by the wearable sensory system
instead of a single top-down camera since it cannot “see” the
object at this pose. As shown in Fig. 8, the first two clips
present that the human prepares to give a small part to the
robot. Based on the TLP model, the robot is able to make a
prediction about its human partner’s intention. As presented
in Fig. 8(3)–(5), the robot starts to pick up the delivered part
and responds to the human by the speech with “Small part.”
Afterward, the robot puts the part into the desired container
and goes back to the initial position in Fig. 8(6)–(8).

However, the human gives a large heavy part to the robot
in Fig. 9(1). After getting the online intention based on the
multimodal information, as depicted in Fig. 9(2)–(4), the robot

actively shakes its wrist to present a refusing to its human
partner by speaking “Large heavy part.” From these processes,
it can be seen that, by taking advantage of the multimodal
information of the human, the robot successfully predicts the
“Give the small part” intention and “Give the large heavy part”
intention to make active decisions to pick up or reject the
delivered part from the human through the TLP model.

C. Mode Adjustment

During the robot’s working process, the human performs the
“Stop,” “Continue,” “Slow down,” and “Speed up” intentions
online, separately. By employing the TLP model, the scenarios
of the robot’s predictions are shown in Fig. 10. It can be
observed that, once the human presents the “Stop the work”
intention, the robot is stopped in Fig. 10(a-1) and (a-2).
As shown in Fig. 10(a-3) and (a-4), when the human performs
the “Continue the work” intention, the robot resumes its
task actively. Fig. 10(b-1) and (b-2) presents that the robot
reduces its speed when the human presents the “Slow down”
intention. Oppositely, the robot accelerates its working process
when the human performs the “Speed up” intention, which is
shown in Fig. 10(b-3) and (b-4). Therefore, it is apparent that,
based on the TLP model, the multimodal information collected
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Fig. 9. Procedure of the human-to-robot hand-over intention prediction (reject the large heavy part).

Fig. 10. Robot’s responses to the human intentions. (a) Stop the work and continue the work. (b) Slow down and speed up.

from the human’s forearm enables the robot to make correct
predictions of the “Mode Adjustment” intentions in human–
robot hand-over tasks.

D. Robot-to-Human Hand-Over

The scene process of the online robot-to-human hand-over
is exhibited in Fig. 11. A 3-D vision system is developed
for the robot to locate the parts in the task. The vision
system is installed over the robot in a birds-eye way. The
parts and their background are static in the workspace dur-
ing the human–robot collaboration process. The parts’ types,
positions, shapes, and colors are able to be acquired by the
vision system. Then the robot can plan its actions to manip-
ulate the corresponding part according to the collaborative
scenario [28].

First, the human performs the “Need a part” intention
to the robot in Fig. 11(1) and (2). Via the online data
acquired from the natural wearable sensory system, the TLP
model is utilized to predict the human intention. As shown
in Fig. 11(3) and (4), after getting the prediction output,
the robot asks the human by “What kind of part do you
want.” Afterward, the human presents his request of a medium
part by the speech in Fig. 11(5). As shown in Fig. 11(6)–(8),
the robot picks up the medium part from the container and
delivers it to the human. After the human gets the part,
the robot moves back to its initial position. Consequently,
it can be revealed that, through the efficient and multimodal
human forearm rotations and speech instructions as well as
human–robot dialogue, the robot accurately predicts its human
partner’s intention based on the proposed easy-to-implement
TLP model.

E. Evaluation and Discussion of Prediction Accuracy

1) Comparison of Different Approaches: We conduct a
prediction accuracy test of these ten hand-over intentions by
different approaches, including our approach, basic ELM [37],
support vector machine (SVM) [40], least-squares support
vector machine (LS-SVM) [41], linear discriminant analysis
(LDA) [42], and k-nearest neighbor (KNN) [43]. All the
algorithms are tested on the same operation station.

We ask another group of five subjects (two females and
three males) within an age range of 21–35 to collaborate with
the robot to conduct hand-over tasks using the proposed TLP
approach according to his/her working preferences. 5000 sets
(500 sets per intention) of hand-over intention features are col-
lected and employed in the accuracy evaluation. Additionally,
the k-fold cross-validation method [44] is utilized for these
approaches to objectively verify and evaluate their general-
ization ability in the hand-over intention prediction problem.
Based on the empirical evidence [45], we divide the acquired
data into ten equal-sized subsets so that all observations can be
used for both learning and prediction. One of the ten subsets is
worked as the validation (prediction) set for testing the learned
model, and the other nine subsets are employed together to
form a learning set. Therefore, the cross-validation process
is repeated ten times, with each subset used exactly once as
the validation data. As shown in Table I, we average the ten
prediction results of each hand-over intention as the accuracy
estimation.

The average prediction accuracy (APA) results and the stan-
dard deviation of the prediction errors (StD-E) of all hand-over
intentions are presented in Fig. 12. Based on the histogram,
the APA results of these approaches are 99.7%, 98.94%, 94%,
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Fig. 11. Procedure of the robot-to-human hand-over intention prediction (deliver a medium part).

TABLE I

COMPARISONS OF EACH INTENTION’S APA BY DIFFERENT APPROACHES

Fig. 12. Comparison results of different approaches in hand-over intentions
prediction. (a) APA. (b) StD-E.

98.5%, 74.5%, and 98.4%, respectively. It can be seen that the
proposed TLP model can successfully and sensitively predict
all the hand-over intentions in the human–robot collaboration

with a higher accuracy than other approaches. Furthermore,
Fig. 12 shows that the StD-E generated by the TLP model
is about 0.0064, which is much smaller than the StD-Es of
basic ELM (0.01602), SVM (0.0608), LS-SVM (0.0291), LDA
(0.2361), and KNN (0.0317). Therefore, it can be concluded
that our approach is more stable in the hand-over intention
prediction.
2) Comparison to Other Works: The performance of our

method is compared to that of some previous studies, which
investigated on different applications to human–robot inter-
action, including human intention understanding and pre-
diction [11], [22], [23], [46], [47], human motion predic-
tion [48]–[50], human gesture recognition [51]–[53], and
human behavior detection and prediction [54], [55]. Kelley
et al. [46] proposed the vision system-based human inten-
tion understanding approach using hidden Markov models
(HMMs). Wang et al. [47] developed a probabilistic move-
ment model to infer human intentions based on the vision
system as well in [47]. For the studies [48]–[50], the authors
predicted human motions in human–robot interaction based
on the vision system, EMG sensors, and simulator, separately.
Human gesture recognition in human–robot interaction was
carried out by Georgi et al. [51] (based on IMU and EMG
sensors), Chen et al. [52] (based on the vision system), and
Gu et al. [53] (based on the vision system), respectively.
Human behaviors are predicted by Pentland and Liu [54]
and Ryoo et al. [55] through the simulator and vision sys-
tem in [54] and [55], separately. The human–robot interface
and employed algorithms of these studies are summarized
in Table II. We also compare the performance of this approach
to our previous studies [56], [57], which are implemented in
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TABLE II

COMPARISONS OF OUR APPROACH TO PREVIOUS WORKS

the same platform and conditions as used in this work. In [56],
a teaching-learning-collaboration (TLC) model was developed
by us via the maximum entropy inverse reinforcement learning
(MaxEnt-IRL) algorithm to have the robot learn and assist its
human companion in shared tasks. Different from the TLC
model, in which the robot learning process was constrained
to be deterministic with specific input features of human
intentions, the proposed TLP model in this study can have
the robot learn from human demonstrations with unspecific
input features (extracted from gesture information and not
always absolutely identical even for the same human intention)
based on the ELM algorithms. Wang et al. [57] utilized a
wearable sensory system to control the human–robot object
hand-over process based on HMM and directed acyclic graph-
support vector machine (DAG-SVM) algorithms. Different
from [57], in which the human behaviors were offline labeled
manually, the proposed TLP model in this study can online
annotate human intentions by natural language and natural
gesture information for the robot to learn and predict human
intentions.

As presented in Table II, even though some tasks
and datasets are different in these studies, the average
output accuracy (the success rate of the human–robot
collaboration executions) is able to be employed as a
statistical indicator to assess their performances. First,
compared to the previous works [22], [50], [54], which were
implemented in simulation scenarios with little interference
factors, the proposed TLP approach is able to achieve a
higher accuracy. Additionally, compared to the previous
studies [11], [23], [46]–[49], [51]–[53], [55], it can be seen
that our approach has a competitive average accuracy over
them. Moreover, as shown in Table II, the performance
comparisons also indicate that the TLP model is more
accurate than our previous works [56], [57].

In this study, we utilize the natural language and integrated
wearable sensing system as the human–robot interface that
can provide a more effective interaction way and a less cost
in contrast to vision-based systems, separate IMU sensors,
and separate EMG sensors. In addition, the wearable sensory

system incorporates all sensing capabilities into an armband,
which is wireless and self-powered by an embedded battery.
Humans can naturally wear it just like wearing a smartwatch
without any complex setup. Human natural language can also
be used as a direct and inherent manner to express and transfer
human intention information. Therefore, our approach has a
natural and simple configuration and can be easily used by
humans.

F. Evaluation and Discussion of Learning and
Prediction Time

Time cost is also an important factor to influence task qual-
ity in human–robot collaboration [58]. During the accuracy
prediction process, we also collect the robot learning time
and prediction time in each task by different approaches (our
approach, basic ELM, SVM, LS-SVM, LDA, KNN). After
that, the average time cost and total time cost of each approach
in the robot learning process and prediction process are figured
out, respectively. The cost time computation of all approaches
is based on the CPU time on the same computer.

As shown in Table III, these approaches share different
performances in time consumption. In the robot learning
process, the time cost of our approach is 2.2902 s, which is less
than that of basic ELM, SVM, and LS-SVM, but a little greater
than that of LDA and KNN. However, the APA of LDA and
KNN is lower than that of our approach according to Table I.
In addition, for human intention prediction, our approach
performs a competitive average prediction time (0.1594 s) over
most of the methods in Table III such as SVM, LS-SVM, LDA,
and KNN, whereas it takes a little longer than basic ELM.
But the total time cost of our approach is 2.4496 s, which is
the least in the total time consumption of all the approaches.
Consequently, it can be concluded that the proposed TLP
approach, which is based on kernel ELM algorithms has a
higher efficiency in human–robot hand-over tasks than other
methods.

To sum up, the experimental results and analysis demon-
strate that by taking advantage of the proposed TLP approach,
the robot can correctly predict hand-over intentions online.

Authorized licensed use limited to: CLEMSON UNIVERSITY. Downloaded on July 11,2021 at 01:18:52 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

WANG et al.: PREDICTING HUMAN INTENTIONS IN HUMAN–ROBOT HAND-OVER TASKS THROUGH MULTIMODAL LEARNING 13

TABLE III

TIME COST COMPARISONS BY DIFFERENT APPROACHES

Furthermore, the evaluation results suggest that the proposed
method shows robust efficiency and accuracy in human–robot
hand-over tasks.

VIII. CONCLUSION

An effective and easy-to-use TLP framework has been
developed for the robot to online learn from human hand-over
demonstrations and then predict human hand-over intentions
in human–robot collaborative tasks. Different from existing
approaches, we have employed natural multimodal information
(natural language and natural wearable sensing information)
to online program the robot once the collaborative task is
updated. The robot can build its cognition capacity of under-
standing human hand-over actions and predicting hand-over
intentions online by learning from human demonstrations.
Moreover, the robot is able to make active decisions to
plan its actions to deliver, pick up or reject the parts using
its learned strategies in human–robot hand-over processes.
Several practical experiments have been conducted on a col-
laborative robot research platform for verifying and validating
the performance of the TLP model. Experimental results
and evaluations demonstrate that the proposed approach has
a distinct advantage over traditional solutions to program
robots, and the robot can predict human hand-over intentions
effectively with high accuracy and robustness in human–robot
collaboration. Although the performance of our approach is
more competitive over that of other methods, we need to
future verify it by online human–robot collaboration. It is
also our future work based on this study that we will develop
an ensemble framework, which integrates different kinds of
approaches, for the human to teach robot online, then having
the robot score the learning approaches and select the best
one to predict human intentions in human–robot collaborative
tasks. In addition, we will make a comprehensive comparison
of computation efficiency for different approaches via other
metrics such as computation complexity.
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