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Abstract— In robot skill acquisition, dynamical motor primitives (DMPs) are widely used to encode robotic behaviours.
However, so far such DMPs modes do not provide the ability
to properly represent and generalize stiffness profiles. We
argue that both movement trajectories and stiffness profiles
should be considered equally in robot skill learning. Here
we proposed a novel DMPs framework extended form the
original modes. Besides the advantages of the traditional ones,
it is able to generalize reference stiffness to the desired goals.
Human limb surface Electromyography (sEMG) signals are
collected and estimated to obtain the reference stiffness profiles.
We have experimentally demonstrated the effectiveness of the
proposed framework. It shows that our approach could allow
the robot to generalize the learned skill in a variable impedance
control mode with properly planned movement trajectories and
stiffness profiles.

imagine that humans could perform tasks only in a rigid or
soft manner.
Similarly, variable impedance control is also necessary for
robot manipulators to acquire human-like skills [5], [3]. The
application of variable impedance to robot controller has
attracted much attention recently. The ways to achieve variable stiffness can be roughly categorised into non-biological
method [8], [15] and sEMG-based method [2]. We believe
that the later one has more advantages. The stiffness profiles

I. INTRODUCTION
It seems that learning from humans is one of the most
effective and efficient ways for robot manipulators to acquire
flexible and dexterous skills. Generally, the skill acquisition
process can be summarized as: imitation learning is seen as
the first step for a robot to learn such skills. Then the robot
is required to generalize the learned skills to adapt to novel
task situations. What we would like to emphasize is that both
the movement trajectories and stiffness profiles should be
encoded and generalized in the two steps in order to achieve
a complete skills transfer process. However, until now a few
works have demonstrated this point. More specifically, the
stiffness features in skills transfer have not been given much
consideration.
It turns out that stiffness adaptation plays a great role
in human performing tasks. Neuroscience researches have
shown how humans perform tasks by adapting limb muscle
stiffness. To put it simply, under the control of the center
neural network, humans are able to adapt the impedance
of their bio-mechanical systems to different requirements
of tasks as well as external disturbances, to ensure robust
and safe physical interaction with the environments [17].
Through muscle co-contraction , humans can naturally adapt
to a complex task situation. Many examples can be found in
our daily life. This kind of task-specific impedance adaptation makes it possible for humans to combine the advantages
of high stiffness and low stiffness control. It is difficult to
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Fig. 1. The extended framework of the DMPs system. Two sets of transform
systems are used to represented for position trajectories and stiffness profiles respectively. Reference movement trajectories and reference stiffness
profiles are used to train the systems. The transform systems are driven by
the same Canonical system using the same temporal scaling coefficient to
make sure of phase synchronization.

are directly obtained by monitoring and extracting humans
limb sEMG signals. Due to the natural co-contraction of
human limb muscles, the obtained stiffness tends to be stable
and continuously-adjustable. It is thus able to allow a robot
manipulator to adapt to more complex task situations. This
method has been successfully applied to many task scenarios,
such as plug-in-a-hole, ball-catching [2], wood-sawing [13],
writing [10], surface-wiping, and drilling [14], etc.
As the second step of skill transfer, generalization also
needs to be urgently addressed. Several types of model have
been proposed for a robot manipulator to generalize the
learned skills. One of the most used model is dynamical
motor primitives (DMPs) [12], [9]. DMPs model is represented by a set of differential equations. Simply by changing
a few parameters, movement trajectories generalization to
the desired goals can be efficiently achieved to meet the
requirements of another similar tasks. Based on the original
DMPs model, several types of DMPs models have been
developed in recent years for robots to learn complex skills.
Most impressively, they have been used for Ball-in-a-Cup
task [7], drumming [16], table tennis [11]. However, most
of these works have only concentrated on encoding and
generalizing movement trajectories while stiffness profiles
have not been well investigated. This work accounts for these
two aspects for a more complete skill acquisition process.
II. PRELIMINARIES
A. DMPs Framework for Both Movement Trajectories and
Stiffness Profiles

Eqs. (2) and (3) represent the transform systems, which are
used to encode movement trajectory and stiffness, respectively. {x, p} denote the “positions” of movement and stiffness
in time steps, and {ẋ, ṗ} denote the “velocities” of that in
time step accordingly. {γ, ω} are the internal parameters of
the two transform systems, respectively. These two transform
systems are driven by the same Canonical system such that
the phase synchronization can be guaranteed.
Since the two transform systems share the same form,
from now on we denote these parameters for the trajectory and stiffness as follows: {x, p} → y, {ẋ, ṗ} → ẏ, and
{γ, ω} → θ . Then the transforms systems take the following
equation:
τ v̇(t) = k(ygoal − y(t)) − d ẋ + (ygoal − y0 ) f (s)

(5)

τ ẏ(t) = v(t)

(6)

where the k and d are the spring and damping coefficients
of the system, respectively. The positive constant τ is the
temporal scaling coefficient. By adjusting the coefficient τ,
duration of a task would be accordingly adapted. The y0 and
ygoal denote the initial and goal position, respectively. The
external force term f (s) is a non-linear function.
In order to generalize a desired trajectory, the parameters
θ need to be determined, which is a simple linear regression
problem that can be efficiently addressed. Once the parameters are determined, we can reproduce the learned movement
and stiffness directly, or generalize them to new situations
by changing the parameters.

Based on the original model proposed in work [6], several
kinds of DMPs models have been extended to represent
movement trajectories. There are two disadvantages of the
original DMPs model: i) if the target is close enough to
the start point, it may cause large accelerations which are
apparently harmful for robot systems; and ii) if the new
target is across the zero point compared to the old one, the
generalized movement will also invert across the coordinate.
In order to overcome such disadvantages, The works [4]
has proposed a biologically-inspired DMPs model. Here we
go further to extend the framework to encode movement
trajectories and stiffness profiles, as shown in Fig. 1. The
extended framework of one-dimensional DMPs model is
presented as follows:
ṡ = h(s) Canonicalsystem

(1)

ẋ = g1 (x, s, γ)

Trans f orm system 1

(2)

ṗ = g2 (p, s, ω)

Trans f orm system 2

(3)

where h(s) denotes the Canonical system, which is defined
as bellow:
τ ṡ = −αs
(4)
where α is a predefined constant. The s is the state of a firstorder dynamic system, i.e., the canonical system. The state s
can be seen as a phase variable which is set to monotonically
decrease from 1 to 0.

Fig. 2.

Experiment setup used for endpoint stiffness calibration.

B. Estimation of Human Limb sEMG Signals for Reference
Stiffness Profiles
In this work, we introduce sEMG-based variable stiffness
to initialize the DMPs model. The high correlations between
the muscle activations, muscular force and joint torques,

makes it possible to utilize sEMG signals to account for
tracking of the arm joint or endpoint stiffness profiles in a
real time manner.
The conservative congruence transformation (CCT) for
joint and Cartesian stiffness is defines as bellow [2].
Ken = Jh+T (qh )[K j −

∂ Jh+T (q)Fex
∂ qh ]Jh+ (qh )
∂ qh

and the control mechanism. During the demonstration,
all the joint angles of the robot left arm are recorded.
Meanwhile the human tutor’s upper muscle activations
are monitored for stiffness estimation using a sEMG
detection device. The stiffness indicator is also recorded
which can be used to represent reference stiffness.

(7)

where Ken and K j are the human arm endpoint stiffness
and joint stiffness, respectively. K j is the intrinsic constant
stiffness. Jh denotes human arm Jacobian matrix which
represents the arm posture, qh represents the arm joint angles.
Fex is the external force applied at the human arm endpoint.
The p represents a stiffness indicator. Generally, before

Fig. 4. one example of the result of extracting an envelope from the raw
EMG signals.

Model training: based on the recorded movement trajectories and stiffness profiles, we calculate the weights of
the DMPs model as described above. Note that in this
work it is calculated not only to obtain the weights for
movement trajectories encoding (like previous works),
but also that for stiffness, i.e. the gains in the joint-space
impedance controllers.
• Generalization: once the weights are determined, we can
then generalize the reference trajectories and stiffness
to adapt to new situations by simply adapting the goals,
i.e., ygoal in the DMPs model. Additionally, by changing
the time coefficient τ, the duration of the task can also
be temporally adapted.
Due to the fact that movement trajectories adaptation
have been well considered as mentioned above, it is not
very necessary to do it in this work. Our interest is to
investigate stiffness adaptation for the robot manipulator to
acquire cutting skill. The cutting task is a classical physical
interaction scenario where involves force contact during the
task execution. In this case, variable impedance control and
stiffness adaptation will be very useful.
The experimental results are shown in Fig. 5. Based on the
reference stiffness profile with the terminal value of 0.65, we
experientially generalize it to two different goals, e.g., 0.8
and 0.9. Then the total three stiffness profiles are used to
cut a new object, which is different from the one that used
in the demonstration stage. It means that we would like to
adapt them to a new task. It turns out that the task has been
successfully performed using the second generalized stiffness
while the task failed in the other two situations (see Fig. 5
(b) and (d-f)). The comparative results can be seen as a direct
proof of the effectiveness of our method. According to the
measured forces (see Fig. 5 (c)), the robot lacks the ability
of adaptation even in variable impedance control mode if the
•

Fig. 3. one example of the result of extracting an envelope from the raw
EMG signals.

the tracking of human lime variable stiffness in a specific
task, there needs a calibration process to determine such
correlations. The experimental set-up is shown in Fig. 2. The
muscle stiffness indicator p can be obtained by using moving
average process and low-pass filter to extract an envelope
from the raw EMG signals, one example of the result is
shown in Fig. .
III. E XPERIMENT
The experimental set-up is a dual-arm Baxter robot with a
torso, two degree of freedoms (DoFs) head, dual arms with
seven DoFs, integrated cameras, torque sensors, encoders
and direct programming access via Robot Operating System
(ROS) interface. Joint stiffness and damping can be modified
under Baxter robot torque control mode which is simplified
as PD impedance controller in this work.
The procedure of the experiment includes the following
three steps:
• Demonstration: first, a human tutor demonstrates the
robot to perform a task, cutting task in this work,
through a human-robot interface, and the dual-arm
control stragy is developed fot the skill transfer (see
Fig. 4). See [18] for more details about the interface

Fig. 5. The experimental results: (a) the stiffness indicator is adapted generalization to two different goals. (b) and (c) show the positions and forces in
z axis of robot slave arm’s endpoint measured in generalization stage, respectively. (d), (e) and (f) show the different cuts by using the original, the first
generalized and the second generalized stiffness indicators, respectively. It shows that only in the third situation the object is successfully cut off. Note
that the object to cut here is different from the object used in the demonstration stage.

desired stiffness is not properly set, which is consistent with
the experience when humans perform tasks.
IV. CONCLUSIONS
We propose a extended DMPs framework for generalization of both movement trajectory and stiffness profile for
robot manipulators to acquire variable impedance skills. Human limb sEMG-based stiffness estimation is integrated into
our work to obtain reference stiffness profiles. Our method
inherits the advantages of the original model. Moreover, the
stiffness planning has been successfully realized for skill
generalization using the developed method. Future work will
focus on implementation of the method to different platforms
and more complex tasks
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cooperate with humans in dynamic manipulation tasks based on multimodal human-in-the-loop approach,” Autonomous robots, vol. 36, no.
1-2, pp. 123–136, 2014.
[14] L. Peternel, L. Rozo, D. Caldwell, and A. Ajoudani, “A method for
derivation of robot task-frame control authority from repeated sensory
observations,” IEEE Robotics and Automation Letters, vol. 2, no. 2,
pp. 719–726, 2017.
[15] M. Tykal, A. Montebelli, and V. Kyrki, “Incrementally assisted kinesthetic teaching for programming by demonstration,” in The Eleventh
ACM/IEEE International Conference on Human Robot Interation.
IEEE Press, 2016, pp. 205–212.
[16] A. Ude, A. Gams, T. Asfour, and J. Morimoto, “Task-specific generalization of discrete and periodic dynamic movement primitives,” IEEE
Transactions on Robotics, vol. 26, no. 5, pp. 800–815, 2010.
[17] C. Yang and E. Burdet, “A model of reference trajectory adaptation
for interaction with objects of arbitrary shape and impedance,” in
Intelligent Robots and Systems (IROS), 2011 IEEE/RSJ International
Conference on. IEEE, 2011, pp. 4121–4126.
[18] C. Yang, P. Liang, Z. Li, A. Ajoudani, C.-Y. Su, and A. Bicchi,
“Teaching by demonstration on dual-arm robot using variable stiffness
transferring,” in Robotics and Biomimetics (ROBIO), 2015 IEEE
International Conference on. IEEE, 2015, pp. 1202–1208.

