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Abstract— This paper addresses collaborative multi-arm task
execution in a robot-aided surgical domain. The proposed
approach aims to assist the surgeon by recognizing their intent
and autonomously controlling some of the robotic arms. We lean
on Learning from Demonstration paradigm, where knowledge
is gained by observing humans performing a task. Example
cooperative movements are gained in a leader/follower scenario
with an operator controlling both arms. Example leader arm
movements are encoded in a hierarchical database, which
consists of a binary tree enhanced with weighted directed
graphs. It is used for online leader movement recognition and
prediction. Example follower arm movements are encoded as
a set of Dynamic Movement Primitives, which are used for
online synthesis of appropriate follower movements, based on
recognition and prediction of leader movements. The proposed
approach is evaluated on a dual arm robotic surgical system,
showing that the operator can perform the cooperative task
by only controlling the leader arm. The proposed database
structure enables recognition and prediction fast enough for
real-time task execution, and the novel approach of speed
adaptation ensures both arms are in sync regardless of the
operators speed of execution.

I. I NTRODUCTION
In the past two decades, Robot-Assisted Minimally Invasive Surgery (RMIS) has been on the rise [1]. Systems for
RMIS, such as the da Vinci (Intuitive, Inc.), are equipped
with three arms for controlling surgical tools and an arm for
controlling endoscope movement. These arms and tools are
teleoperated by a surgeon using remote controllers. In case
the surgeon needs to move the endoscope, or control the third
arm, it is necessary to use a foot pedal to make the switch.
In this paper, we expanded on previous work [2], [3] to
automate the movement of one surgical tool (the follower),
based on the movement of another (the leader) in a bimanual
task. Although we focus on a bimanual task here, the
approach could easily scale to a system with more arms. In
this way, multiple arms could be put into motion at once, and
not just the two being teleoperated. For example, endoscope
movement could be automatically controlled based on the
movement of two surgical tools, controlled by the surgeon.
Our approach involves two elements: recognition of the
correct correspondence between leader and follower and
generating follower motion.
To generate follower motion, we propose to apply Learning from Demonstration (LfD). LfD has been explored in
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Fig. 1.
Overview of the dual arm robotic surgical system used for
evaluation. The system consists of two EndoWrist surgical tools (Intuitive,
Inc.) mounted on UR5 arms. Two Touch (3D Systems) haptic devices are
used to control the robot arms and tools. The peg transfer testbed used for
evaluation can be seen in the upper right corner.

industrial, service and humanoid robotics as a way to adapt
expert knowledge directly from a human teacher [4]–[6]. As
teleoperation is the default method of control for surgical
robots, gathering demonstrations is straightforward. Once
demonstrations data is available, approaches such as Dynamic Movement Primitives (DMPs) [7], [8] can encode
robot control policies from as single demonstration, or derive
them from a database of multiple demonstrations [9]–[11].
Gaussian mixture models [12], [13], Probabilistic Movement
Primitives [14] or Hidden Markov Models (HMMs) [15] can
also be used to encode multiple demonstrations.
Choosing the appropriate follower movement policy to
execute based on the leader’s state requires two steps:
recognition of leader movements and intent, and appropriate
collaborative follower movement generation and execution.
Such a multi-agent interactive collaborative scenario has
been represented using path-map HMMs [16], while hierarchical HMMs have been used to model responsive behaviors
[17]. Extensions to movement primitives for collaborative
tasks have been proposed in the form of Probabilistic Movement Primitives [14] and Interaction Primitives [18]. One
of the drawbacks of the later is unresponsiveness to task
changes during recognition [19].
The work most closely related to our proposed approach is
that of Yamane et al. [20], [21], where a binary tree database
is used to recognize human movement and then synthesize
an appropriate robot reaching trajectory.
In the surgical robotics domain, a number of studies have

investigated LfD and skill transfer [22]–[32] as a means
to automate tasks. The peg transfer task is a commonly
used training task in surgical robotics because it poses
mechanical challenges that can also be observed in real
surgical procedures. A number of approaches have previously
been suggested for automating variants of said task, either
fully or partially, using surgical robot systems [23], [27],
[30], [32], [33].
The work in [23], [27], [28] studied human-robot collaborative control of a surgical robot. Transportation motions
were automated in [23], [28], while more demanding actions,
like grasping and needle insertion, required human input. In
[27], [28], the surgical robot assisted the user by providing
haptic guidance toward the desired task trajectory.
In previous work, a single hierarchical database was used
to synthesize new movements and new compliant movements
from a set of example trajectories in a service robot domain
[2], [3]. Preliminary evaluation of movement recognition
while using hierarchical database was done through comparison to other approaches [19], where follower trajectories
were synthesized in a rudimentary way that did not take into
account the speed of execution.
To enable execution of cooperative task in the surgical
robotics domain, this paper extends previous work to also
take into account orientation during recognition and synthesize movements in task space instead of joint space. To ensure synchronisation of leader and follower movements this
paper also includes a novel approach for speed adaptation.
While this work is hard to position within the levels of
autonomy for robotic surgical systems proposed by [34], the
leader arm would fall within level 0 (no autonomy) and the
follower arm within level 2 (task autonomy).
The rest of the paper is structured as follows. Section II
presents leader movement recognition and appropriate follower movement synthesis. In Section III the implementation
and evaluation of the approach on a dual arm robotic surgical
system is presented. Concluding remarks are given in the end
of the paper.
II. C OOPERATIVE M OVEMENTS
We propose to encode a set of demonstrations of a
multimanual task into a database such that, during execution,
appropriate follower movements can be generated based on
the current movement of the leader. There may be multiple
leaders and/or followers. The workflow can be roughly
divided into two steps: 1) demonstration and database construction, and 2) execution of the task (see Fig. 2).
The proposed database has two parts: a Hierarchical
Database (HDb), which encodes the demonstrated movements of the leader, and a set of corresponding demonstrated
movements of the follower, encoded as Dynamic Movements
Primitives (DMPs). During the task execution step, the leader
is controlled manually and the HDb is searched continuously to recognize and predict the leader movement and
automatically generate appropriate follower movement from
the corresponding set of DMPs. Speed of the leader is also
taken into account.
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Fig. 2. An outline of the proposed approach. During the demonstration
step (blue) each of the two haptic devices are used to move each of the
surgical tools. The demonstrated movements of the leader are used to
build the Hierarchical Database (HDb). The movements of the follower
are encoded as a set of Dynamical Movement Primitives (DMPs). In the
execution step (green) only one haptic device is used. It controls the leader,
whose movements are also used by the HDb to recognize the leaders intent.
This information is then used to synthesize appropriate follower movements
based on the corresponding set of DMPs.

The demonstration and database construction step is presented in Section II-A and the execution step is detailed in
Sections II-B and II-C.
A. Building the Database
The process of building the database starts with a human
operator demonstrating a set of cooperative leader and follower movements. In the case presented in this paper, a dual
arm surgical robot is used (see Fig. 1). During demonstration,
both arms are controlled by the operator. One arm is denoted
the leader, while the second is denoted the follower. This
choice can be based on various preferences, e.g. the dominant
hand of the operator or the role of the tool in the task.
A set of s cooperative movements D = {Dj | j =
1, 2, ..., s} is captured from demonstrations. Each demonstration Dj contains n state vectors sampled at discrete times,


Dj = y1 , y2 , . . . , yn ,

(1)

where each state vector,
T

yi = yil , yif ,
yil

(2)

includes state vectors
corresponding to leader arm trajectories, and state vectors yif from the follower arm trajectories. If the captured demonstrations are of different duration,
then the number of state vectors n will vary between them.
Follower and leader state vectors can be defined differently.

State vectors for end-effector trajectories can, for example,
be specified in Cartesian space or in joint space. In the case
presented in this paper, leader state vectors yil represent the
end-effector positions and orientation of the surgical tools


yil = pli , qil ,
(3)

Y
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where
denotes the position in Cartesian space, and


qi = qiw , qix , qiy , qiz

(4)

(5)
3 rd level with TG

denotes the orientation, represented by a unit quaternion,
at sample time ti . In the case where multiple arms have
the role of the leader, state vectors would include positions
and orientations of all arms. Leader state vectors also have
additional information associated with each of them. This
includes the time stamp of the state vector ti and the index
j of the demonstrated set Dj from which the state vector
came.
For the presented case, state vectors for follower trajectories,


yif = pfi , qif , ci ,
(6)
have an additional element ci , which denotes the grasper
opening angle of the follower surgical tool at time ti .
The demonstrated set of leader movements is then used to
build the HDb, while the corresponding follower movements
are encoded as DMPs. As mentioned, the correspondence
between the leader and follower demonstrations is stored via
additional information.
A simplified representation of an HDb can be seen in
Fig. 3. In the first step of building the HDb, all leader state
vectors y l belonging to all of the demonstrated movements
D are concatenated into a leader sample motion matrix,
which denotes the root node of the HDb:


l
Y l = y1l , y2l , . . . , ym
,
(7)
where m denotes the sum number of state vectors n in all
demonstrations D. Deeper levels are obtained by recursive kmeans clustering, with k = 2, of each node’s state vectors to
produce two new nodes, as suggested in [2]. By dividing each
node into just two clusters, the granularity of the encoded
data changes gradually through the levels, which benefits
the hierarchical search during the recognition step (detailed
in Section II-B). In order to handle state vectors including
both positions and quaternions, the distance metric used for
k-means clustering had to be adapted1 . While state vectors
are used for determining clusters, additional data ji and ti
is not, but is rather inherited. For each node v the mean of



distance between two state vectors yil = pli , qil is determined as a weighted sum of the Euclidean distance
of the posiq

=
tional part of the state vector dp pl1 , pl2
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Fig. 3. A simplified representation of an example Hierarchical Database.
A Sample Motion Matrix, which includes leader state vectors from all
demonstrations in the set, represents the root node. Each level includes these
state vectors clustered into nodes, where each level is built by clustering
each node in the previous level. The probability of transition from one node
into the other is represented with a Transition Graph (TG) at each level. The
lineage of nodes is denoted by straight arrows. Each level in the database
encodes demonstrated leader trajectories with increasing granularity, which
enables a quick recognition of leader movements during execution.

associated state vectors y lv is calculated and stored.2 . The
division of nodes continues recursively at each level until all
nodes meet a stop criterion. This criterion is based on the
variability of state vectors associated with a node, i.e. the
distance of state vectors in the node v to the mean state vector
of the node y lv . When the node stops dividing, it becomes a
leaf node. To ensure all the data is represented on each level,
leaf nodes are copied to all lower levels, i.e. each branch is
extended to the last level.
All the demonstrated leader data is clustered in the
process. The original state vector sequence is represented
through directed weighted graphs. At each level of the hierarchical database, a Transition Graph (TG), which models
all transitions between nodes at that level, is constructed (see
Fig. 3). The graph’s edge weights represent the probability of
transitioning from one node to another, and are based on the
number of transitions between nodes observed in the original
demonstration data. The lineage of nodes, which is later used
for recognition, is also stored. Further details on hierarchical


our case, the mean of N state vectors, y l = pl , q l represents the
mean on the positional part pl and the approximate mean on the quaternion
1 PN l
part, q l = N
i qi The quaternion mean needs to be additionally
normalized to ensure the result is a unit quaternion.
2 In

database construction are omitted and the reader is instead
referred to [2], [3].
The HDb encodes just the leader movements. The follower
state vectors are included by encoding each separate follower
demonstration,


(8)
Djf = y1f , y2f , . . . , ynf ,
as a Dynamic Movement Primitive (DMP)


Djf 7→ wjf , gjf , τjf ,

leader
sequence

B. Recognition of Leader Movements
Hierarchical search through the primary database is used
to recognize the leader’s movement. Here, a sliding window
approach is used. A sliding window is defined as the sequence of last w observed leader state vectors
 o
o
(10)
Y W = yb−w
, . . . , yb−1
, ybo ,
where o denotes observed, and b represents the complete
number of observed leader state vectors from the start of the
movement. Naturally, observed leader movements contain
only leader’s state vectors, y l , cf. (2). The size of the
sliding window w is a compromise between the confidence
of the result and recognition speed. Recognition is done by
traversing through the levels of the HDb. Multiple steps are
performed at each level:
1) Establish considered nodes v c at current level. At the
first level of the HDb used for recognition (usually
level 3) all the nodes are denoted as considered nodes.
2) Build the matrix, G, of considered nodes at the current level, where each row contains a permutation
of considered nodes v c and has the length of the
sliding window w. Matrix G includes all possible
permutations.
3) The recognition score, R, for each permutation set is
calculated as
w
X

X
 w−1

c
ζ vic , vi+1
,
d yio , y lv +

i=1

i=1

(11)

where d(yio , y lv ) denotes distance3 between the observed leader state vector yio and the mean state
vector y lv corresponding to the considered node vic .
The distance weighting factor Kd is used to prioritize
3 In

Dj
δ

(9)

where wjf denotes the weights, gjf , the goal, and τjf , the time
duration for each follower movement encoded as a DMP. If,
as in the case presented in this paper, the follower trajectories
include positions and quaternions, Cartesian space DMPs
[35] are used. The trajectory representing the grasper opening
angle is also encoded as a DMP. Details on DMPs are omitted
and the reader is referred to [7], [8].

R = Kd

sliding
window

the case presented in this paper, the distance is determined as a weighted sum of the Euclidean distance
of the posiq
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=
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Fig. 4.
A simple example of follower trajectory synthesis during the
execution step. The leader robot, being controlled by the user, is depicted
on the top left. Its last w state vectors, denoted by crosses, represents the
current sliding window. HDb is used for recognition, and the most probable
leader sequence, denoted with circles and arrows, is obtained. With it, the
most probable demonstrated set Dj is determined. It also tells us how far
along the set the current observation is (denoted with δ). To ensure smooth
movements and velocity adaptation of the follower, DMPs are used. The
e denoted by ∆ δ, is used to
difference between the desired δ and adapted δ,
determine the progression of the DMP, i.e. the velocity of the follower.

distance term in the overall score and is established
c
empirically. The second term, ζ(vic , vi+1
), denotes the
transition probability between the considered nodes,
which is derived from the TG at the current level.
4) Determine the nodes belonging to permutations with
recognition score R > Rc , where the choice of cut-off
threshold, Rc , is a compromise between the speed of
recognition and the confidence of the result. Only the
children of these nodes are considered as we move to
the next level of the HDb. By taking advantage of the
hierarchical structure of the database and only looking
at a subset of nodes at each level, calculation time for
the recognition step is reduced.
With the last level reached, the permutation of nodes with the
highest recognition score is the recognized leader sequence.
It represents the most probable sequence of nodes in the HDb
w.r.t. the currently observed leader’s movement during task
execution. See Fig. 4 for a simple representation.
C. Synthesis of Follower Trajectories
By establishing the most probable leader sequence, we
can determine which leader/follower demonstration set Dj
is the most probable. This is done by looking at additional
data of state vectors belonging to nodes in the determined
leader sequence. Additional data includes information on set
numbers j for each state vector.
We now know which demonstrated movement the follower
should be executing, but not how far along the trajectory
this movement should be. We denote this completion rate
for the movement as δ = t/τ , where t is the current time
and τ is the total duration of the movement. As the leader
and follower movement share the time component, if we can
estimate δ for the leader, we will also know how far along the
movement the follower should be. Given the most probable
leader sequence, we can establish that δ ≈ et/τj , where τj is
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Fig. 5. An example of the speed scaling function ν(∆ δ) w.r.t. the difference
of path traveled ∆ δ. The further behind the actual follower is, the higher the
velocity will be. When the difference becomes non-negative the value rises
sharply, which in turn stops the follower. The minimum value of ν(∆ δ)
limits the maximum velocity of the follower. The function values used for
this figure are throughout the evaluation: νmin = 0.1, Kn = 40, and Kp =
1000.

the total duration of the recognized demonstrated movement.
The current time component, e
t, is estimated by looking at
additional data corresponding to nodes in the current leader
sequence; more specifically, at the state vector’s time stamps
ti .
Before sending the desired follower pose to the follower
robot, we wish to ensure two things: smooth follower movements and speed of execution relative to the speed of the
controlled leader movement. If the user controlling the leader
robot stops or changes velocity, the follower movement
should do the same. Achieving smooth follower movements
can be especially problematic when the recognized set Dj
changes, as this could lead to an abrupt change in the
desired follower pose. We tackle both of these problems
through DMPs. Standard DMPs ensure smooth responses
to perturbation, which in our case ensures smooth and
continuous movement of the follower, as its pose is encoded
as a DMP and integrated online. To tackle smooth changes
to speeds of execution, DMPs with velocity adaptation [36],
[37] are implemented. While the details on DMPs with
velocity adaptation are omitted here, it should be noted that
they differ from standard DMPs by multiplying the timeconstant τ with a scaling function ν. This in turn changes
the velocity of the DMP. While previous works on DMP
velocity adaptation use different learning techniques to adapt
the velocity profile offline, we need to adapt it online and
ensure continuous and smooth synchronization to the leader’s
speed of execution.
To ensure smooth velocity adaptation based on the leader,
the path traveled δ should not be used directly on the
follower robot, as it can change abruptly. Instead it is used
to control the progression of the follower DMP indirectly.
While Nemec et. al [36] used learning techniques to define
the scaling function ν, we define it based on the difference
of path traveled,
e
(12)
∆ δ = δ − δ,
where δe denotes how far along the full movement the actual

Fig. 6.
Positional parts of the example movements. While the leader
positions can be seen on the top left, the follower’s are on the bottom
right. Positional parts of the state vector means y lv for each node at the last
level are also seen. They are denoted with red circles.

follower is (see Fig. 4). The scaling function is defined as
(

exp Kp∆ δ
∆δ > 0

ν(∆ δ) =
exp Kn∆ δ + log(1 − νmin ) + νmin ∆ δ ≤ 0,
(13)
where νmin defines the smallest value for ν(∆ δ). Kp and Kn
define the slope for the exponential function, while the ∆ δ
is positive or negative, respectively. An example of ν(∆ δ)
can be seen if Fig. 5. If the user moves the leader far ahead,
the recognized leader sequence will jump further along the
demonstrated movement, which, in turn, will increase the
value of δ. Instead of the follower jumping to that value, the
difference in path traveled ∆ δ will rise and in turn increase
the velocity of the follower DMP. If the user slows down or
stops, ∆ δ will drop and the follower DMP will in turn slow
down or stop. This ensures smooth velocity adaptation to the
leader.
III. E VALUATION
The evaluation setup consisted of a UR5 and UR5e robot
arm (Universal Robots A/S) each with a EndoWrist Large
Needle Driver surgical tools (Intuitive Surgical Inc.), and
two Touch haptic devices (3D Systems), as can be seen in
Fig. 1. Refer to [38] for more details about the surgical robot
platform. The robot seen on the left is denoted as robot B,
while the one on the right as robot A. Both arms could be
controlled directly or by a human via haptic devices.
The proposed approach was evaluated with an ambidextrous peg transfer task, which is a part of the McGill Inanimate System for Training and Evaluation of Laparoscopic
Skills (MISTELS) training program [39]. The test bed can be
seen in the upper right corner of Fig. 1. Each ring is picked
up by robot B, handed over to robot A, and positioned on
the corresponding peg on the opposite side of the test bed.
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Fig. 7.
Recognition during evaluation of cooperative task execution.
The blue line denotes the position of the leader robot during evaluation
of cooperative task execution. Demonstrated movements are denoted with
dashed lines. The closest demonstrated movement to the current execution
is presented with a solid black line. Overlaid on it as circles is the
positional part of the mean state vector of the last nodes in each recognized
leader sequence. Their color changes from dark blue to red w.r.t. the time
progression of the cooperative task execution.

In the demonstration step, both arms were controlled via
the haptic devices in order to capture four example dualarm movements D = {D1 , D2 , D3 , D4 }. Each example
movement transferred one of the four rings from the far-left
position to the far-right position, as seen in Fig. 1. Positional
parts of the example movements can be seen in Fig. 6.
Example sets of leader/follower movements were used
to build the database, as explained in Section II-A. The
first cluster of the HDb, i.e. the sample motion matrix Yl
included m = 11135 leader state vectors. When the HDb
was built, it consisted of 14 levels with 482 nodes at the last
level. The corresponding follower movements were encoded
as set of DMPs. The same database was used throughout the
evaluation.
During cooperative task execution, the user only controls
the leader arm (robot B) via the haptic device, while the
movement for follower arm (robot A) is synthesized by
the presented approach. A sliding window of size w = 3
is used to determine the leader sequence and with it the
most probable demonstration from {Ds }, as described in
Section II-B. Fig. 7 shows one example of cooperative task
execution, where the nodes closest to current leader input are
recognized.
In addition to replaying the recognized follower movement from the database, the follower should adapt to the
leader’s speed of execution. Fig. 8 shows the effects of
using the speed scaling function (13) with DMPs. The
top plot demonstrates that the follower can smoothly and
continuously adapt to the observed path. It also holds its

Fig. 8. Velocity adaptation. The top figure shows the progression of path
traveled, of the current observation in red and of the actual follower in blue.
The second plot from the top shows their difference ∆ δ with the dashed
line marking the value zero. The third plot from the top show the values
of the scaling function ν(∆ δ) over time, with dashed line marking value 1.
The bottom plot is showing the x component of the follower’s position. Red
denotes the desired follower position based on observation, blue the actual
adapted one, while yellow shows demonstrated values used for building the
database. All figures show the same execution of a cooperative movement.

current position when it catches up to the observed one. As
the difference of the path traveled, ∆ δ, shown in the second
plot from the top, becomes positive, the scaling function,
ν(∆ δ), seen in the third plot from the top, rises sharply.
This in turn increases the value of the DMP parameter τ
and halts the current values of trajectories encoded in the
DMPs. The bottom plot in Fig. 8 shows the x component of
the follower’s position. The red line denotes the values we
would get without the speed scaling, i.e. follower positions
based just on current observed leader position. Notice the
sudden jumps in follower position compared to the blue line,
which shows the actual progression of the follower robot
position, and displays smooth and continuous adaptation to
current observations. We can observe that the progression of
the movement halts multiple times, when the user controlling
the leader also halts. The yellow line denotes the values from
the example movement in the database. Without velocity
adaptation, the resulting follower trajectory would closely
follow this line, the follower robot would overtake the
leader movements, and the task would fail. While just one
component is shown, the same observations could be made
for the other position and orientation components.
If the leader changes task mid-execution, the follower
should not just recognize this intent, but also react in a
smooth and continuous manner. Fig. 9 shows an example of
this. In the top plot, we can observe the proposed approach
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Fig. 9. Change in the recognized set. The top plot shows the y positional
component related to the leader robot. The input values used for recognition
in the sliding window are denoted with a solid black line. The values related
to the most probable nodes are marked with circles, where the color indicates
which demonstrated set those nodes belong to. The example values used for
building the database are denoted with dashed lines, with the color indicating
a set. Their time component is adapted in this figure for clarity. The middle
plot shows which demonstrated set Dj was recognized as most probable.
The bottom plot relates to the follower robot. Again, just the y component
is shown. While the values of example sets are again denoted with dashed
colored lines, the final synthesized values, used to control the follower robot,
are presented with a solid black line.

where the most probable nodes are determined based on the
user’s leader robot inputs. The additional data in the nodes
is then used to determine the most probable example set
Dj , shown in the middle plot. The synthesized trajectory,
used to control the follower robot, reacts to the user’s intent
with smooth and continuous movements (see bottom plot).
While only one positional component is shown, the same
could be observed for all other positional and orientational
components.
IV. D ISCUSSION
While we have demonstrated the adaptability of our synthesis scheme for follower trajectories to both changes in
the recognized leader motion and changes in the speed of
execution, further discussion of the practical implications of
this are needed.
We currently rely on only the surgical tools’ position for
recognizing the current leader intent. This is a problem for a
task such as the peg transfer task, where the exact trajectory
toward the ring is not important for the outcome of the task
(ring moved to another peg), unless obstacles are in the way.
To improve this, our approach could be extended by including information about the environment. For example, in the
presented peg transfer task, the ring and peg positions could
also be included in the state vectors. This would require
computer-vision-based detection and localization which we
have not yet included in the system, however.
Note that, although our evaluation has shown adaptation
over a limited set of examples, the approach is not strictly

limited to encoded demonstrations. Instead, statistical generalization could be used to interpolate between encoded
demonstrations, thus detecting leader motions not in the
original set of demonstrations. As follower motions are
encoded as DMPs, generalization could then be used to
synthesize appropriate corresponding follower trajectories.
Additional state variable could be used for generalization,
e.g. generalization w.r.t. peg positions.
The surgical tools have a good deal of error in state
estimate due to elasticity and friction in the steel cables
used for actuating the joints. The is especially noticeable
in end-effector orientation and grasper opening angle of the
tools. During execution, this can potentially cause erroneous
recognition of the leader’s motion. This can be alleviated
by weighting the sum of positional and orientational components in the distance metric.3
Finally, we remark that the task showcased in our evaluation was chosen to clearly illustrate the properties of our
proposed approach. However, our method could be applied to
more complex collaborative scenarios, and is not constrained
to only bi-manual tasks. In future studies, we plan to evaluate
our approach on a three- or four-armed surgical system,
where the operator uses two arms to perform, e.g. a suturing
task, while a third follower arm is autonomously controlled
and assists with, e.g. holding tissue or endoscope arm movement. We also plan to evaluate the possibility of building
the database from multiple executions and thus encode the
variability of demonstrations.
V. C ONCLUSIONS
We have presented an approach towards partial automation
of robotic surgical tasks. By encoding a set of example bimanual tasks in a database, the user can execute a cooperative task while only controlling a single robot arm. The
movements of a second autonomous follower arm are then
matched to the example in the database that most closely
resembles the operator’s estimated intent. Compared to previous works, the recognition step was improved and a novel
approach for synthesizing follower trajectories synchronized
to leader’s speed of execution was presented. The evaluation,
performed in a non-clinical surgical environment, showed
that the recognition based on leader’s pose is done fast
enough for real-time task execution, and that the follower
adapts to the leader’s intent and speed throughout the execution in a smooth and continuous manner. Future work
will include evaluation of a database with more diverse and
demanding tasks (e.g. suturing) in an environment that more
closely resembles a clinical surgical scenario.
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