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Abstract— Tying suture knots is a time-consuming task per- knot-tying: Kang et al. [4] devised a specialized stitching
formed frequently during Minimally Invasive Surgery (MIS) . device, while Mayer et al. [5] were the first to tie a suturetkno
Automating this task could greatly reduce total surgery time autonomously using general purpose laparoscopic institsne

for patients. Current solutions to this problem replay manually . .
programmed trajectories, but a more general and robust ap- In both approaches, the controller uses a hard-wired policy

proach is to use supervised machine learning to smooth surge- Meaning that it always repeats the same prescribed motion
given training trajectories and generalize from them. Sine knot-  without the possibility of generalizing to unfamiliar ingiment

tying generally requires a controller with internal memory to |ocations. One possible way to provide more robust congrol i

distinguish between identical inputs that require different actions to learn the control policy from examples of correct behavior
at different points along a trajectory, it would be impossible . '
provided by the user.

to teach the system using traditional feedforward neural né&s - ) ) o
or support vector machines. Instead we exploit more powerfly ~ The focus of this paper is on automating suture knot winding
recurrent neural networks (RNNs) with adaptive internal states. by training a recurrent neural network (RNN; [6]-[8]) on
Results obtained using LSTM RNNs trained by the recent Evoio  hyman generated examples. Unlike standard non-recurrent
algorithm show that this approach can significantly increag the 5 hing learning techniques such as support vector machine
efficiency of suture knot tying in MIS over preprogrammed ;
control. and feedforward neural networks, RNNs have an interna stat
or short-term memorywhich allows them to perform tasks
. INTRODUCTION such as knot-tying where the previous states (i.e. instnime
Minimally Invasive Surgery (MIS) has become commonpositions) need to be remembered for long periods of time in
place for an ever-growing number of procedures. Because Mifler to select future actions appropriately.
is performed through small incisions or ports in the patient To date, the only RNN capable of using memory over
body, tissue trauma, recovery time, and pain are reducssjuences the length of those found in knot-tying trajec-
considerably compared to conventional, “open” surgeryil&Vh tories (over 1000 datapoints), is Long Short-Term Memory
patients have profited enormously, surgeons have had to cp8TM [9]). Therefore, our experiments use this powerful
with reduced dexterity and perception: the instrumentdcarg architecture to learn to control the movement of a real saigi
and have fewer degrees of freedom, force and tactile fe&dbaganipulator to successfully tie a knot. Best results were ob
are lost, and visual feedback is flattened to a 2D image. Theafed using the recent hybrid supervised/evolutionaagnlimg
factors make delicate maneuvers such as knot-tying vemrtinframework, Evolino [10], [11].
consuming. A laparoscopically tied suture knot can take upThe next section describes the EndoPAR robotic system
to three minutes to complete, compared to one second fopged in the experiments. In section Ill, we give a detailed
manually tied knot. account of the steps involved in laparoscopic knot tying.
Robot-assisted MIS seeks to restore the feel of norm@éction IV describes the Evolino framework, and in section V
surgery by providing the surgeon with a more intuitive anghe method is tested experimentally in the task of auton@mou
ergonomic interface. The surgeon tele-operatetage robot  suture knot winding.
that manipulates the surgical instruments froomastercon-
sole that provides full six degrees of freedom manipulation Il. THE ENDOPAR SYSTEM
enhanced 3D imaging, and often force feedback. Robotic
surgical systems such as DaVinci [1] and ZEUS [2] are in The Endoscopic Partial-Autonomous Robot (EndoPAR) sys-
wide use today, performing a variety of abdominal, pelvitem is an experimental robotic surgical platform developed
and thoracic procedures. However, despite significantramhs by the Robotics and Embedded Systems research group at
in robot-assisted surgery, delicate tasks like knot-tyamg the Technical University of Munich (figure 1). EndoPAR
still cumbersome and time-consuming, in some cases takiognsists of four Mitsubishi RV-6SL robotic arms that are
longer than with conventional MIS [3]. Given that knotmounted upside-down on an aluminum gantry, providing a
tying occurs frequently during surgery, automating thistask 20cmx25cmx40cm workspace that is large enough for sur-
would greatly reduce surgeon fatigue and total surgery.timgical procedures. Although there are four robots, it is dasy
Building a good knot-tying controller is difficult becausest access the workspace due to the ceiling mounted setup. Three
3D trajectories of multiple instruments must be precis@yg-c of the arms are equipped with force-feedback instrumehes; t
trolled. There has been very little work in autonomous rabotfourth holds a 3D endoscopic stereo camera.
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Fig. 2. Force feedback Forces are measured in theand y directions

(perpendicular to shaft). The upper part of the figure shoms the strain

gauge sensors are arranged along the circumference of tife &ach

diametrically opposed pair constitutes a full bridge ofrfoesistors dedicated
to one principal axis. Sensor signals are sent back to seotormat the input
stylus so that the surgeon can sense forces occurring atifhgeg

Fig. 1. The EndoPAR system The four ceiling mounted robots are
shown with an artificial chest on the operating table to test-tperated
and autonomous surgical procedures. Three of the robotk laparoscopic
gripper instruments, while the fourth manipulates an eodpis stereo camera
that provides the surgeon with images from inside the ojpgratavity. The
size of the operating area (including gantry) is approxétya.5m x 5.5m x

1.5m, and the height of the operating table is approximateiyeter. the assistant gripper, maklng sure the thread is taut. eripp

then pulls the thread through the puncture (figure 3C), while
gripper 3 approaches it at the same speed so that the thread

The position and orientation of the manipulators are cofgmains under teU_SiO”- Meanwhile_, g_ripper 2 is opened and
trolled by two PHANTOMM Premium 1.5 devices from moved to 'Fhe pos!nqn Whgre the _wmdmg should take place.
Sensable Inc. The user steers each instrument by movind®Nce gripper 2 is in position, gripper 1 makes a loop around
a stylus pen that simulates the hand posture and feel lpf0 Produce a noose (figure 3D). For this step it is very
conventional surgical implements. The key feature of tHEPortant thatthe thread be under the right amount of tensio
PHANTOM devices is their ability to provide force feedbacitherwise, the noose around gripper 2 will loosen and get los

to the user. EndoPAR uses a version of the PHANToM devid@ Maintain the desired tension, gripper 3 is moved towdrels t
that can display forces in all translational directions (oxgue Puncture to compensate for the material needed for winding.
is fed back). Special care must be taken to ensure that neither gripper 1

Figure 2 shows the sensor configuration used to implem r the neeplle interfere with gripper 2 or the strained tthrea
realistic force feedback in the EndoPAR system. Each inst/@Uring winding. _
ment has four strain gauge sensors attached at the distal erfiitér completing the loop, gripper 2 can be moved to get
of the shaft, i.e. near the gripper. The sensors are arrainged® other end of the thread (figure 3E). Once again, it isoafiti
two full bridges, one for each principal axis. The signatsrir that the thread stay under tension by having grippers 1 and 3
the sensors are amplified and transmitted via CAN-bus tof@low the movement of gripper 2 at an appropriate speed.
PC system where they are processed and sent to small séR/§igure 3F, gripper 2 has grasped the end of the thread.
motors that move the stylus to convey the sensation of foré8€refore, gripper 1 must loosen the loop so that gripper 2
to the user. Since direct sensor readings are somewhat, ndi§y? Pull the thread end through the loop. Gripper 3 can now
a smoothing filter is applied in order to stabilize the result 100Sen its grasp, since thread tension is no longer needed.

Force feedback makes performing MIS more comfortablEinally, grippers 1 and 2 can pull outward (away from the
efficient, safe, and precise. For knot-tying, this capgpidi es- PuUncture) in order to complete the knot.
sential due to the fine control required to execute the proged 1 e knot-tying procedure just described has been automated
without breaking or loosing the thread [12]. As a result, the-ccessfully by carefully programming the movement of each
EndoPAR system provides an excellent platform with whicBipper directly [5]. Programming gripper trajectoriesreatly

to generate good training samples for the supervised machi difficult and time-consuming, and, more importantly, {ro
learning approach explored in this paper. duces behavior that is tied to specific geometric coordmate

The next section describes a method that can potentially
I1l. MIS KNOT-TYING provide a more generic solution by learning directly from

Tying a suture knot laparoscopically involves coordingtinuman experts.
the movements of three grippers through six steps. When the
procedure begins, the grippers should be in the configuratio
depicted in figure 3A with the needle already having pierced Recurrent Neural Networks (RNNs) are a powerful class
the tissue (for safety, the piercing is performed manuajly of models that can, in principle, approximate any dynamical
the surgeon). The next step (figure 3B) is to grasp the needistem [13]. This means that RNNs can be used to implement
with gripper 1, and manually feed the thread to gripper 3rbitrary sequence-to-sequence mappings that requireongem

IV. EVOLINO
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Fig. 3. Minimally invasive knot-tying. (A) The knot-typing procedure starts with the needle andelgrippers in this configuration. (B) Gripper 1 takes
the needle, and the thread is fed manually to gripper 3. (@) thread is pulled through the puncture, and (D) wound ararimper 2. (E) Gripper 2 grabs
the thread between the puncture and gripper 3. (F) The krfatighed by pulling the end of the thread through the loop.

However, training RNNs with standard gradient descent-tegbhases. In the first phase, the network is fed the training
nigues is only practical when a short time window (less thaequences (e.g. examples of human-performed knot-tying),
10 time steps) suffices to predict the correct system outpahd the activations of the memory cells are saved at each time
For longer time dependencies, the gradient vanishes as s$tep. At this point, the network doe®t have connections

error signal is propagated back through time so that netwdrk its outputs. Once the entire training set has been seen,
weights are never adjusted correctly to account for evenrts the second phase begins by computing the output weights
in the past [14]. analytically using the pseudoinverse. The training sehé&nt

Long Short-Term Memory (LSTM; [9], [15], [16]) over- fed to the network again, but now the network propagates the
comes this problem by using specialized, linemmory cells input all the way through the new connections to produce an
that can maintain their activation indefinitely. The cellssé output signal. The error between the output and the correct
input and output gates that learn to open and close at #f@arget) values is used as a fithess measure to be minimized
propriate times, either to let in new information from odtsi by evolutionary search.
and change the state of the cell, or to let activation out to The particular instantiation of Evolino in this paper uses
affect other cells or the network’s output. This cell sttmet the Enforced SubPopulations algorithm (ESP; [18], [19]) to
enables LSTM to learn long-term dependencies across almegblve LSTM networks. Enforced SubPopulations differsrfro
arbitrarily long time spans. However, in cases where gradiestandard neuroevolution methods in that instead of evglvin
is of little use due to numerous local minima, LSTM becomemplete networks, itoevolvesseparate subpopulations of
less competitive (as in the case of learning gripper trajées). network components aneurons(figure 4).

An alternative approach to training LSTM networks is the ESP searches the space of networks indirectly by sam-
recently proposed Evolution of systems with Linear Outputding the possible networks that can be constructed from
(Evolino; [10], [11]). Evolino is a framework for supervide the subpopulations of neurons. Network evaluations peovid
sequence learning that combines neuroevolution [17] (thefitness statistic that is used to produce better neurons tha
evolution of artificial neural networks) for learning thecoe- can eventually be combined to form a successful network.
rent weights, with linear regression for computing the atitp This cooperative coevolutionary approach is an extension t
weights (see figure 4). Symbiotic, Adaptive Neuroevolution (SANE; [20]) which als

During evolution, Evolino networks are evaluated in tw@volves neurons, but in a single population. By using separa
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output Fig. 5. Training the knot winding networks . LSTM networks are trained on
a set of recordings that sample the position of gripper 1Jnhfh increments
during a human-controlled suture knot. The figure showsetlstech training
pseudo-inverse sequences; the one with the thicker path shows the sampfispiiat the
weights network uses as input and targets. For each training seguéme network

receives the(x, y, z)-position of the gripper 1, and outputs a prediction of

the distance to the next position of the gripper (i.e. thet rsamnple in the
LSTM Network sequence). The prediction is added to the input and comgaréte correct
(target) next position to produce an error signal that islwther for gradient
Fig. 4. Evolino. The figure shows the three components of thdescent learning, or as a fitness measure for Evolino, alit¢hea training
Evolino implementation used in this paper: the Enfor@&bPopu- Sequences have been processed.
lations (ESP) neuroevolution method, the Long Short-Teremdry
(LSTM) network architecture (shown with four memory cellapd

the pseudoinverse method to compute the output weights.nVéhe presents the first application of Evolino to a real-worldktas
network is evaluated, it is first presented the training sgiroduce

a sequence on network activation vectors that are used tpuem V. EXPERIMENTS INRoOBOTIC KNOT WINDING

the output weights. Then the training set is presented agaimow . . .

the activation also passes through the new connectionsaupe ~ OUr initial experiments focus on the most critical part of

outputs. The error between the outputs and the targets @ ljge Suture knot-tying: winding the suture loop (steps C through

ESP as a fitness measure to be minimized. F in figure 3). While the loop is being wound by gripper

1, gripper 2 stays fixed. Therefore, networks were trained to
control the movement of gripper 1.

subpopulations, ESP accelerates the specialization abnsu ,

into different sub-functions needed to form good networkd EXperimental Setup

because members of different evolving sub-function types a LSTM networks were trained using a database of 25 loop

prevented from mating. Subpopulations also make the neutosjectories generated by recording the movement of grifipe

fitness evaluations less noisy because each evolving neundrile a knot was being tied successfully using the PHANToM

type is guaranteed to be represented in every network thaits. Each trajectory consisted of approximately 130pmgt

is formed. Consequently, ESP is able to evolve recurrefat,y, z)-positions measured at every 0.1mm displacement,

networks more efficiently than SANE. {(:c{,y{,z{),...,(z{j,y{j,zfj)},j = 1..25, wherel; is the
Evolino does not evolve complete networks but rathéength of sequencg. At each step in a training sequence, the

evolves networks that produce a set of activation vectas tmetwork receives the coordinates of gripper 1 through three

form a non-orthogonal basis from which an output mappirigput units (plus a bias unit), and computes the desired dis-

can easily be computed. The intuition is that it is often easiplacement(Axz, Ay, Az) from the previous position through

to find a sufficiently good basis than to find a network thdhree output units.

models the target system directly. Evolino has been shown taBoth gradient descent and Evolino were used in 20 exper-

outperform gradient-based methods on continuous trajectaments each to train LSTM networks with 10 memory cells.

generation tasks [10]. Unlike gradient-based methodsa# hThe Evolino-based networks were evolved for 60 generations

the ability to escape local minima due to its evolutionargneo with a population size of 40, yielding a total of 3580 evalua-

ponent. Moreover, it is capable of generating precise dsatptions (i.e. passes through the training set) for each enysani.

by using the pseudoinverse, which computes an optimaldinea Figure 5 illustrates the procedure for training the netwgork

mapping. Previous work with Evolino has concentrated dfor the gradient descent approach, the LSTM networks were

comparisons with other methods in rather abstract bendbm#mained using Backpropagation Through Time [6] where the

problems, such as the Mackey-Glass time-series. This papetwork is unfolded once for each element in the training



sequence to form ah-layer network (for sequencg with all
layers sharing the same weights. Once the network has seeff s
that last element in the sequence, the errors from each time2
step are propagated back through each layer as in standar
backpropagation, and then the weights are adjusted.

For Evolino-trained LSTM, each network is evaluated in £
two phases (see section IV). In the first phase the activation i-°| \
of the network units are recorded, but no outputs are pratiuce g 4k TThodd] i
as, at this point, the network does not have output conmetio LU
After the entire training set has been seen, the output eenne 3|
tions are computed using the pseudoinverse. In the second , ! ! ! L L
phase, the network produces control actions that are used to ° 10 2 . W 50 t
calculate the fithess of the network. Generations

The error (fitness) measure used for both methods was tg 6. Evolino leaming curve. The plot shows the average error on the
sum-squared difference between the network output plus theining set measured in millimeters for the best networleash generation,
previous gripper position and the_corre_ct (target) posifir %v:rs\?;c;;;er 50 runs. The vertical bars indicate one stamiaiation from
each time-step, across the 25 trajectories:

%
e ANEN| E

25 l;—1
SN el vam—al,, )2+ (yl+ayi-yl 1)+ (2] +az,-2],,)* By generation 40, the error has reached a level that the
j=1t=1 networks can effectively produce usable loop trajectoriidés

gradient-trained LSTM networks were not able to learn the

where Azy, Ay, and Az are the network outputs for e.a.Chtrajectories, so the error for this method is not reportets T
principal axis at timeg which are added to the current positio oor performance could be due to the presence of many local

(¢, 41, 2¢) to obtain the next position. Note that because the; ;"0 "ihe error surface which can trap gradient-based
networks are recurrent, the output can in general depend on

. . methods.
all of the previous inputs. . . L .
. . - Unlike gradient-based approaches, Evolino is an evolution
For the first 50 time-steps of each training sequence, the . . -
) : ary method, and therefore is less susceptible to local n@nim
network receives the corresponding sequence entry. Aftr t

the network feeds back its current output plus its previom'f"s” of the 20 Evolino runs produced networks that could

input as its new input for the next time-step. That is, aftergﬂenerate smooth loop trajectories. When tested on the real

washout timeof 50 time-steps, the network makes predictionrs?bOt’ the networks reliably completed the loop procedure,

) A . .~ and did so in an average of 3.4 seconds, a speed-up of almost
based on previous predictions, having no access to thergain . : )
) : four times over the preprogrammed loop. This speed-up in
set to steer it back on course. This procedure allows the er

. L %%ot winding results in a total time of 25.8 sec for the entire
to accumulate all along the trajectory so that minimizing It

. . not, compared to 33.7 sec for the preprogrammed controller
forces the network to produce loop trajectories autonotyous Fiaure 7 shows the behavior of several Evolino-trained
(i.e. in the absence of a “teacher” input). g

Once a network has learned the training set, it is test §TM hetworks from the same run at different stages of

in a 3D simulation environment to verify that the trajectsri evc_>Il_Jt|on. AS ev_olutlon Progresses, _the contro_llers tréfuk
do not behave erratically or cause collisions. If the netwoFrammg Irajectories more closely while smoothing therheT

passes this validation, it is transferred to the real roboene hetwork in the right-hand side of the figure was produced afte

the procedure is executed inside the artificial rib-cage aﬁ\gprOX|mqtely 4.5 hours of computation time.
heart mockup shown in figure 1. To tie the entire knot, These first results show that RNNs can be used to learn

preprogrammed controller is used to start the knot, and th@ﬂm training sequences of over one thousand time steps, and

the network takes over for the loop, steps C through E. Durir?é)SSibly provide useful assistance to expedite MIS procesu

the loop, the robot fetches a new displacement vector from Vi
the network every 7ms, and adds it to the current position of

gripper 1. Gripper 2 remains stationary throughout thisseha An important advantage of learning directly from expert
and gripper 3 is moved away from the knot at a predefinéghavior is that it requires less knowledge about the system
rate to maintain tension on the thread. When the loop lging controlled. Supervised machine learning can be used
complete, the control switches back to the program to close 0 capture and generalize expertise without requiring fteno
knot. As in training, the winding network receives an iritiatedious and costly process of traditional controller desithe
“approaching sequence” of 50 points that control the robot Evolino-trained LSTM networks in our experiments were able
start the wind, and then completes the loop itself while iiegd to learn from surgeons and outperform them on the real robot.

. DiscussiON ANDFUTURE WORK

back its own outputs. Our current approach only deals with the winding portion of
_ the knot-tying task. Therefore, its contribution is lindtby the
B. Experimental Results efficiency of the other subtasks required to complete the ful

Figure 6 shows the learning curve for the Evolino-trainekhot. In the future, we plan to apply the same basic approach
LSTM networks. Each datapoint is the average error on thised in this paper to other knot-tying subtasks (e.g. the
training set of the best network, measured in millimeterthread tensioning performed by the assistant gripper, aotl k



Generation 1 Generation 10 Generation 60

Fig. 7. Evolution of loop generating behavior. Each of the three 3D plots shows the behavior of the best mktatca different generation
during the same evolutionary run. All axes are in millimstéFhe dark curve is the trajectory generated by the netwtbekjighter curve
is the target trajectory. Note that the network is beinge$b reproduce same target trajectory in each plot. Thermatork in the first
generation tracks the target trajectory closely for the fismm or so, but diverges quickly when the target turns ahbruBy the tenth

generation, networks can form smooth loops, and by gewer&®, the network tracks the target throughout the windiagning a tight,

clean loop.
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