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approach	  for	  modeling	  minimally	  invasive	  surgery	  as	  a	  
stochas$c	  process	  using	  a	  discrete	  markov	  model.	  IEEE	  
Transac@ons	  in	  Biomedical	  Engineering,	  53(3):399–413,	  2006.	  

Few	  experiments	  using	  such	  techniques	  on	  real	  data	  

Other	  applica@ons	  can	  benefit	  from	  gesture	  modeling	  



Mo@va@on	  for	  Gesture	  Analysis	  (1)	  
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Skills	  analysis	  
•  Trainee	  evalua@on	  
•  Automated	  feedback	  
•  Skills	  understanding	  

Robo@c	  automa@on	  
•  Mo@on	  replay	  
•  Virtual	  fixtures	  
•  Shared	  control	  

Mimic	  da	  Vinci	  simulator	  



Mo@va@on	  for	  Gesture	  Analysis	  (2)	  
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Context	  recogni@on	  
•  Context-‐aware	  UI	  
•  OR	  synchroniza@on	  
•  Reports	  

Safety	  monitoring	  
•  Tool-‐@ssue	  interac@ons	  (pa@ent)	  
•  Ergonomy	  analysis	  (staff)	  
•  Radia@on	  monitoring	  (staff)	  

A.	  Ladikos	  
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OR	  

STEP	  

GESTURE	  

Need	  for	  a	  language	  of	  surgical	  ac$vi$es…	  

…and	  for	  an	  OR	  percep$on	  and	  recogni$on	  system	  



Outline	  
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Surgical	  gesture	  modeling	  
(MICCAI’2011)	  

Shared	  Control	  
(ICRA’2011)	  

Gesture	  Modeling	  and	  Human-‐machine	  collabora@on	  using	  the	  da	  Vinci	  robot	  

Ac@ve	  fixtures	  
(RLIHT’2012)	  



Gesture	  Modeling	  



The	  da	  Vinci	  Robot	  

Surgeon	  

Master	  manipulators	  

Pa@ent-‐side	  manipulators	  

Pa@ent	  

	  	  	  	  	  	  	  	  	  	  Features	  	  
- 	  4	  robo@c	  arms	  
- 	  HD	  stereo	  view	  
- 	  7	  DOFs	  instruments	  
- 	  Mo@on	  scaling	  
- 	  Tremor	  filtering	  

8	  



Why	  is	  Robo@c	  Surgery	  Well	  Suited?	  

Mock-‐OR,	  JHU	  

Augmented	  	  
Reality	  

Read	  API	  	  
Write	  API	  
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Language	  of	  Surgery	  Project	  @	  JHU	  

Surgeon’s	  console	  

Video	  connec0ons	  at	  the	  vision	  cart	  

Stereo	  video	  cables	  

daVinci	  API/ethernet	  

10	  

Expert	  Surgeon	  -‐	  trial	  4	   Intermediate	  Surgeon	  -‐	  trial	  22	  

•  How	  can	  surgical	  skills	  be	  evaluated	  objec@vely	  ?	  
(Lin	  et	  al.,	  MICCAI	  2006)	  



What	  about	  this	  dataset?	  
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Kumar,	  Hager	  et	  al.	  

Longitudinal	  study	  of	  resident	  surgeons	  in	  several	  US	  hospitals	  over	  4	  training	  tasks	  

➙  large	  data	  variability	  

(speed	  x5)	  
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(raw	  data:	  3	  of	  6	  sequences)	  



Spa@o-‐temporal	  Gesture	  Registra@on	  

(template)	  

• 	  Spa@al	  overlap	  	  
• 	  Non-‐linear	  temporal	  varia@ons	  

• 	  Local	  and	  global	  spa@al	  varia@ons	  
	  

Rigid spatial transformation 

Non-linear temporal transformation 

13	  



Spa@o-‐temporal	  Time	  Warping	  (STW)	  
	  

	  

	  

Combine	  DTW	  with	  ICP	  to	  obtain	  bejer	  point	  correspondences	  (STW)	  

Cwarping(�) =
mX

t=1

kX�x

t

� Y�y

t

k2

Crigid(R, T ) =
pX

l=1

kRU u(l) + T � V v(l)k2

(DTW)	  
	  

(ICP)	  
	  

(STW)	  
	  

Cstw(R, T,�) =
mX

t=1

kRX�x

t

+ T � Y�y

t

k2

Solve	  using	  coordinate	  descent	  

trajectory	   temporal	  warping	  

points	   correspondences	  

rota@ons	   transla@on	  
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(MDTW)	  
	  

Cmulti(Rk, T k, �k) =
KX

k=1

m
kX

t=1

kRkXk
�k,x

t

+ T k � Y�k,y

t

k2

For	  mul@ple	  sequences,	  construct	  a	  template	  Y	  
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[Padoy,	  Hager,	  MICCAI’11]	  



STW	  -‐	  Synthe@c	  Experiments	  
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(CTW)	  
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[Padoy,	  Hager,	  MICCAI’11]	  



Results	  –	  Knot	  Tying	  Task	  
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6	  raw	  trajectories	   6	  registered	  trajectories	   registra@on	  error	  
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Results	  –	  4-‐Throw	  Suturing	  Task	  
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Human-‐Machine	  Collabora@on	  

Collabora@on	  with	  Intui@ve	  Surgical	  (Sunnyvale,	  CA,	  USA)	  



Beyond	  mo@on	  replay	  
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[Superhuman	  Knot	  Tying,	  van	  den	  Berg,	  ICRA’2010]	  



Human	  Machine	  Collabora@on	  
22	  

(patent	  pending)	  Padoy,	  Hager,	  ICRA	  2011	  



Temporal	  Mo@on	  Averaging	  +	  Robot	  Control	  

Methods	  

Ccam

C
world

Ctask

Cinst

[Tin , R
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[T ca
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[T
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ta ]

T1 T2 T3 T4
manual auto manual auto 

completion 
recognition 

execution 
termination 

completion 
recognition 

x	  

y	  

q	  

H-‐HMM	  

t	   t+1	  

23	  

Len	  tool	  trajectory	  

Transport 



Suturing	  Task	  

HMC	  

(a) Pin Task

(b) Suturing Task

Fig. 8. Illustration of the tasks performed with the HMC framework. A complete performance can be seen in the illustrative video.

Pin Task Sut Task
x y z x y z

Manual 55.4 50.4 22.1 17.7 21.4 38.3
HMC 10.6 19.9 23.1 12.1 16.7 23.2

TABLE III
STANDARD DEVIATIONS OF THE MASTER MANIPULATOR POSITIONS (IN

MILLIMETERS), FOR PIN-TASK (RIGHT MASTER MANIPULATOR) AND

SUT-TASK (LEFT MASTER MANIPULATOR). COMPARISON WITH AND

WITHOUT THE USE OF THE HMC SYSTEM.

from demonstration. Fine motions are performed by the
operator, while real-time recognition of their termination trig-
gers the automatic execution of previously learned motions
that do not involve any interaction with the environment.
We have shown, using the da Vinci tele-surgical robot,
that when such motions are large transportation motions,
this form of collaboration improves the usage the master-
manipulators workspace. Moreover, experiments show that
such human-machine collaboration permits seamless and
intuitive switching between manual operation and automatic
execution.

Our approach neither requires a complete description of
the environment nor motion-preprograming: the recognition
system, the executed motion and the ordering of the sub-
tasks are directly inferred from demonstrated sequences in
which the automated parts are labeled. Furthermore, by
displaying the planned 3D trajectory in the field of view
of the operator, he/she can supervise the automated motions.
Since the executed motion is superimposed onto the master-
manipulator movements, he/she can adjust the trajectory
if needed. Finally, the automatic execution can be safely
stopped either by clutching the robot or by asking an assistant
to stop the control.

In the future, we plan to extend our approach to fine

manipulation subtasks, such as needle insertion by taking
advantage of visual information provided by the stereo
endoscope. We will investigate how to incorporate cues from
the environment in the learning framework, like contacts
between tissues and instruments. We would also like to
address longer tasks, in which the succession of the subtasks
may not be sequential but could contain options.

Finally, in addition to learnt task-specific motions, it would
be interesting to enhance the HMC system with the capability
to automate simple generic motion, for instance triggered
by voice command. Generic motions, like the automatic
displacement of the camera to focus on a specific tool, could
also improve the ergonomic usage of a tele-operated robot.
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***Limited circulation. For review only.***

-‐	  Reduced	  master	  manipulators	  mo@ons	  

-‐	  Shorter	  traveled	  distances	  

-‐	  Smaller	  standard	  devia@ons:	  

len	  
right	  
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Results	  



Need	  for	  Physical	  Context	  Tracking	  
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(patent	  pending)	  Padoy,	  Hager,	  BMVC	  2012	  



Learning-‐based	  Par@al	  Automa@on	  
(does	  ergonomy	  majer?)	  

(In	  collabora@on	  with	  Sebas@an	  Bodenstedt,	  KIT)	  



Ring	  transfer	  task	  
27	  

Par@al	  automa@on	  of	  a	  dexterous	  task:	  
	  
•  Control	  posi@on	  of	  the	  instrument	  through	  the	  user	  
•  Control	  orienta@on	  of	  the	  tool	  through	  the	  robot	  
	  
	  



Model	  of	  the	  environment	  
28	  

•  Stereo	  endoscope	  calibra@on	  
–  3D	  reconstruc@on	  error:	  1.58mm	  
–  Rec@fica@on	  error:	  2.43px	  

•  Instrument	  posi@on	  calibra@on	  
–  Correc@on	  with	  reconstructed	  chessboard	  

pajern	  

•  Model	  of	  the	  environment	  	  
	  

preprocessing	  +	  semi-‐global	  block	  matching	   spline	  approxima@on	  



Comparison	  no	  automa@on	  /	  automated	  rota@on	  
29	  



Solu@on	  
•  Use	  Gaussian	  mixture	  regression	  (GMR)	  to	  learn	  ‘ergonomy’	  

from	  expert	  demonstra@on	  on	  a	  reference	  task	  
–  Learn	  condi@onal	  PDF	  P(R|t)	  

•  Map	  current	  task	  to	  reference	  task	  using	  DTW	  

	  
•  Combine	  GMR,	  current	  posi@on	  and	  3D	  spline	  to	  infer	  

automated	  rota@on	  	  

30	  



Video	  
31	  

Bodenstedt,	  Padoy,	  Hager,	  RLIHT	  2012	  



User	  Study	  
32	  

•  10	  par@cipants	  
•  4	  tasks	  per	  user	  (randomized	  order)	  

•  Larger	  speed-‐up	  on	  beginners	  
•  Hybrid	  method	  ranked	  best,	  vision	  method	  ranked	  worst	  

(no learning of ‘ergonomy‘) (visual info + learned ‘ergonomy‘) 

(learned ‘ergonomy‘ mapped to new model) 



Conclusion	  
33	  

External	  sensor	  	  
Acquisi$on	  (+OR1	  +PACS)	  

Percep$on	  +	  
Cogni$on	  

Monitori
ng	  

&	  Train
ing	  

MIX-‐Surg	  

Trajectories	  are	  not	  sufficient	  

Models	  of	  tool/@ssue	  and	  operator/tool	  interac@ons	  needed	  



34	  

Thank	  you	  for	  your	  ajen@on	  !	  
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