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Abstract

In this thesis we describe work towards retinal vessel cannulation using an ac-
tively stabilized handheld robot, guided by monocular vision. Retinal vein cannu-
lation is an incredibly delicate procedure because of the presence of physiological
tremor in a surgeon’s hand which is typically greater than the diameter of the retinal
vessels. Because of this reason, cannulation is not an approved medical procedure,
even though it has the potential to treat several retinal diseases.

Our first contribution is an improved version of EySLAM, an eyeball motion
tracking algorithm, that delivers 30 Hz real-time simultaneous localization and map-
ping of the human retina and vasculature during intraocular surgery. We implement
graph based SLAM using the incremental matrix re-ordering and sparse nonlinear
incremental graph optimization algorithm: ISAM?2. This work also handles loop clo-
sures and demonstrates increased robustness to quick shaky motions and drift due to
uncertainities in the motion estimation. We show considerable improvement over
the earlier version of the algorithm.

Our second contribution is a monocular camera based surface reconstruction
technique using laser beam scanning over the retina. We then use the reconstructed
surface to estimate a coordinate transform between the 2D image plane coordinates
and the the global 3D tracking frame of Micron. We introduce a motion scaling
framework around the transformed targets for greater precision during approach.
Experiments are conducted in a wet eye phantom to show the higher accuracy of
the surface reconstruction as compared to standard stereo reconstruction. Further,
experiments to show the increased surgical accuracy due to motion scaling are also
carried out.

Our third contribution is to develop force control during cannulation with a new
tool that integrates a micro-needle, a 2D force sensor and a laser probe. We then pro-
pose a integrated framework to carry out vessel cannulation with Micron by splitting
the control mode into two stages: a motion scaling mode during approach to the
vessel, and a force control mode after contact.
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Chapter 1

Background

Robot-assisted surgery is being increasingly adopted in a wide range of surgical procedures be-
cause it offers precise manipulation leading to repeatable and safer patient outcomes. Some
of the fields where robots have been introduced are cardiovascular surgery [1-5]], gastrointesti-
nal surgery [6-8], urology [9,|10], gynecology [10-12], neurosurgery [13-15] and orthopedic
surgery [16-18]]. Robot-assist can be especially help in microsurgery, in which an intricate surgi-
cal procedure is performed with miniaturized instruments, typically under a microscope. These
micro-metre scale procedures require very high levels of accuracy. One such class of surgeries
is vitreo-retinal surgery. Vitreo-retinal surgery refers to several procedures to treat ophthalmo-
logic diseases like retinal detachment, vitreos hemorrhage, macular pucker, diabetic retinopathy,
retinal vascular occlusion (RVO), etc [1]. In this work, we propose robot-assisted vessel cannu-
lation.

1.1 Clinical Significance

Retinal vein cannulation refers to the direct delivery of drugs into the veins of the retina. Can-
nulation has the potential to be useful in the treatment of diseases such as retinal vein occlu-
sion (RVO), which occurs when a clot obstructs blood flow in a central (CRVO) or branch
(BRVO) vein of the eye. RVO is the second most common retinal vascular disease after dia-
betic retinopathy and affects an estimated 16.4 million adults worldwide [19]. Though RVO
has no proven effective treatment, a promising experimental procedure called retinal endovas-
cular surgery (REVS) exists. REVS involves cannulating the vein and directly injecting clot-
dissolving plasminogen activator (t-PA) [20,21]. However the problem lies in the fact that the
average luminal diameter of the large human retinal arteries is 120 um and decreases to 8-15 um
in the periphery. It is extremely difficult to manipulate such fine vessels, given the presence of
physiological tremor in the surgeon’s hand and limited dexterity [22].

1.2 Robots in Retinal Surgery

Numerous groups have worked on different classes of robots for vitreo-retinal surgery. In [23], a
telerobotic robot: Robot Assisted Micro Surgery (RAMS), for eye surgery was developed. It was
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a cable-driven robot designed for high dexterity, incorporating a 6 degrees-of-freedom (DOF)
master-slave system. It was limited by the complexitry of the software control and the lack of
mechanical remote center of motion. In [24]] a parallel manipulator capable of imposing a remote
center of motion (RCM) was also developed for intravascular drug delivery and microvascular
pressure measurement.

The most common master-slave robot is the da Vinci surgical system, which allows surgeons
to remotely control a patient-side slave robot through manipulation of wristed instruments that
are anthropomorphically-aligned to the surgical scene [25]. The system originally was designed
for laproscopic surgery. In [26], a surgical micro-manipulator system that can be integrated with
the da Vinci sytem to enable intraocular surgical procedures was developed. It was designed to
address the shortcomings of the da Vinci system for intraocular procedures, namely the limited
maneuverability and positioning of the instruments and the inadvertent tension-stresses applied
to the eye during the procedure. In [27], the intraocular robotic interventional surgical system
(IRISS), was introduced. It is a dedicated microsurgical platform and its feasibility in performing
both anterior and posterior segment intraocular surgery was shown in porcine eyes. Nakano et
al. developed a master-slave parallel robot to obtain high stability in intraocular surgery [28].

The Steady Hand Robot was developed at JHU [29]. The surgical tool was held simulta-
neously by the surgeon’s hand and an actively controlled robot arm. The controller sensed the
forces exerted by the operator on the tool and the tool on the environment and used it to pro-
vide smooth, tremor-free, precise positional control and force scaling. The design was improved
in to eliminate the limitations of the first prototype, in particular the parts of the mechanism
nearest the patient being bulky and ergonomically inconvenient for the surgeon. The new robot:
Eye Robot, had only 5 DOF: 3 translations and 2 rotations. By eliminating two local DOF (tool
insertion and spin), a thin tool holder was made possible and the interaction between the robot
and microscope work space was reduced. The robot was tested by performing cannulation on
a biological model with the chorioallantoic membrane of a chicken embryo. In , the de-
sign was modified to develop the Eye Robot which incorporated both a significantly improved
manipulator and an integrated micro-force sensing tool.

Parallel Six-Bar

Figure 1.1: JHU Steady Hand Eye Robot [31].



1.3 Micron

Micron is an actively stabilized handheld surgical robot that compensates for the surgeon’s phys-
iological hand tremor. The first version of Micron was introduced in [32]. It had a 3-DOF
manipulator based on piezoelectric stack actuators and a 6-DOF inertial sensing module. The
tremor estimation and cancellation algorithm was presented in [33]]. In order to reduce the weight
of the handheld intrument due to the seven piezoelectirc stacks in series, a new prototype was
introduced in [34]], which adopted mechanical amplification. However the new design was me-
chanically complex and incorporated many joints and moving parts. This led to degradation in
performance over time. In [35]], a flexure-based parallel manipulator, actuated by three piezo-
electric stacks was developed.

However it was observed that tremor frequencies way below 10 Hz need to be suppressed for
use in microsurgery, which is lower than what could be accurately detected with inertial sensors.
Therefore in a new design of Micron was proposed. It had substantial changes. The largest
change was replacing inertial sensing and open-loop control with DC-accurate optical sensing
and closed-loop control. For that a custom-built optical tracking system (Apparatus to Sense
Accuracy of Position ASAP) was developed, which could detect motion at frequencies lower than
what could be detected by inertial sensors [37]. It also incorporated piezo-biomorph actuators on
a large base to increase the range of motion.

Figure 1.2: 3-DOF Micron .

The current version of Micron, as introduced in [38], is a 6 DOF system with a Gough-
Stewart platform. The actuators are piezoelectric linear motors. The device has two sets of
infrared LEDs, three of which are mounted on the moving platform and three are fixed to the
handle. The LEDs are optically tracked by ASAP, which uses two position sensitive detectors to
triangulate the position of each LED in space [37]. Figure [I.3] shows the exploded view of the
latest version of Micron.
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Figure 1.3: Exploded view of Micron [39].

1.4 Robot-Aided Retinal Vein Cannulation

In [40] vein cannulation using Micron was attempted. However the system suffered from several
challenges due to which its application in an intact eye was not feasible. For example, the mi-
cropipette tip was painted for tracking which was not robust. However the primary shortcoming
of the system was that it used stereo-vision to reconstruct the retinal surface and to convert the
image space coordinates into the global ASAP coordinates. Stereo-reconstruction does not work
in an intact eye during vitreo-retinal surgery because of the nonlinear optics of the eye. The
optical path includes the cornea, the lens and saline solution introduced during vitrectomy. The
eye is also covered with a contact lens to provide a wide-angle view during operation. All this
leads to considerable optical distortion. The accuracy of stereo-reconstruction depends greatly
on the accuracy of the camera calibration. Most camera calibration methods assume a classical
perspective camera model in a single medium as air, an assumption which does not hold in an
Intact eye.

Other groups have also worked on this problem. In [41], a force-sensing micro-needle was
integrated with Micron and the steady hand eye robot (SHER) in order to carry out retinal vein
cannulation. The force sensor was used to detect puncture. The deviation from the puncture
point was shown to be reduced by 65% in Micron and by 95% in SHER. In [42], vein cannu-
lation in anesthetized pigs was performed using the Preceyes micromanipulator. The Preceyes
micromanipulator is a teleoperated system consisting of a motion controller for hand motion in-
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put by the surgeon, which is coupled with a table mounted instrument manipulator holding the
surgical instrument with a clutch. In [43], a robot that can be controlled in a comanipulated
or a telemanipulated manner was used to carry out retinal vein cannulation in porcine eyes. It
also incorporated a puncture detection algorithm using FBG force sensors attached to the needle.
In [44], a comanipulated robot was used to achieve retinal vein cannulation in an in vivo porcine
retinal vein occlusion model.

1.5 Contribution Of The Thesis

Vision System (30 Hz)

A
A 4
)—U
A
A 4

Micron System (1 kHz)

A 4 6 ;
Image | Coordinate | .
Acquisition | Registration | | ASAP || Manipulator
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SLAM ||| Detection || Detection > iet Goa
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3D Targets
v
3D Surface
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Figure 1.4: Block diagram showing the data flow of the system

This thesis contributes to the development of three sub-systems in the Micron system, which are
highlighted in red in Figure 1.4

The first chapter introduces pose-graphs based EyeSLAM, which delivers simultaneous lo-
calization and mapping (SLAM) of the human retina and vasculature during intraocular surgery.
The work extends our previosu work by a graph-based SLAM formulation using the sparse non-
linear graph optimization algorithm iSAM?2. The second chapter introduces homography matrix
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estimation using monocular vision and application of the previously developed laser surface re-
construction to Micron guided vein cannulation. The final chapter describes our work towards
achieving force control in cannulation.



Chapter 2

Pose-Graphs-Based EyeSLAM

Becker and Riviere [45] introduced EyeSLLAM—a real-time vessel simultaneous localization
and mapping (SLAM) algorithm, which employed the iterative closest point (ICP) algorithm for
registration between a skeletonized version of the occupancy map and the current vessel obser-
vations. EyeSLAM was improved further in [46]] by introducing the following two components:

e A fast correlative scan-matching method proposed by Olson et al. [47], in place of ICP.
¢ More robust vessel detection with better rejection of spurious detections.

However, the latest version of the algorithm employs scan matching for frame-by-frame regis-
tration, which corresponds to visual odometry in mobile robotics. Employing pure odometry for
SLAM leads to significant drift since the uncertainty in the motion model builds up over time.
Therefore there is a need to explore more advanced SLAM algorithms that handle loop closures
to remove drift.

2.1 Problem Definition

The retinal localization and mapping problem can be defined as follows. Given a series of input

video frames I = [Iy, I1,--- , I7|, over a discretized time period ¢ € [0,1,--- , T, we want to
obtain a global map in the form of vasculature points and the corresponding camera viewpoint
locations L = [Lg, L1, -, Lt| of the input video frames in the map. The retina is modeled

as a plane because typical retinal surgeries have high magnification with the field of view being
only a few mm? of a 25 mm diameter eye. The motion model is a 3-DOF planar motion model
parameterized as a 2D translation and a rotation: [t,,,, 0].

2.2 Factor Graph

We represent the SLAM problem as a factor graph optimization. A factor graph is a bipartite
graph F' = (U, V,E), where f; € U are factor nodes and x; € V are variable nodes. Edges
e;; € € always exist between factors and variables [48]. A factor graph defines the factorization
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Figure 2.1: Factor graph representation [48] of EyeSLAM. The unfilled circles correspond to the
variables over which we intend to infer. The incremental motion constraints are shown in black.
The loop closure constraints are shown in red. fy(x1) is a prior factor to fix a coordinate frame.

of a global function f(X) as

= Hfz-(X» 2.1)

Each factor f;(X;) in the graph is proportional to a corresponding factor in the posterior
probability function p(X|Z). Each variable in the graph corresponds to the pose of the retina at
a certain time instant. Solving for the poses involves performing maximum a posteriori (MAP)
inference on the variables, given the information obtained from the uncertain measurements

XMAP — argmax f(X) (2.2)
X

= arg)r{nax H fi(X3) (2.3)

In our factor graph formulation, the factors are of two types:a motion factor between the
current and the previous frame, which are obtained as explained in 2.5} and loop closure factors,
which are obtained as explained in section Each of these factors is of the following form:

1
fi(Xi) o< exp (—§||h,-(Xi) — zill3,) (2.4)

This assumes measurements are corrupted by zero-mean, normally distributed Gaussian noise.
Therefore, performing MAP inference involves solving the following non-linear optimization:

Y MAP _ arg;nm D (X)) = 23, (2.5)

The nodes in our graph contain local maps of the vasculature tree that was observed in the
pose that corresponds to that node. When a new image frame is obtained from the camera,
first its vasculature tree is extracted and the incremental motion relative to the previous frame is
estimated using scan-matching. A new node corresponding to the current frame is then added to
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the factor graph with a motion factor, shown in black in Fig. 2.1} Then loop closure is checked
for. If loop closure is detected, a loop closure factor is also added, which is shown in red. The
graph is incrementally optimized using the iISAM?2 algorithm [49].

2.3 Feature Extraction

In visual odometry there are two categories of methods to construct an optical flow field. In the
first category the frames are directly matched in a dense or semi-dense fashion [S0] [51]. This
eliminates the need for feature extraction and exploits all the information present in the images.
The second category of methods relies on feature detectors/descriptors such as SIFT [52], SURF
[S3[], FAST [54]], Harris [S55]] or other custom-designed detectors. However such detectors fail to
find distinctive points on the textureless retina.

We use the network of blood vessels on the retina as features. They are extracted using the
fast vessel detection algorithm proposed by Can et al. [56]]. It is a highly efficient algorithm,
suitable for real-time high definition videos. Its efficiency comes from direct processing on gray-
level data without any preprocessing, and from processing only a minimally necessary fraction of
pixels in an exploratory manner, avoiding low-level image-wide operations such as thresholding,
edge detection, and morphological processing. To remove spurious detections of vessel-like
structures such as the instrument tip of the light-pipe that is used for illumination, each potential
vessel point undergoes a color test and a bloom proximity test [46]. The color test rejects pixels
that are too dark or insufficiently red, while the bloom proximity test rejects vessel points that are
too close to large white specular blooms in the image. As in [46], EyeSLAM is equipped with
a filter that applies a mask on the dark area circling the visible retina area to mask out fringing
effects caused by the microscope.

Figure 2.2: Vessel extraction in a real eye using the algorithm proposed in [56]. The algorithm
detects the major vessels. The thinner vessels are harder to detect, but once they are detected in
subsequent frames, they will be added to the global map.



2.4 Mapping via Occupancy Grids

Similar to work in [46], a global occupancy map holds the current best estimate of all the ob-
served vasculature. Each pixel in the map stores a score that is proportional to the probability of
it being a vessel pixel. At each time instant, the current observations Z; are transformed to the
map with the localization estimate L; '. For each vein point Z;, a fixed value is added to the map
at the corresponding cell location, thereby increasing the probability of a vessel existing at that
location. The occupancy map has a maximum allowed value in order to keep the scores bounded.
In [46]], a decay function was used to the decrease the probability of all grid cells, allowing ves-
sels which have not been detected for a while to vanish. What this essentially means is that
the part of the built map that is no longer consistent with the current observations, is discarded.
Though this approach generates a smoother map by artificially removing the drift, it does not
solve the underlying cause of the drift, i.e., the accumulated gross error in the localization caused
by the inaccurate motion estimate. Hence even though the map appears smooth, the localization
is still under gross error. The utility of employing EyeSLAM is to accurately track the eyeball
motion so that it can be compensated for during control. A smooth map is preferable but not a
necessity.

2.5 Motion Estimation via Scan Matching

To estimate the eyeball motion, a 3-DOF planar motion model parameterized by a 2D translation
and a rotation is used. In the first formulation of the algorithm, the iterative closest point (ICP)
algorithm was used for registration between a skeletonized version of the occupancy map and
the current vessel observations [45]]. Any rapid motion caused it to fail.

In the second formulation [46]], ICP was replaced with the fast correlative scan-matching
approach. The scan-matching was performed incrementally between the features observed in the
current frame and a global map of features accumulated in the form of an occupancy map. It
used a hierarchial approach in which a first scan on a low resolution version of the map quickly
finds an approximate solution and avoids local minima. This approximate solution is then used to
initialize a search on the high resolution map. To ensure speed of execution, at most 500 random
vessel points are used for scan matching. A constant-velocity Kalman filter was used to smooth
the localization estimation.

In this work we use a graph-based formulation to allow correction of the map upon loop
closure, requiring a different strategy for scan matching. Matching against the global map results
in corruption of the map caused by drift: When revisiting a previously observed part of the
map, drift in the state estimate results in a duplication of structure in the map. In a graph-based
solution, instead of matching against the previous map, one matches to the previous frame only,
generating pair-wise constraints between pose estimates. Upon revisiting previously observed
parts of the scene, one additionally matches against older, nearby frames to generate again pair-
wise constraints. But this time they serve as loop closures between the current frame and an older
part of the trajectory. The graph optimization then corrects the trajectory, and one can re-render a
corrected global map—though that is only needed for visualization, not for the SLAM algorithm
itself.
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However in practice, this approach needs to be refined because noise in the vessel detec-
tion causes failure in scan matching. The features that were observed in one frame may not be
observed in the immediately following frame. Therefore we propose a hybrid approach which
estimates motion factors by performing registration between the current frame and a locally
accumulated map; without significantly invalidating the independence assumption that a factor
between two nodes should express the relationship between just the two nodes. We do this by
using a decay function that reduces the probabilities that were added to the occupancy map every
N frame by a scale v, where v € (0,1). A value of v = 0 is the same as matching consecutive
frames. A value of v = 1 is the same as matching the current frame with a globally accumulated
map as was done in [46]]. The lower the value of v and the higher the value of N, the more accu-
rate is the model, but less robust is the motion estimation. This is because the probabilities that
were added to the occupancy map due to previously observed frames decay by a larger fraction
and more frequently. In our implementation v was chosen to be 0.9 and /N was chosen as 10,
based on preliminary experimentation.

2.6 Loop Closure Detection

If the pose estimate from incremental scan-matching is in gross error, while the camera is observ-
ing an already mapped region of the retina, the likelihood of the measurements being explained
by the pose and map estimate is vanishingly small. This leads to previously visited areas getting
re-mapped in the wrong global location and the error accumulates without bound [57]. Therefore
loop closure factors are added to the graph when the camera re-observes a previously observed
scene. In order to estimate loop closure, the local map of the current node needs to be compared
to the local maps of every node that has been previously added to the group. Therefore the num-
ber of times we need to run the expensive scan-matching increases linearly with the graph size.
This is too costly given the real time requirements of our application. In order to save compu-
tation time, a better approach is to compare the current node with the nodes that are inside its
uncertainty ellipse. However this may still be very computationally expensive, especially if all
frames are being processed, in which case there will be multiple nodes within the uncertainty
ellipse. Therefore we always match with a fixed number of previously visited nodes, depending
upon how many threads can run in parallel in the given machine. In order to ensure that the nodes
that were recently visited are not matched with the current node, and loop constraints are added
to the graph, we enforce a minimum time difference between the current frame and the frame
that is matched with it for a loop constraint.
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2.7 Evaluation

2.7.1 Qualitative Evaluation

We evaluated the new version of EyeSLAM on several videos of real human eye surgeries. The
maps developed on 14 of these videos are shown in Fig.[2.6] These videos are of different surgical
procedures including retinal membrane peeling and laser photocoagulation. They have been shot
under different surgical conditions such as lighting, resolution, and tool occlusion. There is
no ground truth available for real surgery videos, hence a qualitative evaluation was made. In
these experiments we made sure that we process all frames offline so that we can compare the
performance with the previous formulation of EyeSLAM. Hence the code was not optimized to
run in real-time. Real-time performance can easily be achieved by running the algorithm on a
faster processor with more cores.

Figure 2.6: EyeSLAM was run on several video sequences of eye surgery. The videos correspond
to different surgical procedures, under different lighting conditions. It can be seen that EyeSLAM
manages to map most of the vasculature. It also handles tool occlusions very well.

Fig. [2.3(a)] and 2.3(b)| show the older EyeSLAM and the current version working on video
sequence A. The colored image on the left is the map superimposed on the image frame, the
image on the right is the global occupancy map. The brighter the pixel, the more likely it is for a
vessel to exist at that point. The drift due to the inaccurate motion estimation is clearly visible in
Fig. The current EyeSLAM takes into account loop closure and therefore eliminates the
drift, as expected, and as can be seen in Fig.[2.3(b)] Fig. [2.4]shows the trajectory of the center of
the camera’s frame with respect to the global map for video sequence A. The camera executes a
loop and returns close to the starting position. The loop is detected and the drift in the motion is
corrected which can be seen in Fig. [2.3(b)l Fig.[2.5(a)and 2.5(b)| compare the older EyeSLAM
and the current version working on a real surgery video. The map in fig.[2.5(b)]is sharper because
of less drift as compared to the map in fig.
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(b) New EyeSLAM

Figure 2.3: Comparison of SLAM maps generated from old and new EyeSLAM on video se-
quence A. The images on the right show the global map. The images on the left show the map
superimposed on the current frame. The drift is apparent in old EyeSLAM which leads to dupli-
cated structures, which has been corrected in the new EyeSLAM.

Figure 2.4: Camera trajectory (green) superimposed on the globally corrected map for video
sequence A. The yellow frame shows the footprint of the last image, which completed a loop in
the camera trajectory.
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(b) New EyeSLAM

Figure 2.5: Comparison of SLAM maps generated from old and new EyeSLAM on a real eye
surgery.

2.7.2 Accuracy on Phantom
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Figure 2.7: Camera trajectory for ground truth, old EyeSLAM and factor graphs based Eye-

SLAM.
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In order to better test our hypothesis that the pose-graphs based EyeSLAM performs better, we
carried out quantitative evaluation on an eye phantom. This was not possible to do on real surgery
videos because no ground truth is available or can be generated for them. We ran the evaluation
on phantom video sequence B. The eye phantom consisted of a printed retina, similar to that
used in [46]. Ground truth was generated by tracking colored fiducials printed on the retina
phantom. Fig. compares the camera trajectory for the old EyeSLAM and the factor graphs
based EyeSLAM with the ground truth trajectory.

(b) New EyeSLAM

Figure 2.8: Comparison of SLAM maps generated from old and new EyeSLAM on video se-
quence B.

Fig. compares the SLAM maps, where drift is apparent for the old EyeSLAM, while our
implementation of factor graphs based EyeSLLAM estimates camera motion much more accu-
rately. The average error in translation was 19.6 pixels for the old EyeSLLAM and 6.5 pixels for
the factor graphs based EyeSLAM. From Fig. it can be seen that the drift is apparent for
the old EyeSLAM, while our implementation of pose graphs based EyeSLLAM estimates camera
motion much more accurately. Fig.[2.9|compares the translation in X and Y, and rotation for the
two cases with the ground truth.
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Figure 2.9: Comparing translation and orientation for ground truth, old EyeSLAM and factor
graphs based EyeSLAM.
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2.8 Discussion

In this work we introduced a factor graph-based formulation of retinal SLAM. The graph-based
formulation can incorporate loop closures and therefore eliminate the drift that is introduced by
noise in the frame-by-frame scan matching. We evaluated our new algorithm on several real eye
surgery videos under different lighting conditions and in the presence of tool occlusion. We also
evaluated our formulation of EyeSLAM on eye-phantom videos and compared the generated
map with that generated from the previous formulation of EyeSLAM. The factor-graph-based
EyeSLAM generated a more consistent map. We also showed reduction in average pixel error in
the 2D camera motion estimation.

Future improvements should include optimization to allow the algorithm to run in real-time
on high-definition videos. Furthermore, implementing 3D SLAM using stereo-vision while han-
dling distortion could be beneficial.
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Chapter 3

Retinal Surface Reconstruction

In [39]], a new method for retinal surface reconstruction using monocular vision was introduced.
It relied on circular scanning of the retinal surface using a surgical laser attached to Micron and
geometric analysis of the projected elliptical beam pattern. The method was tested in various
conditions and its feasibility was established in a realistic eye model which incorporated optical
distortion by lenses. The reconstruction was then used to carry out laser photocoagulation with
Micron. The 3-DOF motion of the tool tip was decoupled into the 2-DOF planar motion parallel
to the retinal surface and the 1-DOF motion along the axis of the tool. The decoupled 2-DOF
motion was then controlled via image-based servoing, to place the laser beam onto a target posi-
tion using a monocular camera. The 1-DOF axial motion was controlled to maintain a constant
standoff distance from the estimated surface. However, visual servoing is challenging in can-
nulation. Instead of tracking a laser spot, a needle tip needs to be tracked, which is unreliable
in a real eye. There have been some tool-tracking algorithms developed [58-H60]. However, the
cannulation needle is very thin and accurate detection of the tool tip is hard. In this paper, we
apply the new surface reconstruction technique to develop a vessel cannulation technique that
can be used in an intact eye.

3.1 Tool and Eye Phantom

In order to use the surface reconstruction using laser as described in it was essential to have
a tool that has both the laser probe and the cannulation needle. The eye phantom consists of a
network of blood vessels printed on a paper with water on top, to serve as saline that replaces the
vitreous humor during vitrectomy. The tool and the phantom are shown in Figure [3.1]
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Figure 3.1: Tool and eye phantom used.

3.2 Tool Tip Calibration

The surface reconstruction described in [39] is very sensitive to the tool tip offset, which is the
offset of the tool tip from the origin of Micron’s coordinate system. In order to calibrate the tool
tip offset, we use an approach developed in [61]. An optimizer is used to minimize the error
between the projected and detected tip positions in both the cameras, while scanning the tool
over the surface. The projected tip positions are obtained by multiplying the camera projection
matrices with the 3D ASAP coordinates of the tool tip. The camera projection matrices are
simultaneously calibrated during the optimization. The tip offset is modeled in terms of angular
variations ¢, and ¢,,, and the length of the tool [y, from the origin of Micron’s coordinate system.
The optimization minimized the following objective function:

n
. . L . . )
min Z[(pﬁ:’rojL - pzDetL) + (p}DrojR - plDetR) ] (31)
i=1
where pégmj . and pﬁ;mj r are the projected tip positions for the left and right cameras and
P’ and p_, 5 are the detected tip positions in the left and right cameras.

3.3 Surface Reconstruction

Since the control of Micron happens in the global coordinates of ASAP, there is a need to model
the retina in the ASAP coordinates. Due to the unreliability of stereo reconstruction in an intact
eye [62], Yang et al. [39] developed a monocular surface reconstruction method, which uses
a surgical laser scanning its aiming beam over the retinal surface. The region of interest of the
retina is approximated as a plane. A circular scan is carried out by Micron over the retina, around
a pivot point. The pivot point is the RCM (remote center of motion). The RCM in vitreoretinal
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surgery is the point of insertion of the tool into the eyeball. The circular pattern projects an ellipse
on the plane to be estimated. The beam locations on the image plane are detected using a beam
detection algorithm, which uses a sequence of image processing techniques like thresholding,
morphological operations and contour detection. An ellipse is fitted through these beam points
after outliers have been removed using RANSAC. The plane to be estimated can be described by
tilt of the plane initially perpendicular to the axis of the cone. From Figure Opiane and dpjgne
are estimated by and (3.5). In the following equations, m, and m; are the major and minor
axis lengths respectively of the fitted ellipse and v¢one 1s the vector along the axis of the cone.
Scam 18 the image scale in pm/pixel.

1
-

0,1ane = T arcsin , | —————— (3.2)
pl 1 + tan? ]é(:one
m
y=— (3.3)
mg
h
tan O.one = ROM (3.4)
TCOTLG
Dotone = 08 Oprane (tan? O one — tan? Opane) —— 35)
tan feone
Pplane = PRCM - dplane'vcone (36)
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Nplane

Figure 3.2: Geometric analysis and parameters of ellipse formed on the plane from the circular

laser scan [[32]]

The angle 0,,,,. does not uniquely describe the tilted plane, since any arbitrary vector orthog-
onal to the axis of the cone can be taken as the axis of rotation. Thus, rotating the true normal
about the axis of the cone by any arbitrary angle leads to an ellipse of the same dimensions. Here,
by true normal we mean the normal of the surface we are trying to estimate.

An initial normal vector, as explained in [39]], can be set by rotating the axis of the cone v,
about the y-axis of the cone coordinates by 6.

Ninit = R('Uya eplane)'vz (37)

The true surface normal can be considered as a rotation of an initial normal vector n;,,;; about the
axis of the cone v, by an angle 6. In order to determine 6., an optimizer is used to match the
relative orientation of the 2D beam positions in the image with the 3D beam positions obtained
by finding the intersection of the ray from the RCM to tip position of Micron with the estimated
plane.

Given k points on the trajectory, the objective function in (3.8)) was defined as in [39).

k
F= min > (e — 0ho)" (3.8)

006 [—7!',—1—71’] i—1

where the phase angles of the ¢th data point with respect to the major axis of the ellipse obtained
from the beam trajectory on the image and the one obtained from the projected points on the
estimated plane are 6! and 0 . respectively. Once we have the 6, that minimizes the given

i
beam proj
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objective function, we can find the true normal by (3.9).
Nplane = R('Uz, ec)ninit (39)

The plane point P4, given by and the plane normal given by (3.9) completely define
the reconstructed retinal plane.

3.4 Homography Matrix Estimation

In order to convert a cannulation target in the image space to the ASAP coordinate plane, we uti-
lize the planar assumption of the region of interest. We then find a homography matrix between
the retina and the image plane. This is done by obtaining a Direct Linear Transform (DLT) [|63]]
between the detected 2D beam positions in the image and the corresponding expected 3D beam
positions in the ASAP frame, obtained by finding the intersection of the ray from the RCM to the
tip with the estimated plane from the cone beam reconstruction. These are the same correspon-
dences that were used in the surface reconstruction. Since the distance between the microscope
and the retina is large compared to the dimensions of the region of interest, the angle of incidence
for all points on the region of interest is approximately the same. Therefore, a linear relationship
exists between the two coordinate systems as long as the optics of the medium remain constant.
If the surface is reconstructed just before the cannulation operation, this approximation can be
made.

Therefore,
XAS'AP Leamera
=H 3.10
|: YASAP :| |:ycamera:| ( )
Zasap = (—aXagap —bYasap —1)/c (3.11)

where [Xasap, Yasap, Zasap] is the 3D world coordinate, [Zcumeras Yeamera) 18 the 2D image
space pixel coordinate, [a, b, ¢| are the geometric plane parameters and H is the homography
matrix.

3.5 Surface Tracking with EyeSLAM

During vitreoretinal surgery, the surgeon manipulates the eye with a surgical tool to explore the
region of interest. The patient may also move the eye. Because of this voluntary and involuntary
motion of the eyeball, there is movement in the microscopic view of the retina. Therefore, any
goal position defined in the image coordinates needs to be updated to account for this move-
ment. For this purpose, Becker et. al developed EyeSLAM - a real time vessel mapping and
localization algorithm [45] [46]]. We use EyeSLAM to track the 2D motion described by 3 de-
grees of freedom ([t,, t,, 0]) of the retinal plane and update the image-space goal position with a
rigid transformation. This updated goal position is then mapped to ASAP coordinates using the
homography matrix. Figure shows EyeSLAM working in a wet eye phantom. EyeSLAM al-
ways runs in the background to track eyeball motion. The cone beam surface reconstruction and
the homography matrix calculation is done once, after which motion scaling is engaged around
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the target point in the ASAP coordinates obtained by converting the image space target with the
computed homography matrix.

Figure 3.3: Vessel tracking with EyeSLAM in a wet eye phantom. The green dots correspond to
the current location of vessels.

3.6 Motion Scaling

Once the goal position for cannulation has been established in the ASAP coordinates, we define
a hemispherical region around it. When the tool tip is outside this region, Micron operates in
the normal tremor-cancellation mode which employs a low-pass filter that serves to attenuate
high-frequency motions due to hand tremor [64]. Inside this region, motion scaling is engaged.

Pr = Pg + \N(FL(Pn) — Pr) (3.12)

In , Pr is the scaled goal position being sent to Micron’s position controller, Fi,( Pp)
is the tremor-compensated null position, Pg is a reference point and A is the scale factor. Two
choices for the reference point are logical. One possible choice is the point of entry of the tool
tip into the region. In this case, there is a smooth transition from tremor cancellation mode to
motion scaling mode. However, while exiting the region, if the point of exit is not the same as
the point of entry, there is a jerk during the transition. A more obvious choice is to choose the
intended cannulation goal position as Pr. However, in case of a constant scaling factor, there is a
jerk during transition while both entering and exiting the motion scaling region. This is because
there is a sudden transition from the scaled goal position to the null position of the manipulator,
which is the default goal position in the absence of motion scaling.

In [65]], in order to carry out a graceful transition between motion scaling and tremor com-
pensation, the scale was decreased exponentially over time, which also provided robustness to
intermittently noisy distance measurements due to unreliable tip tracking. However, since all our
control happens in the much more reliable ASAP frame, and distances are measured in the global
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ASAP coordinates instead of the image coordinates, we simply change the scale factor linearly
as a function of distance from the target, as given by (3.13).

A(r) = —==r + X (3.13)

R is the distance at which motion scaling is engaged and 7 is the current distance from the
target. A scale factor of O corresponds to a hard virtual fixture and a scale factor of 1 corresponds
to normal tremor compensation and no motion scaling. A\ corresponds to the maximum motion
scaling at r = 0.

3.7 Results

3.7.1 Accuracy of Coordinate Transform

In order to measure the accuracy of the surface reconstruction and the image space to ASAP co-
ordinate transform with the homography matrix, a grid of targets was defined on the retinal plane
in the image space. The Micron tip was then commanded to servo to each of these targets, while
maintaining a clearance of 500 pm in the cone beam case and 1500 pm in the stereo case. It was
observed that without a large enough clearance, the needle tip would hit the surface of the retina
phantom, due to the extremely inaccurate stereo reconstruction. The cone beam reconstruction
is much more accurate, therefore a smaller clearance was sufficient for the experiments. A tip-
detection algorithm was used to detect the final tip position in the image. Since there was no
ground truth available for the position of the tool tip with respect to the surface along the surface
normal dimension, the error was defined in terms of 2D pixel distance between the detected tip
position and the target point. Figure [3.4] shows the target points and the detected tip positions
for the cone beam reconstruction and stereo reconstruction respectively in a dry eye phantom.
Figure shows the plot of pixel error with the corresponding target. Figures and show
the same for a wet eye phantom.
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Figure 3.4: Map of target points for cannulation and the corresponding tool tip location in image
coordinates for cone beam reconstruction and stereo reconstruction, in a dry eye phantom.
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Figure 3.5: Map of target points for cannulation and the corresponding tool tip location in image
coordinates for cone beam reconstruction and stereo reconstruction, in a wet eye phantom.
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Figure 3.6: 2D Pixel error between target point and detected tip position for cone beam recon-
struction and stereo reconstruction, in a dry eye phantom.
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Figure 3.7: 2D Pixel error between target point and detected tip position for cone beam recon-
struction and stereo reconstruction, in a wet eye phantom.

The accuracy of the surface reconstruction was compared to a standard stereo algorithm
which was impelemented as follows. The projection matrices for the cameras were calibrated
as in [63]. The laser probe was swept over the retinal surface while detecting the 2D tip po-
sitions p’. € R?* Ve € {L, R} in the left and right images, which were matched with the cor-
responding 3D ASAP tip positions P)¢,p € R?. Thus we obtain camera projection matrices

27



M, € R3*4 Ve € {L, R} using DLT, which are then used for triangulating a goal position in 3D.

Diip = Mc

ASAP
Ijtip

Table 3.1: Average pixel error.

Stereo Cone

beam
Air 38.9 px 24.1 px
Water 135.2 px 16.3 px

Table 3.2: Standard deviation of pixel error.

Stereo Cone

beam

Air 2.8 px 2.6 px
Water 3.9 px 1.7 px

(3.14)

Table shows the average pixel error between the target and the detected tool tip. It was
observed that the average pixel error between the target and the detected tip positions was similar
in a dry eye phantom for the two cases. However, in a wet eye phantom, the pixel error in the
cone beam reconstruction case was about 12% of the error in the stereo reconstruction case.

3.7.2 Motion Scaling

In order to demonstrate the automatic activation of motion scaling close to the target, the ap-
proach of the vessel during cannulation was simulated in the wet eye phantom. The cannulation
needle was attached to the end of the laser probe, and the tool tip calibration as explained in [3.2]
was re-run to account for the needle length. The motion was scaled about the target point and
the scale was linearly decreased from \qg = 1 to Ay = 0.3 as the distance between the target and
the needle tip decreased from R =4 mm to 0 mm. Figures and show the X.Y and
Z positions of the tool tip in the ASAP coordinates for three conditions: no tremor cancellation,

normal tremor cancellation and motion scaling with tremor cancellation.
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Figure 3.8: X position of the needle tip with time while holding steady at the cannulation target
in the wet eye phantom, in ASAP coordinates.
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Figure 3.9: Y position of the needle tip with time while holding steady at the cannulation target
in the wet eye phantom, in ASAP coordinates.
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Figure 3.10: Z position of the needle tip with time while holding steady at the cannulation target
in the wet eye phantom, in ASAP coordinates.

Table 3.3: Mean error and standard deviation of errors in ASAP coordinates.

Hnet [mm] Onet [mm] Oz [mm] Uy [mm] P [mm]
Cancell- 1.68 0.176 0.153 0.097 0.165
ation off
Cancell- 1.62 0.086 0.082 0.074 0.085
ation on
Motion 1.03 0.031 0.034 0.030 0.033
scaling

Table[3.3shows the mean and standard deviation of 3D errors measured in ASAP coordinates.
Error standard deviation is the most meaningful metric here. Mean error or bias is primarily a
function of the operator’s visual perception, and is not affected by the technique presented here,
except to the extent that cancellation of higher frequency error may assist the operator to correctly
perceive mean positions. With motion scaling engaged, the standard deviation in error was about
36% of the standard deviation with pure cancellation and 18% of the error with no cancellation.
The duration for the experiments was chosen based on our prior experience of using Micron in
simulated surgery settings [64] and has no influence on the proposed method.

3.8 Discussion

In this work, image guided retinal vessel cannulation was proposed. Challenges faced in our
previous attempts at cannulation were successfully solved using monocular vision based surface
reconstruction and subsequent coordinate mapping. The error in the coordinate mapping was
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about 12% of the error from a standard stereo-based triangulation approach, in a realistic wet
eye phantom. The automated motion-scaling methodology that relies on this coordinate map-
ping led to increased precision as indicated by the 64% reduction in the standard deviation of
error, compared to pure tremor cancellation. As can be seen in Figures 9-11, the high-frequency
oscillations due to hand tremor are clearly large when tremor compensation is turned off. It
can also be seen that the low-frequency oscillations are much lesser in amplitude when motion
scaling is active as compared to filter-based tremor compensation. This is expected since any
high-frequency deviation which passes through the low-pass shelving filter is scaled down. Im-
portantly, as evident from Figure 11, the error in the Z axis, which was roughly perpendicular to
the plane, was less in the motion-scaling case, showing that it was easier to keep the cannulation
needle closer to the target without hitting the retinal plane when motion scaling was engaged.
Retinal vessels are around 100 um in diameter. As reported in Table III., the standard deviation
in error in our approach is less than 100 um. In contrast, in the unaided case, the error standard
deviation is over 100 um. This indicates the advantage of using the methods developed here for
retinal vessel cannulation.
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Chapter 4

Force Control

In this chapter we describe our work towards force control during Micron-aided retinal vein
cannulation. Unlike similar applications involving needle insertion in vessels, such as sampling
of blood from the vessels of the forearm, the required forces for cannulating retinal vessels are
almost imperceptible. The chorioallantoic membrane (CAM) of the chicken embryo is a valid
model in vivo for the human retina [[66] and has been used in retinal vein cannulation studies.
Such studies have confirmed that most forces are below the human perception threshold [67]].
Therefore, there is a need to enforce force constraints during cannulation so that damage to the
retinal tissue can be avoided.

4.1 Integrated Cannulation Tool

In Chapter [3) we presented a laser scan based surface reconstruction technique that can be used
to transform targets defined in the image coordinates to ASAP coordinates, in order to achieve
motion scaling close to the target. In order to facilitate force control along with laser-based re-
construction through one tool, an integrated cannulation tool was developed by our collaborators
at JHU. The tool is similar to the one developed by Gonenc et. al [[68]]. It consists of 3 fiber
Bragg grating (FBG) sensors fixed symmetrically around the tool shaft. It can measure the trans-
verse forces on the tip in 2D. It also incorporates a surgical laser probe and a micro-needle. The
micro-needle has a beveled tip and is pre-bent relative to the tool axis, enabling a gradual and
a safer approach to the retina surface. An outer tube carries the FBGs and and covers the laser
probe and the micro-needle. The outer tube is retractable, and is actuated by a linear micro-motor
(Squiggle-RV-1.8, , Victor, NY).
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Figure 4.1: Design of the integrated cannulation tool.

Figure 4.2: Micron with the integrated tool.
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4.2 Hybrid Position and Force Control

Force control during retinal membrane peeling with Micron was developed in [69]. The system is
based on the classic hybrid position/force control framework proposed by Craig and Raibert [[70].
Here we adapt the concept for force control during retinal vessel cannulation. This work is
ongoing, and no quantitative evaluation of force controlled has not been done yet.

Figure 4.3: Coordinate system of the force tool.

The forces are only measured along the two transverse directions to the tool X and Y, shown
in Figure[d.3] The force along the tool is set to 0. The measured force is then converted from the
tool coordinates to the ASAP coordinates. Note that the third component of force is O in the tool
coordinates but not in the ASAP coordinates. A low-pass filter is then used to reduce noise in the
force measurements.

There is a soft (o) and a hard (/) threshold specified for the force control along all three
directions. No force control is active for forces below «. The force filter filters the force error
es = F' — a according to equation 4.1} along all three directions independently.

0, F<a
Efe = 6f%, a<F<p 4.1)
ey F > ﬂ

The filtered force is then sent to a PID force corrector. It has gains K, = 1.4, K; = 0.15 and
K; = 1.4, with a gain of 0.005 on an exponential decay term for the integral gain K;. The force
corrector block outputs a position offset which is then added to the position goal of the position
loop.

35



Hand motion:

X=P G + DH
| Manipulator
P
____________________________________________________ :
* + .. X
P; ¥ Position L G(s)
\ controller !
Tremor filter |
1
L - )
Position servo loop I Manipulator  p
| position
1
a Force Force !
filter corrector !
1
|
| Manipulator f
M
Low-pass Coordinate | o
filter transform |
Force control Signal {———> Physical v
Domain compliance

Figure 4.4: Block diagram of the hybrid position/force control loop implemented on Micron [[69].

36



Chapter 5

Summary

In this thesis we presented a framework for Micron-aided retinal vessel cannulation. In this
chapter we summarize our main contributions and give directions for future research.

5.1 Pose-graphs Based Retinal SLAM

Our first contribution is an algorithm to estimate eyeball motion by simultaneous localization
and mapping of the retina. We developed a factor graph formulation of the retinal SLAM prob-
lem. We described our approach to generate pair-wise constraints between frames which lead
to incremental motion factors and loop-closure constraints. The graph was then optimized using
the iISAM?2 algorithm. We presented our qualitative results on real eye surgery videos. We also
showed quantitative improvement over our previous EyeSLAM algorithm, on video sequences
of an eye phantom.

5.2 Surface Re-construction and Homography Matrix Esti-
mation

Our second contribution is a homography matrix estimation, which converts targets defined in
the image coordinates into the global ASAP coordinates. We described our monocular camera
based surface reconstruction using laser scanning and the homography matrix estimation. We
presented a motion scaling framework around the target and transition from and to normal tremor
cancellation mode. We evaluated the accuracy of the surface reconstruction and compared it to
a standard stero-camera-based surface reconstruction, showing considerable improvement. We
also demonstrated the ease of using Micron with our motion scaling framework over normal
tremor cancellation.
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5.3 Force Control

Our third contribution is a force control framework using a tool that integrates a cannulation
micro-needle, force sensors and a laser probe. We described our approach to achieving hybrid
position/force control.

5.4 Future Work

Future improvements in EyeSLAM should include optimization to allow the algorithm to run in
real-time on high-definition videos. Furthermore, implementing 3D SLAM using stereo-vision,
while handling distortion could be beneficial.

The monocular camera based surface reconstruction can be improved by developing real-
time continuous surface re-estimation to account for eyeball movement once the surface has
been reconstructed. Furthermore, it would be useful if arbitrary beam patterns created by manual
scanning could also allow estimation of the surface.

The hybrid force/position control should be validated with experiments in eye phantoms and
animal retinal tissue ex vivo and in vivo. Force sensing and vision can be fused to develop
sophisticated force fixtures. For example, depending upon the location of the needle, the soft
and hard thresholds for force control can be adjusted. The force information should also be used
for puncture detection which should trigger automatic control mode transitions and force fiber
rebiasing.

Finally, all these subsystems need to be seamlessly integrated to achieve retinal vessel can-
nulation. Experiments should be carried out in live animals in order to validate the advantages
of using Micron for retinal vessel cannulation.
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