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Introduction

aylor

Results and Comparison

» >200,000 functional endoscopic (sinus) surgeries per year. + Testing data: a sample video sequence collected on
* Needs to visualize critical structures. Dec. 12, 2012 at Johns Hopkins Hospital.
 Structures must not be disturbed during surgery.

» Structures can be smaller than a millimeter. b 4

« A gqualitative sense of location in need. '

This work mainly prototypes the image matching and motion

estimation, which are essential to the reconstruction pipeline.

Figure 5. Examples of HMA matching results.
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Figure 6. RANSAC detected outlier number vs. ‘matched’ feature number

* From Rme(,in-R‘1 , rotation angles ¢, ff,7 can be extracted.
Each angle’s standard deviation is expected to be
generally consistent with the feature number.

Algorithm Evaluation by Cross VYalidation
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Figure 2. Results of SIFT features with SIFT matching [2]. Shown for adjacent frames. z . = -
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Perform image rectification considering radial distortion, Figure 7. Rotation angle’s standard deviation vs. feature number.
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Figure 8. Projection error of the hold-out query point with HMA matching.

Future Work

Compose a Rcqn from mean(quaternion).
for trial = 1...MatchFeaNum
Ropean * R™1 is approximately a skew-symmetric matrix skew(c, 3,7).
where «, 3,7 are the rotation angle (scalar) in X, Y, Z axis, respectively.

end for
Compute the covariance matrix of a sequence of vector < a, 3,7 >.  To test the reconstruction pipeline'S performance
end I;Srlf with HMA feature matching.
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