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Registration and Video Analysis

In this work, we address two tasks:
clustering of poor-quality frames and
different scenes in endoscopic videos.
For each task, our method creates a
manifold representation using an ap-
propriate inter-frame similarity mea-
sure and then performs a clustering
on the created endoscopic video man-
ifolds (EVMs). The introduced EVMs
enable the clustering of poor-quality
frames and grouping of different seg-
ments of the endoscopic video in an
unsupervised manner. Furthermore,
we present two novel inter-frame sim-
ilarity measures for manifold learning
to create structured manifolds from
complex endoscopic videos.

e An endoscopic video Z can be

represented by the set of its n in-
dividual frames {Z;,Z5,--- ,Z,}.

e Fach frame is a data point in the
high dimensional input space
Ty, 2o, - I, € RY*" where w
and h are the width and height
of the frames, respectively. Thus,
the number of degrees of free-
dom (DoF) is equal to w x h.

e Due to the continuity of the
video sequence the actual DoF
is much smaller. 5o, the high
dimensional data points actually
lie on a lower dimensional man-
ifold 71,Z5,--- ,Z,, € M, where

M is a manifold embedded in
wah.

We propose to represent the endo-
scopic video by this embedded low di-
mensional manifold and perform the
two tasks of clustering poor-quality

frames and endoscopic scenes on the
introduced EVMs.

Defining the similarities: For each
pair (Z;, Z;), of the given n data points
i,g € {1,---,n}, first a similarity
measure is defined W : 7 x 7 — R.
Computing the adjacency graph:
Given the similarity matrix W, first, k-
nearest neighbours of each data point
are computed. Then, the adjacency
graph is created as:

1 ifi e NF
0 otherwise,

A(4,7) = (1)

where N} states the k-nearest neigh-
bours of the j-th data point.

Learning the manifold: The intrinsic
low dimensional sstructure is learned
using the Laplacian Eigenmaps (LE)
method [1].

Clustering on the manifold: Finally,
the clustering is using the K-means al-
gorithm [2].

Clustering Poor-Quality Frames:
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Figure 1: a) Recall and b) precision values
for clustering uninformative frames.

Clusterin Endoscopic Scenes:
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Figure 2: Intra-cluster distances for clus-
tering endoscopic scenes. a) Wncc and b)

WDorr.

1. Clustering Poor-Quality Frames:
For this task, EVM is created using the
following similarity measure:

acos (((Fi, F;))
|\ Fall - 1A
(2)
where F,; states the rotation invariant

energy histogram computed from the
power spectrum of frame Z;.

Wen(Z;, Z;) =1

2. Clustering Endoscopic Scenes:
For this task we propose two different
similarity measures:

Y
Wporr(Zi, Z;) = 1 max(97)’
Wl = ) IVei(z,y)l,

rz=1y=1

where @’ (z,y) states the optical flow
from frame 7Z; to frame Z,; and,

Wnee(Zi, Z;) = NCC(Z;,Z;) (4)
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Figure 3: Clustering of (a) poor-quality
frames using Wgy and (b-c) endoscopic
scenes using Wporr and Wicc, respec-
tively.
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