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Abstract

An iterative classification method developed for 2D
CT head data classification problem and using both sta-
tistical and spatial information is introduced in this pa-
per. The method reduces the chance of misclassifica-
tion, preserving the contiguity of tissue classes. This
method is minimally supervised so that it enforces a re-
lation between tissues and classes. In later iterations
high-confidence points are used to help classify nearby
ambiguous points, based on the assumption that points
in close proximity and of comparable intensities are
probably representing the same tissue class.

1. Introduction

The classification of CT head data has many useful
applications in the planning and simulation of ENT and
neuro-surgical interventions. Our objective is a method
that yields a clinically useful tissue map, in which air,
soft tissues, bone of both high and low density, as well
as possible surgical landmarks are distinguished. For
a method to be successful, it must overcome the ambi-
guities caused by image noise, partial volume effects,
as well as overlap in intensities between different tis-
sue classes. Moreover, any assumption used to allevi-
ate these ambiguities must hold for typical patient data.
One such assumption is that tissue is in general contigu-
ous. A single-pass classification method based on solely
statistical information will in general not produce con-
tiguous tissues. In contrast, an iterative classification
can benefit from blobs of high-confidence points that in-
fluence neighboring ambiguous points that are in close
proximity and of comparable intensity.

In this paper, an iterative classification method,
adapted from Bayesian Level Sets [6] and incorporating
both statistical and spatial information, is introduced.
One difficulty of such a method is a suitable choice of
high-confidence points in the first iteration. Our solu-
tion is a minimally supervised method using a small
number of training points together with a large num-
ber of unlabeled points. The method aims to reduce the
chance of misclassification, preserve the contiguity of
tissue classes, and retain small and narrow structures.

Thereafter, distances between high-confidence
points and ambiguous points are computed and the 1D
problem is cast as an iterative classification in N+1-
dimensional feature space consisting of both intensity
and N distances to nearest blobs of high-confidence
points, for an N-class problem. New high-confidence
points are selected at the end of each iteration due to
a membership function based on both intensity and
distances and the rest ambiguous points become closer
to the high-confidence points. The process ends when
there are no ambiguous points left.

2. High-Confidence Points Initialization

2.1 Minimally Supervised Expectation Maxi-
mization of Gaussian Mixture Model

In the first iteration of our iterative classification
method, high-confidence (HC) points are selected for
each tissue class. The choice of HC points should be of
sufficiently high density to be useful thereafter, while
not penalizing small or thin tissue structures, and still
excluding misclassified points of each tissue class. The
consideration of the CT histogram as a Gaussian Mix-
ture Model[1], whose modes coincide with relevant tis-
sues, suggests an interpretation that leads to a definition
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Figure 3. The Evolution of the 6 Features:
From top to bottom: iteration 1; middle iteration; final result

Figure 4. Comparison (with & without
Spatial Information) (a)σ = 36, (b)σ = 44, (c)σ =

57; row 1: histogram; row 2: CT data with noises; row 3:

Single stage GMM-EM method; row 4: Our iterative method

Table 1: Sensitivity and Specitivity of the Results

ass. air bone bone soft tissue landmark

(hard) (soft)

σ = 0 (S) se 0.958 0.802 0.588 0.992 0.872

σ = 0 (S) sp 0.996 0.988 0.994 0.918 1.000

σ = 0 (I) se 0.969 0.779 0.820 0.992 0.876

σ = 0 (I) sp 0.994 0.996 0.990 0.938 1.000

σ = 36 (S) se 0.936 0.729 0.498 0.917 0.533

σ = 36 (S) sp 0.990 0.989 0.938 0.902 1.000

σ = 36 (I) se 0.959 0.802 0.589 0.992 0.873

σ = 36 (I) sp 0.996 0.988 0.994 0.918 1.000

σ = 44 (S) se 0.911 0.689 0.503 0.751 0.565

σ = 44 (S) sp 0.961 0.986 0.848 0.893 0.993

σ = 44 (I) se 0.960 0.810 0.578 0.988 0.899

σ = 44 (I) sp 0.995 0.987 0.995 0.917 1.000

σ = 57 (S) se 0.839 0.560 0.437 0.530 0.624

σ = 57 (S) sp 0.870 0.961 0.786 0.848 0.994

σ = 57 (I) se 0.957 0.798 0.572 0.963 0.869

σ = 57 (I) sp 0.990 0.985 0.980 0.921 1.000

S = single-stage method; I = iterative method; se = sensitivity; sp = specitivity;

In Fig. 4, artificial Gaussian noise is added to
the original CT data to illustrate the robustness of our
method to noise. Comparing to the single stage GMM-
EM method, our method is less sensitive to the noise
and basically preserves tissue contiguity. The assess-
ment of sensitivity and specitivity is listed in table 1 by
comparing our results to a manually segmented result.
The results from the experiment on some other test data
are showed in Fig. 5.

Figure 5. Results on Other Test Data

5. Conclusion

In this paper, we have developped an iterative classi-
fication method for 2D CT data. The method uses both
statistical and spatial information to reduce the chance
of misclassification, maintain tissue contiguity and re-
tain the narrow structures. It improves the Bayesian
Level Sets method through greater relevance to tissues,
in the context of a minimally supervised classification.
The method will in the future be extended to 3D CT
data based on 3D Fast Marching method.
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