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Lung Area Segmentation in Chest Radiograph
Using Neural Network
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Abstract

In this paper, a new method for lung area segmentation
in chest radiographs has been presented. The movivation
of this study is to include fuzzy informations about the
relation between the image date structure and the area
to be sepmented in the segmentation process efficiently.

The proposed method approached the segmentat:cs prob-
lem in the perspective of pattern classification, using
trainable pattern classifier, multi-layer perceptron.

Having been trained with 10 samples, this method gives
acceptable segmentation results, and also demonstrated
the desirable property of giving better results as the

training continues with more training samples.
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Fig. 1. The lung area segmentation process represented

with the structure of pattern classification.
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Fig. 2. The structure of 2 layer perceptron.
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Fig. 3 shows an example of original image(a),and the
binarily segmented lung area image(b) obtained through

manual tracking with mouse.
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Fig. 4 (a).(b) show consolidated version of Fig.3(a),

A=

(b) respectively in 32 x 32 resolution, for use in

training the multi layer perceptron.
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Fig. 5 shows the MLP input image of test sample 1(a),
and the manually segmented image(b), and the MLP output

images(c),(d),(e) when trained with 3.7,10 samples,res-
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