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A Lung Nodule Detection Algorithm Based on Local Maximum Gray
Segmenting and Improved Mahalanobis Distance Classifying

WEI Ying, GUO Wei,SUN Yue-fang,JI Ce

( College of Information Science and Engineering, Northeastern University, Shenyang 110004 )

Abstract It is hard to detect lung nodules automatically from CT images for lung CAD system. A detection algorithm is
proposed for solitary pulmonary nodules( SPNs) in thoracic CT images in this paper. Firstly, lung field is segmented from
original CT image effectively and accurately. Secondly, areas of local maximum gray are found, to segment regions of
interest( ROIs) roughly. Then, features of each ROI are extracted, each feature is described quantitatively by the accuracy
of SVM classification with each single feature separately, and Mahalanobis distance is weighted by the quantitative
parameters. Finally, ROIs are classified to nodule or non-nodule with the improved Mahalanobis distance. Experiment
results indicated that the algorithm can detect SPNs effectively, it is with relatively high sensitivity and low false neglected
rate, and it can provide doctors helpful information to diagnose lesions in early stage of lung cancer.
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Fig. 1  Flow chart of the algorithm
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Fig. 2 Images in the procedure of lung parenchyma segmentation
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Fig. 3  Gray distribution in a thoracic CT image
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Tab.1 Feature parameters of the ten ROI images
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Fig 7 Three images of the detection of pulmonary nodules
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