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S Development of Computer-aided Diagnosis System of Diffuse Lung
Diseases on HRCT Images
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The diffuse lung diseases (DLDs) refer to a group of diseases that affect many areas of the lungs.
For example, the pneumoconiosis is a kind of the DLDs whose main finding is the nodular
opacity with various shapes and sizes on the chest radiographs. At present the high-resolution
computed tomography (HRCT) is thought to be the best imaging technique for the diagnosis of
the DLDs. However, there is not an objective criterion to identify the complex DLD patterns in
the clinical examination, and the diagnosis mainly depends on the radiologists' individual
experiences, So the different interpretations of the HRCT images are inevitable between the
radiologists' diagnosis. It would lead to various treatment programs for the patients. Besides, the
radiologists have to spend much time to review the large number of axial images in the HRCT
scans. Due to the above reasons, a computer-aided diagnosis (CAD) system is expected to
facilitate the diagnosis of the DLDs by providing the radiologists with a "second opinion".

For the CAD methods, in order to improve the performance of classification, it is critical to
select a good feature which can represent the images in a discriminative way. In this thesis, a
novel strategy named sparse representation was introduced to calculate the features for
classification. The main idea of the sparse representation is to approximate the input examples by
a linear combination of few representative features (atoms) selected from an overcomplete

dictionary. By using the sparse representation approaches, we proposed two application for the
CAD of DLDs.

(1) We proposed and optimized a method to classify the normal tissues and five kinds of DLD
patterns, including consolidation, ground-glass opacity, honeycombing, emphysema and nodular.
Firstly, after extracting the local features from the volumes of interests (VOI), we used the
singular value decomposition (SVD) based K-SVD and orthogonal matching pursuit (OMP) to
train the dictionary and calculate the sparse approximation of the local features. The method

using the K-SVD and OMP can achieve a good result, but need too much time in the operation.

So we applied the K-Means to replace the K-SVD, and substituted the OMP by a simple version
that selected the desired number of atoms at one time (OMP;). We designed three methods for
evaluation: SR1 (K-SVD+0OMP), SR2 (K-Means+OMP) and SR3 (K-Means+OMP;).

(2) We developed a bag-of-features based method to recognize the four kinds of the
pneumoconiosis on HRCT images: type 1 (no nodule) , type 2 (little small-sized nodules), type
3-a (numerous small-sized nodules) and type 3-b (numerous small-sized nodules and presence
of large-sized nodules). The bag-of-features could be seemed as a special version of the sparse
representation on the constraint of the sparsity (number of non-zero entries). In the
bag-of-features, the K-Means was used to cluster the local features, and centers of the clusters
were saved as the atoms of the dictionary. Then the feature vectors were assigned to the closet
atoms, and the histograms of the atoms were constructed. Finally, the histograms were classified




by the support vector machine (SVM). Besides, we designed two filters based on the
eigenvalues of the Hessian matrix to detect nodule candidates.

The proposed two applications were evaluated on the two sets of the data from different
sources respectively. For the classification of the DLD patterns, the recognition rates of all
sparse representation based methods were 96.1% (SR1), 95.6% (SR2) and 96.4% (SR3), and
significantly better than the baseline methods. On the other hand, the runtime of the dictionary
learning and recognizing one VOI by using K-Means and OMP,; was reduced by 98.2% and
55.2% respectively. For the classification of the pneumoconiosis, by using the proposed
filters, our method achieved an overall accuracy of 90.6%, and higher than the baseline filters.

Experimental results indicated that the proposed methods would be useful in the CAD of the
DLDs.

Furthermore, it would be convenient for radiologists to use the CAD methods with an
interactive graphical user interface (GUI), so the proposed methods were implemented as the
plug-ins of a visualized CAD platform named MARIMO (Medical Analyzer of Radiology for
Images of Multi-Organs) developed in our laboratory. An intensity-based lung-filed
segmentation algorithm was integrated with the proposed method. In the operation, the
plug-ins of our methods were shown in the menu of the MARIMO. After reading the image
and setting the parameters, the input image was analyzed by the selected method and the
result was given. For the CAD of the DLDs, the estimated label of each voxel within the
lung-field was output as the non-zero intensity of a lung-mask file. For the CAD of the
pneumoconiosis, we used a dialogue box and text file to report the estimated class, and saved
the extracted nodules.
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