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ABSTRACT 
With the aim of reducing the radiologists’ subjectivity and the high degree of inter-observer variability, Content-

based Image Retrieval (CBIR) systems have been proposed to provide visual comparisons of a given lesion to a 
collection of similar lesions of known pathology.  In this paper, we present the effectiveness of shape features versus 
texture features for calculating lung nodules’ similarity in Computed Tomography (CT) studies. In our study, we used 
eighty-five cases of thoracic CT data from the Lung Image Database Consortium (LIDC). To encode the shape 
information, we used the eight most commonly used shape features for pulmonary nodule detection and diagnosis by 
existent CAD systems. For the texture, we used co-occurrence, Gabor, and Markov features implemented in our previous 
CBIR work. Our preliminary results give low overall precision results for shape compared to texture, showing that shape 
features are not effective by themselves at capturing all the information we need to compare the lung nodules. 

Keywords: Content-based image retrieval system (CBIR), Computed Tomography (CT), Lung Image Data 
Consortium (LIDC), CAD systems, shape features, Gabor filters, Markov random fields, co-occurrence matrices.  

 

1. INTRODUCTION 
Content-Based Image Retrieval (CBIR) Systems is an application that is proposed to search and analyze the actual 

content of an image, in this case of lung nodules. This can refer to the color, shape, texture etc. that can be derived 
directly from the image itself instead of using subordinate information such as captions or keywords. In our previous 
work (BRISC system1) we analyzed three texture models (global co-occurrence, Gabor filters, and Markov random 
fields) with respect to their power in quantifying the texture-based similarities among lung nodules in Computed 
Tomography studies. Out of these three methods, Gabor filters and Markov Random fields generated good precision 
values of about 90%, whereas global co-occurrence received a rather poor precision value. In this paper we concentrate 
on the shape descriptors, in particular on the eight most commonly used shape features for lung nodules. The extension 
of the BRISC system to include shape features is motivated by the fact that radiologists also use shape features to encode 
the shape properties of a nodule; furthermore, the shape features have been used successfully for Computer-aided 
Diagnosis (CAD) systems to produce more reliable results for the radiologists and medical practitioners.2 Existing CAD 
systems use shape and about three of the features (lobulation, spiculation, and sphericity) that the LIDC uses to 
characterize nodules' shape features. 

 

2. BACKGROUND 
Lung cancer is one of the most common causes of cancer in the United States.3 It is the uncontrollable growth of 

abnormal cells in the lungs. It is seen that computed tomography (CT) scanning gives precise information about the size, 
shape and location of the tumor and increases the detection rate of pulmonary nodules4 and is hence considered useful in 
the detection of pulmonary nodules. CAD systems are used to diagnose and interpret the images for these nodules in CT. 
However, the CAD still requires much work to improve the system.  
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Another method that is believed might aid radiologists and medical practitioners is the CBIR system. This system is 
designed to help provide a collection of images of known pathology that are similar to a given nodule image. This will 
provide a direct visual comparison for radiologists which will aid them in identifying suspicious pulmonary nodules. The 
system being developed can retrieve images based on its texture features or shape features. This paper is based on the 
study conducted using shape features of the nodule images. The LIDC database that is used in this study consists of 
nodule images from a given number of cases that are manually delineated by up to four radiologists. For a given nodule, 
the system calculates its 8 important shape features (which will be discussed further in the paper) and compares it to the 
features of other known nodules. The choice of these eight features is motivated by a literature review about the most 
commonly used image features in the CAD systems for pulmonary nodule detection.5,6 Thus, this system will retrieve a 
set of similar nodules to the nodule in question by comparing its shape features. If the retrieved known nodule images 
are malignant, it will be deduced that the unknown query nodule is also malignant.  

One of the earliest CBIR systems that focuses on lung CT images is the ASSERT project at Purdue University, which 
was first published in 1999. It investigated image features such as co-occurrence statistics, shape descriptors, Fourier 
transforms and global gray level statistics. It used nearest-neighbor and multidimensional hashing for calculating 
similarity and the best precision returned by this system was 76.3%.7,8,9 

Other work in this field involved mostly texture-based approaches.10 Some of the methods investigated include 
Gabor filters, Markov Random fields and local co-occurrence matrices. These three methods were used in a medical 
imaging context for the first time in the BRISC system.1,4 Gabor filters use transform-based methods. It is basically a 
sinusoid function modulated by a Gaussian. Gabor filters are known to have a strong correlation with the human 
visualization1 and had returned precision values of nearly 90% in retrieving similar images, when one item was 
retrieved.  

The BRISC system had also investigated the effect of Markov random fields (MRFs). MRFs capture local contextual 
information and can be used well in image classification and texture synthesis.1 This similarity measure also returned a 
precision value close to 90% in BRISC when one item was retrieved.  

Global co-occurrence matrices look at statistical properties of the gray levels in the entire nodule image. The method 
used in BRISC involved calculating a co-occurrence matrix for each direction, 0, 45, 90 and 135 and displacement 1, 2, 
3 and 4. However, this returned a rather low precision rate of 29%.1 

Our study investigates CBIR methods that are not texture-based, in particular methods that are based on shape 
descriptors. We expect that more features can be integrated in BRISC to complement the texture features and increase 
the retrieval performance of the system. 

 

3. METHODOLOGY 
3.1. Data 

The data used in this study was generated from 85 cases of thoracic CT collected by the LIDC.11 From the 85 cases, 
60 cases have the nodules’ boundaries segmented (Figure 1) along with radiologists’ ratings for nodule characteristics 
(nodules with size between 3 mm to 3 cm). In order to reduce noise in the data, we removed the first and last slices of 
each nodule marked by radiologists resulting in 1259 images from 112 nodules belonging to 52 cases.   
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The database that was used consisted of points on the contour curves of each slice of the nodules being considered, 
which were marked by up to four radiologists. In other words, each nodule of a patient is taken, and up to four 
radiologists look at each slice of the nodule, and mark its contours, as illustrated further in Figure 2. 

 

 

Fig. 1: Examples of manually delineated images by radiologists 

Fig. 2: Up to four radiologists mark the contours of the slices of the nodules.
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3.2. Image features 

The eight shape features are circularity, roughness, elongation, compactness, eccentricity, solidity, extent, and radial 
distance standard deviation (SD).12 The first feature, circularity, is measured by dividing the area of the region by the 
area of a circle with the same convex perimeter. Roughness is measured by dividing the perimeter of the region by the 
convex perimeter. Elongation is the ratio of the major axis length to the minor axis length, where major and minor axis 
lengths give the major/minor axis of the ellipse; in other words, it measures how elongated the image is. Compactness is 
the ratio of the perimeter squared to the product of 4π and area. Eccentricity is a ratio of the distance between the foci of 
the ellipse (that has the same second-moments as the region) over the major axis length. Its value ranges from 0 (for 
perfect circle) to 1 (for a straight line). Solidity is the proportion of the pixels in the convex hull that are also in the 
region. Extent, on the other hand, is the proportion of pixels in the bounding box that are also in the region. The last 
feature, radial distance SD, is the standard deviation of the distances from every boundary pixel to the centroid of the 
region.12 In Table 1 we present an example of feature values for two randomly chosen nodules (nodule 69 and nodule 
174) shown in Figure 3.   

 

 

 
 

 
 
 

 

Table 1: Feature values for nodule 69 and nodule 174. The visual difference in the two nodules is captured by the difference for the 
circularity, elongation, compactness, eccentricity, solidity, and extent features. All the values in this table were then 
normalized to the scale [0, 1]. 

Image 
Name 

Nodule 
no 

Circularity Roughness Elongation Compactness Eccentricity Solidity Extent Radial 
Distance  

69 4 0.31 0.71 2.88 6.06 0.93 0.43 0.25 0.29 

174 14 0.71 0.8 1.25 1.36 0.6 0.84 0.54 0.31 

 
Once the values for each of the 8 features are calculated, they have to be normalized so that the comparatively larger 

feature values of an image that is large does not outweigh those of a relatively smaller image.  Normalization is done 
using the min-max normalization criterion shown below: 

OriginalValue - MinimumValue
NormalizedValue =

MaximumValue - MinimumValue
       (1) 

3.3.  Performance metrics 

We used the Euclidean distance to calculate the similarity between the normalized feature vector representations of 
the nodules.  Each image was tested as a query across all the other images from the database and the precision results for 
each query were calculated using the following formula: 

 
Fig. 3: Nodule 69 and Nodule 174 from LIDC 
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NumberOfRelevantImages *100
Similarity =

NumberOfRetrievedImages
        (2) 

where a relevant image is an image that belongs to the same nodule and a retrieved image is an image returned in 
response to the query based on the Euclidean distance.   
 

4. RESULTS 
The shape-based similarity was calculated for one, two, three, five and ten images retrieved in response to the query. 

Each image in the database is considered as query image at a time and is compared against all the other images in the 
database. Since there were 1259 images used in system, the total number of queries that will be run is also 1259. The 
precision for items retrieved is calculated by averaging the precision returned for each query. Figure 4 shows our average 
precisions results based on shape features and the average precision results based on texture features obtained by Lam et 
al.1   

The chart on the left shows the shape descriptors precision results, whereas the one on the right shows the texture 
descriptors. The charts show that the precision falls as more images are retrieved. When one image was retrieved, Gabor 
and Markov got almost 90% accuracy results, whereas global co-occurrence and shape features result in a precision of 
less than 30%. Similarly, when 2 items are retrieved, Gabor and Markov return about 82-83% precision, global co-
occurrence returns about 24% and shape descriptors return a 20% precision value only. 

 

While texture descriptors seem to be quite efficient at calculating similarity, shape descriptors do not seem to be as 
effective by themselves, contrary to what one might expect. Shape features probably do not capture all the information 
needed to calculate similarity. Rotation, translation, and scaling can affect the shape of the nodules and that will affect 
our value for similarity. Subsequent investigation, discussed below, show results consistent with ours. 

 

 

Fig. 4: Results for shape descriptors and texture descriptors
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5. DISCUSSION OF RESULTS AND CONCLUSION 
Previously, decision tree induction13 was used to learn the prediction models in order to predict a rating for each 

radiologist characteristic based on nodule’s low-level image features (shape, size, gray-level intensity and texture). From 
the prediction models, we were able to find important image features that have high discriminative power for classifying 
different ratings for each characteristic. We found that most characteristics have texture, size, and gray-level intensity but 
not shape in their prediction models (Table 2).  

Table 2: Nodule characteristics along with their important shape features based on prediction models learned by decision trees 

Nodule characteristics Important shape features 
Lobulation elongation, roughness 
Malignancy - 
Margin - 
Sphericity - 
Spiculation radial distance SD 
Subtlety - 
Texture Circularity 

 

As expected, characteristics related to shape of the nodule, such as lobulation and spiculation, have shape features as 
some important image features in their models. The texture characteristic (not related to shape) also has circularity as 
one of its important image features. However, it was found that sphericity (related to shape) does not have any shape 
feature in its model. Therefore, sphericity perceived by radiologists may not be captured by the low-level image feature 
“circularity” and other shape features in this study. This proves that it is not too unnatural to get retrieval results that 
show that shape descriptors are not as effective as texture descriptors at retrieving similar images. In other words, many 
of the low-level image shape features do not appear in the mappings of the high-level features (radiologists’ annotations), 
that is, there is almost no correspondence between these two types of features. 

We believe that another factor that might have influenced the results is the radiologists’ boundary delineation. Since 
shape features are the direct measures of the boundary delineation among the four radiologists, they are influenced by 
the variation in the boundary delineation, while texture features are less influenced by such variation. Table 3 supports 
this fact by showing that the standard deviation for the shape features is 10 times higher than the standard deviation for 
some of the texture features found to be important in predicting radiologists’ characteristics related to the nodule 
boundary. 

Table 3: Standard deviations of the eight shape features and some texture features calculated as follows: For each image feature, we 
calculate the standard deviation across all regions delineated by up to four radiologists per slice.  Then, we average all the standard 

deviations for all the slices from step 1 for each nodule.  Finally, we average all the standard deviations for all nodules.  

Shape features Standard 
deviations 

Texture features Standard 
deviations 

Circularity 0.0523 ClusterTendency 0.0084 
Roughness 0.0257 Contrast 0.0094 
Elongation 0.0237 Gabormean_45_05 0.0077 
Compactness 0.0193 GaborSD_45_05 0.0080 
Eccentricity 0.0881 GaborSD_90_05 0.0095 
Solidity 0.0488   
Extent 0.0816   
RadialDistanceSD 0.0669   
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These reasons might be why there was such a vast difference in the accuracy results of shape descriptors and texture 
features in calculating similarity in retrieving images. As was learned from the decision trees, general human perception 
of the shape features and radiologist perceptions varied greatly. Boundary delineation also varied significantly among the 
radiologists. Furthermore, the used shape features do not take factors such as rotation, scaling, translation etc, into 
consideration, which can affect the results significantly. However, it was yet important to investigate this approach since 
radiologists do use shape features to encode the shape properties of a nodule.  

In the future, we plan to investigate Fourier descriptors which we expect will produce better results given that they 
capture boundary information and, based on some transformations, can be invariant to rotation, translation and scaling.14 
This technique is commonly used for pattern recognition like chromosome classification or identification. Moreover, as 
future work, we also plan to add all these features together into BRISC to improve the accuracy of the content-based 
image retrieval system.  
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