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ABSTRACT 

Intensity overlap often occurs in medical images, making it difficult to identify different anatomical structures using 
intensity alone.  Research studies have shown that texture is an important component in quantifying the visual 
appearance of anatomical structures, and is therefore valuable in the analysis, interpretation, and retrieval of lung 
nodules.  

The goal of our research study is to present a comparison between the different texture models: Gabor filters, Markov 
Random Field (MRF), and global & local co-occurrence.  For comparison purposes we utilized Manhattan, Euclidean, 
and Chebyshev distances for one-dimensional feature vectors (global co-occurrence) while for two-dimensional feature 
comparison (local co-occurrence, Gabor filters, and MRF) we utilized the similarity measures Chi-Square and Jeffrey-
Divergence.  Local co-occurrence contains many different variable aspects in its design that can considerably change the 
success of its results.  A thorough examination of local co-occurrence’s variables is discussed.   

All of the discussed texture models are presented in the context of our previous Content-Based Image Retrieval (CBIR) 
System [1].  BRISC utilizes the Lung Image Database Consortium (LIDC) database.  We have found that Gabor and 
MRF texture descriptors produce the best retrieval results regardless of the nodule size, number of retrieved items or 
similarity metric with an average precision of 88%.  Global co-occurrence performed the worse at 44% precision yet 
when co-occurrence was performed locally (local co-occurrence) the precision results improved to 64%.  A combination 
of all the features worked the best with 91% precision.   

Keywords: CBIRS, lung nodules, CT scans, co-occurrence, Gabor filters, Markov Random Fields. 
 

1. INTRODUCTION 
There were an estimated 160,390 deaths in the United States due to lung cancer in 2007 [2] and lung cancer accounts for 
around 29% of all cancer deaths [3].  In this paper we present a CBIR system, BRISC, for pulmonary nodule lookup and 
similarity retrieval.  BRISC will be utilized by radiologists to increase their ability to diagnose pulmonary nodules by 
retrieving similar cases and allowing the radiologist to directly compare the questionable nodule to other cases. 

The hypothesis is that the uncertainty of the radiologist in identifying suspicious lesions can be reduced by providing a 
visual comparison of a given lesion to a collection of similar lesions of known pathology. To test this hypothesis, we 
propose to develop a CBIR system whose similarity results match human perception.  The human observer (radiologist) 
manually (or semi-automatically or automatically) segments a lesion from a clinical case. The system computes a set of 
quantitative descriptors for that lesion and compares those descriptors to the descriptors of known lesions. The 
underlying assertion is that if a known malignant lesion has certain computable features then unknown lesions with 
similar computable features would be malignant. Simply put, the expected outcome is a system that provides a way of 
“looking-up” an image in a collection of images such that similar images are retrieved. 

BRISC was previously implemented by Lam et al [1] and the code is also available as open source [4]. Lam at al. 
showed that the global co-occurrence texture model performs worse (retrieval precision of 29%) than the Gabor filters 
and MRF texture models (retrieval precision of 88%).  In this paper, we implement the co-occurrence texture model at 
the local level (within a small neighborhood for each pixel of a lung nodule image instead of the entire nodule image); 
furthermore, we investigate the effect of using all three texture models with respect to their similarity retrieval power.  
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Given that each one of the texture models captures different properties of the texture, in this paper we show that the 
combination of the three texture models produces better results than the individual texture models.  

There are several CBIR projects in the medical field currently underway.  Kinoshita et al. [5] discussed a CBIR system 
for mammograms.  They utilized a large amount of visual features including shape, texture, and granulometric.  
Kinoshita et al. combined many different features using principal component analysis to improve the system.  They 
report a precision of around 85%.  However, based upon the ground truth that they used (BI-RADS categorization) a 
random selection of images would return a precision of 62.5%.  Wei. et al. [6] discussed image analysis and image 
retrieval using gray level co-occurrence matrices for the mammography domain.  They used a distance of 5 on the co-
occurrence matrices which resulted in a maximum precision of 51% and recall of 19% (average = 49% and 18% 
respectively).  They grouped each region of interest into 6 categories and if the returned image was placed in the right 
category it was relevant. 

Furthermore, Muramatsu et al. [7] presented strong evidence that CBIR systems could help to improve the accuracy of 
identifying benign or malignant clustered micro-calcifications on mammograms and that breast radiologists are able to 
provide a reasonable ground truth.  Muramatsu [8] discusses the development of an Artificial Neural Network that shows 
promising ability to retrieve images similar to those of an unknown lesion.  Tourassi et al. [9] evaluated similarity 
measures utilized in a scheme for content-based retrieval and detection of masses in screening mammograms.  They 
found that the measures interestingly fell into two categories:  “one category is better suited to the retrieval of 
semantically similar cases while the second is more effective with knowledge-based decisions regarding the presence of 
a true mass in the query location”. Zheng et al. [10] has also done interesting work developing an automated interactive 
computer-aided diagnosis scheme that performs just as well as the subjective rating method. 

Computed Tomography (CT) scanning has been found to increase the detection rate of pulmonary nodules [11].  Much 
work has been done to develop computer assisted diagnosis and detection (CAD) systems for pulmonary nodules in CT.  
For a detailed description of CAD systems, we suggest the review by Muller et al [12]. 

One of the largest CBIR projects currently underway using lung CT images is the ASSERT project [13], which is being 
developed at Purdue University and was first published in 1999.  It proposed a “physician-in-the-loop” system where 
radiologists highlight a region and the system would return similar images.  The system used a variety of image features 
including co-occurrence statistics, shape descriptors, Fourier transforms and global gray level statistics.  The system also 
utilized physician-provided ratings of features such as homogeneity, calcification and artery size.  The best precision 
reported by the system was 76.3%.  

There are many difficulties involved with content-based retrieval of medical images, including the difficulty of automatic 
segmentation, the large variability of feature selection, and the lack of standardized toolkits and evaluation methods 
[14][15][16].  There have been efforts recently to solve these problems including the Lung Image Database Consortium 
(LIDC) collection which was specifically developed to support evaluation and comparison of chest CAD systems [17].  
It can be used similarly to develop, evaluate, and compare CBIR systems. 

2. METHODOLOGY 
2.1 LIDC Data 

The data in our study was obtained from the Lung Image Database Consortium (LIDC) database [17]. The database 
contains 149 unique pulmonary nodules that have been segmented and annotated by up to four different radiologists 
amounting to a total of 2020 images.  These images were taken from a total of 90 Computer Tomography studies of the 
chest, each containing between 100 and 400 Digital Imaging and Communication (DICOM) images.  Four radiologists 
marked the contour of the nodules and assigned nine semantic terms/characteristics to each nodule:  calcification, 
internal structure, lobulation, malignancy (as interpreted by the radiologists based on imaging findings), sphericity, 
spiculation, subtlety, texture, and margin.  Calcification and internal structural are nominal while the other seven 
annotations are ordinal.  Calcification contains six different categories, internal structure contains four different 
categories, and the other seven annotations each are rated on a scale from one to five. 
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[calcification = 6, internal structure = 1, lobulation = 3, malignancy = 5, 
sphericity = 3, speculation = 3, subtlety = 5, texture = 5, and margin = 3] 

 

 

Fig. 1. Example CT slice with nodule 

2.2 Texture Models  

We extract low-level image features that encode the texture of the lung nodules while satisfying the main requirements 
for feature extraction: a) completeness/expressiveness (features should be a rich enough representation of the image 
contents to reproduce the essential information); b) compactness (the storage of the features should be compact to allow 
efficient access) and c) tractability (the distance between features should be efficient to compute).  

The three texture models satisfying these properties and used for this research are: local and global co-occurrence 
matrices [18], Gabor filters [21], and MRF [18][22].  The co-occurrence texture models generated 11 texture descriptors 
which represented the statistical properties of the nodules’ texture.  Separate co-occurrence matrices were calculated for 
each direction (0, 45, 90, and 135 degrees) and displacement (1, 2, 3, and 4 pixels).  In global co-occurrence the texture 
descriptors were extracted per nodule image while in local co-occurrence the texture descriptors were extracted for each 
relevant pixel in the nodule image.  The intensities of the nodule image were binned for global and local co-occurrence 
to allow statistical relevance to appear in the co-occurrence matrices; otherwise the information gained is usually noise.  
For pixel level feature extraction local co-occurrence extracts a set of pixels that surrounds each pixel and performs co-
occurrence on that subset of the original image.  The size of that subset is determined by the variable ‘window size’.  
Also, to compute similarity, local co-occurrence is placed into a histogram.  The variables for window size, number of 
bins used for the histogram, and the number of bins for the intensities were varied in an attempt to find the parameters 
that achieved the best results in local co-occurrence.  

In contrast to the statistical based co-occurrence methods, Gabor filtering is a transform-based method of extracting 
texture information in the form of a response image.  A Gabor filter is a sinusoid function modulated by a Gaussian and 
produces 12 filter images tuned to four orientations (0,π /2, π /4, 3π /4) and three frequencies (.3, .4, and .5) encoding 
the texture properties in the frequency space [1].  Markov Random Fields capture the local contextual information of an 
image.  The value utilized for each pixel in MRF is dependant on its neighbors.  The MRF model produced five images 
corresponding to four orientations (0, 45, 90, and 135 degrees) between pairs of neighboring pixels plus variance [1].  

2.3 Similarity Measures 

There are many similarity measures proposed for general CBIR systems and the choice of a similarity measure is 
dependent on both the feature space representation and its ability to capture the visual human perception of similarity.  
We investigate similarity measures from three categories of similarity measures: 1) Heuristic distance metrics 
(Minkowski distance), 2) Non-parametric test statistics (Chi-square statistics), and 3) Information Theory Divergences 
(Jeffrey-Divergence).  

Global co-occurrence results in a one dimensional feature vector for each image, therefore Euclidean, Manhattan, and 
Chebyshev were used to measure the texture-based similarity of the nodules.  Local co-occurrence, MRF, and Gabor 
features are local, so they result in a two dimensional feature response for each image.  Thus the Chi-Square and Jeffrey-
Divergence measures were used to measure the texture-based similarity between these models.  More information about 
these similarity measures can be found in the papers by Lam et al [1] and Puzicha et al.  [19], [20]. 

2.4 Retrieval Performance Evaluation  

We evaluate the retrieval system using precision as the performance metric.  The precision is calculated for all images 
from the database; the overall precision of the system is then calculated as the average of all precision values obtained 
when each image becomes the query image. The general formula for calculating precision is:  

Please verify that (1) all pages are present, (2) all figures are acceptable, (3) all fonts and special characters are correct, and (4) all text and figures fit within the
margin lines shown on this review document. Return to your MySPIE ToDo list and approve or disapprove this submission.

6919-8 V. 2 (p.3 of 9) / Color: No / Format: A4 / Date: 1/21/2008 3:22:55 PM

SPIE USE: ____ DB Check, ____ Prod Check, Notes:



 

 imagesretrievedof
imagesrelevantofecision

___#
___#Pr =       

 

We calculate the precision considering as a “relevant image” an image belonging to the same nodule but appearing in 
another slice or even in the same slice but outlined by another radiologist (see Figure 2).  

 
 

 

 

 
 
 

 

 
 

 
  

Fig. 2. Four distinct outlines for a nodule delineated by four radiologists 

 

3. RESULTS 
3.1 Local co-occurrence parameters 

For local co-occurrence we tested utilizing the window sizes (5x5, 7x7, 9x9, 11x11, and 13x13), the number of bins for 
intensities (64, 128, 256, and 512), and the number of bins used for the histogram representation of the local texture 
descriptors (8, 16, 32, 64, 80, and 96).  The best combination of the three variables was 5x5 window size, 64 bins for 
intensities, and 96 bins used for the histogram.  We did not use window size 3x3 because previous literature indicates 
that other methods would be more appropriate [23].  These are the values that we utilized for local co-occurrence during 
the testing for the following results. 

3.2:  Local co-occurrence vs. global co-occurrence 

Figure 3 shows the results for local co-occurrence when using the optimal values (i.e. 5x5 window size, 64 bins for 
intensities, and 96 bins for the histogram) that we found compared with global co-occurrence.  To calculate similarities 
we utilized Jeffrey-Divergence for local co-occurrence and Euclidean for global co-occurrence.  Local co-occurrence 
performs nearly 20% better for 1 item retrieved in response to the query, 17% for 2 items, 13% for 3 items, 9% for 5 
items and 6% better when 10 items are retrieved.  Co-occurrence therefore performs much better when it gathers texture 
information at the pixel level.   
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Fig 3: local co-occurrence vs. global co-occurrence 

3.2 Texture Comparison 

Figure 4 shows the best result for one item returned for global co-occurrence, local co-occurrence, Gabor filters, and 
MRF.  Gabor filters and MRF both utilized the similarity measure Chi-Square while local and global co-occurrence 
utilized the similarity measures previously mentioned.  Gabor and Markov perform the best with one item retrieved with 
88% precision.  Local co-occurrence performs relatively well with 64% precision, while global co-occurrence performed 
the worst with 44% precision.  The global co-occurrence precision was improved by 15% over the precision received by 
Lam [1] because we binned the intensities of the images before performing global co-occurrence, reducing noise and 
making the method more effective. 

0
10
20
30
40
50
60
70
80
90

100

Gabor MRF Local Co-occurrence Global Co-occurrence

Texture Models

Pr
ec

is
io

n 
Pe

rc
en

ta
ge

Fig. 4. Texture Comparison:  1 Item Retrieved 
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3.3 Combination of Features 

Fig. 5 shows the relationships between the different texture models including the combination of features (which consists 
of 205 separate features:  Gabor filters use 24 separate features, MRF uses a total of 5 features while local co-occurrence 
uses 176 features), varying the number of items returned.  As one can see, the combination of texture models performs 
the best (91%) followed closely by Markov and Gabor (88%) with local co-occurrence performing behind them (64%).  
Global co-occurrence performed much worse then the rest of the texture models (44%).  As more items are retrieved the 
distance between the combination of texture models and the other texture models increases. 
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3.4 Physician Agreement 

As discussed previously, four different radiologists annotated each nodule image using a categorical system based upon 
semantic descriptions of the nodule.  We then limited the database of images from which our calculations are made using 
only the images in which radiologists agreed on the “texture” annotation and ran precision calculations (see Figure 6).  
When just two radiologists agreed the average precision for MRF and Gabor increased from 88% to 96%, local co-
occurrence’s precision increased from 64% to 67%, and global co-occurrence’s precision had a minimal increase of .2%.  
Gabor and MRF had nearly 100% precision when three or more radiologists agreed and the global and local co-
occurrence method’s precision increased by 10% to 54% and 73% respectively when four radiologists agreed. 
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3.5 Image Sizes 

Figure 7 shows the results when we ran precision calculations for different nodule image sizes.  The size of the nodule 
image is determined by the number of pixels included within the contours specified by a radiologist.  The nodule 
database was divided into four equal groups based on the size of the nodule images and precision calculations were run 
with one item retrieved.  Methods generally performed better on larger images, except for a decrease in precision in the 
third group (235-625 total pixels) for MRF and Gabor.  Figure 7 shows that local co-occurrence performs as well as 
Gabor and MRF for larger images but performs noticeably poorer for smaller images (25 – 234 total pixels).  Therefore 
local co-occurrence performs much better when there exists enough data from which it can extract information.  
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4. SUMMARY 

In this paper we have shown a comprehensive view and comparison of multiple texture models as well as techniques for 
improving the texture models.  Pixel-level feature extraction performs much better then global extraction, even when 
dealing with small areas.  Gabor and MRF perform the best with local co-occurrence performing comparably while 
global co-occurrence performs poorly.  The combination of the local co-occurrence, Gabor filters and MRF texture 
models produces the best results consistently.  Global co-occurrence was not included in the combination since its 
features are extracted at the global level while the other three methods extract their features at the local level.  In general 
greater physician agreement led to a greater precision, showing that there is a correlation between radiologists’ 
perception and the texture models.  Precision also increases when the size of the image increases, from which we can 
draw the conclusion that larger lung nodules result in a larger amount of beneficial textural information.  In terms of 
similarity, there is little difference between the Euclidean, Manhattan, and Chebychev although Euclidean repeatedly 
performs slightly better followed closely by Manhattan, then by Chebychev.  Jeffrey-Divergence and Chi-Square 
perform exactly the same for local co-occurrence yet Chi-Square performs slightly better for Gabor and MRF 
consistently.  The best individual texture models are Gabor filters and Markov Random Field using the similarity 
measure Chi-Square while the combination of all texture models performed the best. 
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