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Abstract
This paper is particularly applicable for medical imagery, where 
gross characterizations on the basis of color and other global 
properties do not work. An alternative for medical imagery consists 
of the “scattershot” approach that first extracts a large number of 
features from an image and then reduces the dimensionality of the 
feature space by applying a feature selection algorithm such as the 
Sequential Forward Selection method. Here, we will present our 
proposed approach for the domain of High-Resolution Computed 
Tomography (HRCT) images of the lung. Our empirical evaluation 
shows that feature extraction based on physicians’ perceptual 
categories achieves significantly higher retrieval precision than 
the traditional scattershot approach
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I. Introduction
There have not been very many prior contributions to medical 
CBIR. A retrieval system for megnetic resonance images (MRI) 
of the brain has been reported in [6, 11]. The main image feature 
that is used for characterizing these images is the shape of the 
ventricular region. In another system reported in [1], the images 
in the database consist of a single tumor in the center without any 
background texture. The system presented in [10], aims at aiding 
physicians in the diagnosis of lymph proliferative disorders of 
the blood. Shape and texture features are used to characterize the 
regions of interest delineated by the user. Cai et al. 
A CBIR system for Positron Emission Tomographic (PET) 
images of the brain. In this case, a set of physiological features 
as well as text are used for retrieval. On the other hand, in [2], a 
retrieval system for volumetric images of the brain is introduced. 
The ASSERT system reported by us [2], is designed for High-
Resolution Computed Tomography (HRCT) images of the lung 
where a rich set of textural features derived from the disease 
bearing regions are important for the characterization of the 
images. The physician is an integral part of ASSERT, in the sense 
that it is the physician who delineates the PBRs when an image is 
entered into the database and, also, in the query image. 
Especially, Content-Based Image Retrieval (CBIR) systems have 
attracted significant research and commercial interest. In field of 
medicals, academic world, government and huge collections of 
images are being produced. Many of these groups are the product of 
digitizing existing collections of analogue photographs, diagrams, 
drawings, paintings, and prints.
Taking into account the physician’s perceptual categories, this paper 
presents a new approach to CBIR for medical image databases.
We start by describing the various perceptual categories used by 
expert physicians who specialize in the detection of emphysema-
like diseases in the HRCT images of the lung (Section II). For 
each perceptual category, we list the low-level features that can 
be expected to indicate the presence of that perceptual category. 
This section is lengthy but necessary for a complete and accurate 
description of the system; it is not critical though for understanding 
the rest of the paper. 

In Section III, we describe how we test with MANOVA whether 
or not a chosen set of low-level features is actually measuring a 
perceptual category (Section III).

II. Categories for Recognizing Lung Pathoogy
The four major categories are [4]: linear and reticular opacities, 
nodular opacities, high-density areas, and low-density areas. These 
categories aremajor in the sense that, in the physician’s mind, they 
correlate strongly with the various lung diseases. The leaf nodes 
of the tree in fig. 2, show the subcategories that the physicians 
actually use for labeling the PBRs. A PBR may exhibit a pathology 
corresponding to the major category “high-density areas,” but the 
actual visual structure inside the PBR would either be “ground 
glass” or “calcification,” corresponding to the two leaf nodes of 
this major category in fig. 2. The rest of this section provides 
further details regarding the visual structures associated with these 
categories and describes the low-level features designed to detect 
each category.

A. Interlobular Septal Thickening
A lung consists of lobes, two in the left lung and three in the right 
lung, and each lobe contains smaller structures called lobules, 
typically between 1 and 2 cm in diameter. Interlobular septal 
thickening refers to the thickening of the spaces between the 
lobules. Shown at upper left in the cartoon representation in fig. 
3, is the pattern corresponding to interlobular septal thickening. 
The spaces enclosed by the white lines are the lobules. Shown 
in fig. 4, is an HRCT image in which the dark arrows point to 
a region that was marked by an expert physician as exhibiting 
interlobular septal thickening. The visual pattern formed by the 
white “streaks” inside the physician-delineated PBR in Fig. 4, 
and shown more vividly at the upper left in fig. 3, is also referred 
to as a reticular pattern in medical literature. 
For the purpose of characterization, such patterns respond to 
the skeletonization of a PBR, followed by the extraction of the 
following parameters associated with the lobules enclosed by the 
white contours in the upper left in fig. 3:

f1. 1 SEP  : This is the number of lobules, which can be estimated 
by carrying out connectivity analysis of the PBR pixels after 
they are skeletonized. Fig. 4(b), shows a skeletonization of 
the PBR outlined by a physician in the HRCT image on the 
left. In fig. 4(c), we show the lobule pixels enclosed by the 
skeleton branches in fig. 4(b). These lobule pixels are obtained 
by taking a complement of the skeletal image, followed by 
shrink and grow operations, where the grow operation is 
performed with a constraint on the homogeneity of the pixel 
gray levels. A simple count of the regions shown in fig. 4(c) 
yields f1 SEP .
f2. 2 SEP: This is the average area of a lobule. Extraction of 
this parameter is a simple extension of the procedure for 
extracting f2 SEP. All that needs to be done is to count the 
number of pixels in each lobule and find the average value 
of this number for all the lobules. 
f3. 3 SEP: This is the average difference between the lobule gray 
levels and the gray levels of the white boundaries enclosing 
the lobules. The value of this parameter can be calculated by 
a straightforward extension of the algorithm for extracting 
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f1 SEP.

B. Parenchymal Bands
These are long and thick white lines in the images, caused by the 
presence of highattenuation tissues in the lung that often touch 
the boundary of the lung. They are shown at the lower right in 
the simplified rendition of the perceptual categories in fig. 3. An 
HRCT example of such patterns is shown in fig. 5(a), where the 
two arrows point to parenchyma l bands in a physician-outlined 
PBR. To extract such patterns, we first apply to the PBR our 
lung boundary extraction algorithm described in [12].1 Simple 
thresholding of the region interior to the bounding contour yields 
parenchymal bands and other artifact objects (see fig. 5(b). Nonband 
pixels are discarded by carrying out a connectivity analysis of the 
thresholded object and rejecting those that are not touching the 
lung boundary, yielding just the bands as shown in fig. 5(c). These 
bands are then characterized by 
• f1

PAR: The average area as obtained by simply counting the number 
of pixels in the bands shown in fig. 5(c).
• f2

PAR : The average form factor given by f2
PAR= (4π*Area)/

Perimeters2, where the Area and the Perimeter are calculated for 
each band separately.

III. Features Derived from Physicians’ Perceptual 
Categories
A better alternative to the scattershot approach described above 
consists of eliciting from the physicians the visual patterns they 
use to recognize disease in images and to then applying a suite 
of operators to the images to detect the presence or the absence 
of these visual patterns. We refer to these patterns as a physician’ 
s perceptual categories.
fig. 1, shows the perceptual categories that physicians use for 
describing the visual structure of a Pathology Bearing Region 
(PBR) in an HRCT image of the lungs. The four major categories 
are: linear and reticular opacities, nodular opacities, high density 
areas, and low density areas. These categories are major in the 
sense that, in the physician’ s mind, they correlate strongly with 
the various lung diseases. The leaf nodes of the tree in fig. 1, show 
the subcategories that the physicians actually use for labeling the 
PBR’ s. A PBR may exhibit a pathology corresponding to the 
major category “high density areas”, but the actual visual structure 
inside the PBR would either be “ground glass” or “calcification”, 
corresponding to the two leaf nodes of this major category in fig. 
1. In the rest of the section we briefly describe the visual structures 
associated with these categories as well as the retrieval approach 
followed. For more details as well as a complete list of the low-
level features used to characterize these categories the reader is 
referred to [3].

A. Perceptual Categories-Linear and Reticular 
Opacities
These patterns consist of line-like structures that can either 
be straight and elongated, web-like, or circular with dot-like 
protrusions. This major category encompasses the following six 
subcategories, examples of which are illustrated in fig. 2:
Interlobular septal thickening refers to the thickening of the spaces 
between the lobules, small structures of the lung; Parenchymal 
Bands are long and thick white lines caused by the presence of 
high-attenuation tissues in the lung, that often touch the boundary 
of the lung; Bronchiectasis means enlargement of the bronchi 
(air-filled passages of the lung) that, due to their low attenuation, 
show up as dark regions; Tree-in-bud are high attenuation clusters 

of pixels that form “spotty” regions caused by the pus, mucus 
or inflammatory exudate in the small airways; Bronchial wall 
thickening corresponds to the thickening of the walls of the 
bronchi; Mucus plugging shows as large clusters of white pixels 
(larger than in the tree-in-bud pattern) because of the mucus, pus 
or inflammatory exudate in the bronchi.

B. Nodular Opacities
The patterns that fall under this major category consist of 
nodules of different shapes, sizes, spatial distributions, and at 
different states of agglomeration. The differences are captured 
by the following three sub-categories illustrated in figure 3: 
Small nodules are roughly round and less than one centimeter in 
diameter structures whose gray values carry important diagnostic 
information; Conglomerate Nodules are large nodules usually 
with irregular shape, whose “diameter” exceeds one centimeter. 
Cavitary Nodules are nodules with holes inside them.

C. High Density Areas
For some lung diseases, an entire lung may exhibit a generally 
elevated brightness level in comparison to a normal lung. 
When that happens, the elevated gray level in itself becomes a 
visual characterization of the disease. There are two subcategories 
to consider for this case, as shown in fig. 4. Ground-glass opacities 
that lead to elevated brightness of the lung without obscuring the 
underlying vessels, and calcification which means increase in 
density, similar to bone.

D. Low Density Areas
Most of the previously mentioned perceptual categories consist 
predominantly of increased attenuation pixels (meaning pixels of 
higher gray levels). The defining characteristics of the low density 
category are set by pixels whose gray levels are darker than the 
average – that is, pixels for tissues with low attenuation. There 
are four sub-categories to consider under this category (fig. 4): 
Emphysema occurs when the gray levels are significantly lower 
compared to what a physician expects to see in a normal healthy 
lung; Lung Cysts are thin-walled,well-defined, and circumscribed 
lesions containing air; Mosaic Perfusion is very similar to the 
case of ground glass, except that the relatively elevated pixels 
in this case do not occupy a whole lung; and Honeycombing 
consists of small cells, corresponding to air-filled regions in the 
lung, separated by shared walls which differentiates them from 
lung cysts. 

E. Query and Matching
A PBR can possess multiple perceptual categories. This fact dictates 
the following approach. From all the feature measurements on a 
PBR, wemust first determine all the perceptual category labels 
that apply to the PBR.We must then come up with a strategy for 
mapping the perceptual category labels to disease labels. Since a 
PBR can possess multiple perceptual categories simultaneously, 
on cannot directly apply the traditional notion of classification to 
a PBR with respect to perceptual category labels. Instead, we use 
the notion of a recognizer. 
While a classifier attempts to assign a single label to an unknown 
object, a recognizer seeks to come up with all possible labels that 
could be used to characterize the same object. Of course, within 
the framework of a recognizer, the assignment of each perceptual 
category label can still be based on a simple classifier that tries 
to distinguish between the applicability and non-applicability 
of a given perceptual category label. The schema used for the 
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recognizer is as shown in fig. 5. To determine all the labels that 
apply to a given PBR, we test for the applicability of each label 
separately.

F. Retrieval Results
We will show the results of an evaluation study that compares the 
retrieval precision for the scatter shot approach of Section 2 with 
one based on physicians’ perceptual categories. Also included 
in this evaluation is retrieval performance when the low-level 
feature for measuring perceptual categories are used directly for 
retrieval.
The experiment consists of the following steps:

Select an image from the 180 images (testing database) as 1. 
a query image
Ask the system to retrieve the four most similar images 2. 
from the database, taking into account the modified mean 
differences and linear classifiers discussed in Section 3.3 for 
the different perceptual categories
Compare the disease class of the PBRs in the query image 3. 
with the disease class of the PBRs in the retrieved images 
from Eq. (11). 

The precision of the retrieval results is shown in Table 2. On the 
average, using perceptual categories for retrieval in the manner 
described here resulted in improving the precision rates from 
65.27% to 77.39% over the traditional methods. The first column in 
this table corresponds to using the “traditional” approach described 
in [13] in which we start with an exhaustive list of low-level 
image features that are subsequently pruned by employing the 
sequential forward selection (SFS) method [3]. Table 2, also shows 
the retrieval results obtained when sequential forward selection is 
applied to only those low-level features that we use for detecting 
the perceptual categories (see Section II). Retrieval using these 
low-level features (but not including the perceptual categories 
themselves) is accomplished with the k-NN (k nearest neighbors) 
algorithm. As the table shows, on the average the precision rate 
with this algorithm is 69.38%, as compared with the 77.39% 
obtained when perceptual categories are used as described in this 
paper.

G. Hierarchical Retrieval
So far we discussed feature design techniques as well as methods 
for assigning a disease label to a query PBR. However, in medical 
imaging it is often the case that each image belongs to a major 
class (disease) but images within each class can vary widely 
with respect to visual similarity (because of the severity of the 
disease). Thus, by first classifying the query image to a disease 
according to a set of features, and then retrieving the most similar 
images to the query image using the same set of features might 
not yield the most desirable results. This is because the features 
that differentiate among diseases might not be the most effective 
in retrieving visually similar images within a class.

H. Evaluation Trial
We performed an evaluation trial of our system to determine its 
usefulness in enhancing the diagnostic accuracy of residents and 
radiologists who do not specialize in the lung. We briefly describe 
the methodology followed and the outcome of the experiment. For 
more details the reader is referred to [10]. Our trial was conducted 
at the Indiana University medical center and it consisted of two 
phases. In the first phase, for each patient, we presented the 
physician with one slice (chosen as representative by our lung 
specialist) and a list of diagnoses. The physician was required to 

choose a single diagnosis which was recorded by the system. 
The second phase was performed one week later and the same 
trial was ran but this time we allowed the physicians to use our 
system before they decide the diagnosis. 

IV. Results
Some delineation results of our method are shown in fig. 6. With 
regard to the correctness of the extracted contours, by definition 
they will always be correct because the human is there to steer 
the contour away from erroneous extensions. So in order to judge 
whether or not our approach is technically sound, the issue is not 
whether the extract contour is correct, but how many user clicks 
does it take to produce a contour that completely circumscribes 
an anatomical feature. A second issue is how the number of clicks 
needed depends on the choice of the initial points supplied by 
the human.
To answer the above issues we interactively segmented 110 of 
the 414 images our database currently contains. Many of these 
images are very similar because they are slices belonging to the 
same patient. So by restricting the number of images we process, 
we do not loose much from the validity of the results. The results 
of this experiment are reported in Table 4, where we display the 
mean number of clicks and its standard deviation required to 
extract a complete contour for four different starting positions. 
We segmented all images clockwise (this direction was arbitrarily 
chosen), and for each image we started the delineation from 4 
different locations, namely the top of the liver, the right side, the 
bottomand the left side. For each starting point we computed the 
mean and the standard deviation of the number of points needed 
to extract the boundary.
That the technique works just as well for PBR’s is illustrated by our 
fig. 7. There we show the extracted boundaries of low-attenuation 
liver lesions that can be very difficult to segment otherwise. 

V. Conclusion
Content based image retrieval has become an important area in 
computer vision. Much has been accomplished, but much more 
remains to be done. In this paper, we have highlighted some of 
the problems unique to automated retrieval from large medical 
image databases and presented solutions to some of them in the 
specific context of HRCT images of the lung and liver.

 
Fig. 1: An HRCT Image of Lung

Fig. 2. Perceptual Categories -“Linear and Reticular Opacities”.
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Fig. 4: The Two Arrows in (a). Point to Interlobular Septal 
Thickening Inside a Physician- Elineated PBR. Shown in (b). is 
an Expanded View of the PBR After it is Skeletonized. Shown in, 
(c). Are the Lobules Extracted. The Values of the Characterizing 
Parameters for the Example Shown Here are f1 

SEP =28, f2 
SEP 

=79.78, and f3 
SEP =57.98.

Fig. 5: The Two Arrows Shown in (a). Point to Parenchymal Bands 
Inside a Physician-Delineated PBR, Which, in This Case, Consists 
of an Entire Lung. Shown in (b). Is the Output Obtained After 
Lung-Region Extraction and an Application of a High Threshold. 
The Bands, shown in (c). Are Obtained by Rejecting Those 
Components in (b). That Do Not Touch the Lung Boundary. The 
Values of the Characterizing Parameters for the Example Shown 
Here are f1

PAR =3807.00 and f2
PAR  =0.01.

Fig. 6: Dlineation Results for Liver (a, b) and Pathology Region 
(c).

Fig. 7: 8-Neighborhood of Pixel p

Fig. 8: Schematic Illustration of the Human Intervention in Our 
Method

Fig. 2. Perceptual Categories

Table 1: Distributions of Lung Diseases and Perceptual Categories 
in Our Database

Table 2: Retrieval Precision Based on Disease Categories
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