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Abstract

about the patient’s health condition, the system uses this information for better organization.
Combining texual and visual elements in a single query
model and user interface is a challenge. The problem is compouned due to the lack of of a translational model between
the user’s information need, which is typically at a higher
semantic level, and the low level image features. A fusion
model based system such as ViewFinder Medicine (vfM) that
leverages the advantages of both, text and visual retrieval, and
brings the physicians in the loop, can be useful in such an
environment.
In this paper, a fusion model and framework, vfM, for
content-based retrieval and access of images, is proposed.
vfM combines the textual information, such as various biomarkers and cognitive scores, with the low level features of
the MRI scans to classify and eventually find similar scans.
The clinicians play a central role in the retrieval process indicating how well the system is performing in terms of relevance of the search results. In the following sections, we
describe the vfM architecture. The system performance is
demonstrated and discussed through experiments and results,
and the conclusions are drawn in the final sections.

This paper describes ViewFinder Medicine (vfM) as an application of content-based image retrieval to the domain of
Alzheimer’s disease and medical imaging in general. The system follows a multi-tier architecture which provides the flexibility in experimenting with different representation, classification, ranking and feedback techniques. Classification is
central to the system because besides providing an estimate
of what stage of the disease the input query may belong to,
it also helps adapt and rank the search results. It was found
that using our multi-level approach, the classification performance matched the best result reported in the medical imaging literature. Up to 87% of patients were correctly classified
in their respective classes, leading to an average precision of
about 0.8 without any relevance feedback from the user. To
encourage engagement and leverage physicians’ knowledge,
a relevance feedback function was subsequently added and as
result precision improved to 0.89.

1 Intoduction
The rate at which medical images are produced everyday
is increasing exponentially. Such images are a rich source of
information about shape, color and texture, which can be exploited to improve the diagnosis and ultimately the treatment
of complex diseases. Alzheimer’s Disease (AD) has been
successfully associated with structural changes in the brain.
However, with the volume of Magnetic Resonance Imaging
(MRI) scans growing at a rapid rate, it is becoming increasingly difficult to perform a search over these scans. Research
has shown that the performance of clinicians has improved
through the use of content-based image retrieval systems [2].
Typically, a radiologist or a physician diagnosing a particular patient is also interested in finding similar cases pertinent
to the case in hand. Such information in fact is mutually beneficial to both, the physician and the system. While the physician can use this information to arrive at an informed decision

2 Methods
2.1

vfM System Architecture

vfM builds upon the multi-level information retrieval architecture. Critical components of the system include representing the content in the right format, a classifier and a ranking engine that includes feedback mechanism. Both local and
global texture are used to index and search images along with
the cognitive score markers. A multinomial logistic regression model is trained to identify the statistically significant
features. Singular Value Decomposition (SVD) is conducted
to obtain an independent feature sub-space. A Support Vector
Machine (SVM) is used to train a radial-basis function kernel
classifier to sort the images into multiple classes. Classes are
combined while performing Euclidean distance based matching, based on the probability of the image falling in a partic1

ular class. Subsequently, an inter-session and intra-session
feedback is generated. In general, the relevance feedback
mechanism involves presenting the user with an initial set of
results and requiring him/her to generate an estimate of how
well the system performed its task. The system then utilizes
the feedback to improve the retrieval in subsequent sessions
in an iterative manner. Ideally we hope that our system, improved with relevance feedback mechanism, will satisfy the
users information need in as few steps as possible, optimally
requiring only one or two iterations. In the following sections
we discuss each component in detail.

2.2

Feature Representation and Indexing

To describe the visual content of interest it is important
to understand the structural changes in the brain that are responsible for AD, which has been associated with volumetric
reductions in medial temporal lobes and hippocampal regions
of the brain [13].
Inter-subject and intra-subject registration is conducted on
the MRI scans to align them to the same space. The brain
volume is extracted from the registered scans. The medial
temporal lobes and hippocampus regions are then identified
using Harvard-Oxford cortical and subcortical structural atlases. The cortical regions thus extracted are then segmented
into the three tissue types: gray matter, white matter and cerebrospinal fluid. The segmentation method is elaborated in [1].
2.2.1 Visual Features
Both global and local texture features have been used to characterize AD. Global features include image textures computed
using Discrete Cosine Transform (DCT) and Daubechie’s
Wavelet Transform (DWT).
DCT is an integer transform widely used to characterize
texture of an image, e.g., in the JPEG compression standard.
Due to the excellent energy-compaction properties of DCT,
much of the information is concentrated in few low-frequency
components [14].
DWT has been used for decades in computer vision and
robotics to characterize the image texture. Recently it has
been used in content-based image retrieval systems to aid texture based search and retrieval [8, 17]. A 2D-DWT divides
the input image into 4 sub-bands at the first level of decomposition. Each approximation sub-band is further divided recursively into 4 sub-bands till the desired level is achieved. DWT
works on the principle that the most prominent information in
the signal appears in high amplitudes and the less prominent
information appears in very low amplitudes and thus is able
to compress the information contained for analysis.
Local Binary Pattern (LBP) is a gray-scale invariant texture
measure, derived from a general definition of texture in a local
neighborhood [11, 12]. For each pixel of the image a binary
code is produced by thresholding the pixel value by center
value of its neighborhood. LBP is designed such that it is
invariant to changes in illumination and intensity, and can be

easily adapted to make it robust against rotation as well. The
application of LBP to medical images and specifically MRI
images has been explored in [15].
Based on discussions with radiologists a subset of slices
relevant to detect Alzheimer’s disease has been identified. On
a slice by slice basis, 2D-DCT is computed on segmented gray
matter, white matter, and cerebrospinal fluid to get an arrangement of frequency components. Since most of the frequency
components are concentrated at the beginning of the 2D matrix, a lower dimensional matrix is selected to optimally capture most common frequency components. Normalized average of the three sub-matrices thus generated is taken which is
then stored linearly to make up the DCT feature.
For DWT, Daubechies’s D4, 2-level, 2D wavelets are used.
The wavelets are computed on a per-slice basis for both, the
skull-removed brain and the segmented cortical regions. The
2D matrix forms the DWT component of the feature vector.
LBP is computed for each pixel in a slice by considering
the neighboring pixels. The radius of the neighborhood circle
is varied from 3 to 5 to generate various LBP features.
2.2.2 Textual Features
The imaging data is accompanied by textual information including the detailed demographic information of the patients,
and the scores for various cognitive tests conducted to identify any possible dementia. Cognitive scores have been established as reliable indicators of the patient’s condition [4].
Mini-Mental State Examination (MMSE) has been proved to
accurately predict cognitive decline [6]. Clinical Dementia
Rating (CDR) uses six domains of cognitive and functional
performance: Memory, Orientation, Judgment & Problem
Solving, Community Affairs, Home & Hobbies, and Personal
Care; to identify the possible cognitive decline [3]. Multinomial logistic regression was used to identify the variables that
contribute to the prediction of Alzheimer’s disease. It was
found that Age, MMSE, and CDR contribute significantly to
the predicting the right class.
2.2.3 Fusion Model
The visual and textual features once generated are combined
together to form a feature space for the further processing.
The fusion model is based on multinomial regression training on the generated visual and textual characteristics. Dimensionality of the resulting feature vector was reduced by
applying SVD to identify the independent dimensions of the
feature space. The sub-space thus found is used to conduct
the classification and retrieval. The feature is represented as a
2D matrix and will be refrerred to as a feature matrix.

2.3

Classification

When a user searches for a particular scan, the system first
automatically classifies the image into one of the three possible classes of AD, MCI, and normal. SVMs are arguably

one of the best classification schemes for generic data, and
their application has been explored in [9, 16, 5]. The classifier plays a dual role in the context of vfM: at a basic level
the classifier is important to give radiologist or physician an
estimate of the class to which any new scan may potentially
belong to; for a physician interested in finding similar cases,
this is important as it gives the systems insight about what
may be the scenario, and may well provide the first step towards an accurate diagnosis. During the actual retrieval operation, the estimate of class can further be utilized to enhance
the retrieval performance of vfM

2.4

Retrieval

Once the input scan is classified the distance between the
input scan and the rest of the images belonging to that class
is calculated. The resultsv
are ranked on the basis of Euclidean
uX
n
distance.
um X
R =p×t
(xij − yij )2
(1)
i=1 j=1

The decision estimates provided by the classifier is combined with the distance calculated to rank the search results.
The rank R for a search result is estimated by Equation 1
where p indicates the estimate that the input query belong to
a particular class.

2.5

Relevance feedback

Due to the presence of initial gaps in the query representation in capturing users information need, the retrieval results
in the initial presentation may not be satisfactory. The problem is more pronounced in image retrieval due to the ambiguities and uncertainty that arise while interpreting an image.
The uncertainty makes it necessary to seek additional information from the query initiator as feedback to improve performance. vfM assumes binary relevance (yes or no). The system uses the user-provided feedback to perform inter-session
and intra-session re-ranking.
A session is defined in terms of steps involved in answering
a single query. Initiation of a new query indicates the start of
a new session. Intra-session feedback refers to using the userfeedback to improve the search results for the query currently
under execution. Inter-session feedback leverages the userfeedback collected in previous query or queries to improve
the search results for the current query. Figure 1 shows how
intra-session and inter-session feedback are used in vfM. With
this framework, a feedback loop is defined as a cycle during
which the user generates relevance value for the search results
and system uses those values to improve the quality of search
results. The re-ranking procedure is explained in detail in the
following sections.
2.5.1 Intra-session feedback Re-ranking
During the course of a single query session upon presentation
of the first set of results if the user wishes to look at results
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Figure 1. Intra-session and inter-session feedback
beyond the first set, the system tries to re-rank the rest of the
results for the query based on the feedback provided by the
user. The re-ranking in this case can be thought of as an optimization problem. Depending on a pre-selected threshold,
for every query there are two sets of images; relevant and not
relevant. The rank of any image in the retrieved set can be
expressed in terms of the query image , the set of relevant images and the set of non-relevant images . The rank for image
can be computed by modifying Equation 1 as:
min{dik }
R=p×D×
(2)
max{djk }
2.5.2 Inter-session feedback Re-ranking
vfMs architecture can be leveraged to constantly improve its
performance. By the time, the user gives feedback to the system, the query image has already been classified into one of
the three possible classes. For each session the system logs
the images that have been marked relevant for each class and
creates a profile for each class. This profile is called a classprofile. When a user initiates a new query, the image is classified into one of the three classes. Using the predicted class
the rankings for each image in the retrieved set is calculated
based on the class-profile according to the Equation 2. The
class-proflie gets richer with each feedback loop.

3 Experiments
To evaluate the system performance experiments were conducted using the MRI data. Alzheimers Disease Neuroimaging Initiative, ADNI 1 is a five-year research grant to study the
rate of decline or atrophy associated with MCI and AD and to
provide a large collection of image dataset that can be used
for clinical trials and improved diagnosis for AD. A subset of
the ADNI collection containing 354 cases with a total of 1020
scans, with an average of 2.88 scans per subject has been used
for this study. All the MR scans were T1 weighted contrast
enhanced MP-RAGE images.

3.1

Performance Measures

Effectiveness and efficiency are two important performance dimensions for a retrieval system. Effectiveness defines how well the underlying algorithms are performing in
1 http://www.loni.ucla.edu/ADNI/

Table 1. Average Precision at cut-off without
classification, with classification and with feedback and classification
Avg Precision
at 10
at 20
at 30
at 40
at 50

Without
Classification
0.420
0.380
0.370
0.334
0.332

With
Classification
0.816
0.783
0.776
0.750
0.730

With
Feedback
0.895
0.889
0.8831
0.88
0.875

terms of providing accurate results. Efficiency is concerned
with how fast the underlying algorithms and the whole system are performing. In [10] it was acknowledged that only a
limited number of studies have considered time as a performance measure.
In this study, 10 fold cross-validation was used to establish
the classifier accuracy. The classification accuracy indicates
the percentage of images or scans that were classified correctly in their respective classes. The retrieval performance
is measured in terms of precision at cut-off. In vfM, the user
is presented with a “matrix” of eight images with the top left
image representing the closest search result, and other results
arranged in a descending order of their ranks. The average
performance measure is calculated over 25 randomly selected
queries. The queries were distributed with 9 queries in AD, 8
in MCI and 8 belonging to normal class.

3.2

Effectiveness Analysis

The first set of experiments were conducted to estimate the
efficiency of using a classification module in the system. With
this goal the retrieval performance without classification was
compared with retrieval performance with classification. In
table 1 the retrieval performance for whole brain images, with
and without DCT-based classfication, were compared. The
high frequency DCT components were computed with a window size of 5 × 5. It was noted that the system performance
improved with a classifier in between. These first set of experiments led us to further explore the role of the classifier in
detail.
The second set of experiements was conducted to measure
the accuracy of classification and its effect on retrieval performance. We compare the classification accuracy using DCT,
DWT, LBP and their possible combinations. The classification accuracy with the above models was contrasted with the
accuracy with the fusion model. It should be mentioned that
all the scans were segmented into corresponding gray matter, white matter, and cerebrospinal fluid. It was noted that
the classification accuracy with skull-information removed is
siginificantly higher (p = 0.022) than classification accuracy with whole-brain images. No statistically significant difference was found between the classification accuracy using
whole brain and only the hippocampus and skull removed

brain and the hippocampus.
It was also found that the performance with LBP is significantly higher than with DCT or DWT (p = 0.015 and p =
0.005 respectively). The fusion model leads to a maximum
classification accuracy of 86.7%.
The fusion model was based on an experiment showing
that, using only the limited information provided by the available metadata, it is possible to train a high accuracy classifier. An SVM based classifier was trained and tested using the
cognitive scores and age as feature to achieve a classification
accuracy of 99%. The high accuracy of a text based classifier allowed us to hypothesize that combining the available
metadata with the visual features should improve the classifier
performance.
Exploring the classification results further led to examining the classification accuracy for each class. Based on experimental observation it was noted that the maximum classification accuracy was achieved for MCI class. The results exceed
the previously published results for classifying the images using skull removed brain into MCI and Control [7]. The classification accuracy using the hippocampus region is 86.69%
which also exceeds the state-of-the-art classification accuracy
of 85.6% reported in [7].
Literature suggests that increasing the amount of available
information should improve the system performance. Experiments were conducted to gauge the effect of centrality and
window size on classification and retrieval as a measure of
varying available information. Centrality defines the number
of slices we chose to represent the scan. With a centrality of
11, 21 and 151 the classfication accuracy achieved was 86.7%,
87.2% and 85.8% respectively. The system uses two window
sizes. The first window size refers to the number of DCT coefficients used as the feature. The second window size refers
to the number of pixels considered in the neighborhood of any
pixel while computing LBP.
Table 2. Effect of DCT window size on classification accuracy
Window Size
3×3
5×5
7×7
9×9

Classification Accuracy
69.7279
71.7687
70.068
70.7483

Table 3. Effect of LBP window size on classification accuracy
Window Size
3×3
4×4
5×5

Classification Accuracy
85.76
85.91
85.76

From Table 2 and Table 3 it can be seen that increasing the
amount of information available to the system does not necessarily improve the classification or retrieval performance.

Average Precision

From these (apparently counter-intuitive) results, it can be inferred that, since most of the components are clustered at the
beginning of the feature matrix, adding more information does
not necessarily improve the quality of the available information and does not contribute any new knowledge.
The amount of information available to the system can also
be varied by processing the input image from which the features are generated. It was interesting to note the effect of
varying segmentation levels on retrieval performance. Using
the fusion model, the effect of segmentation on retrieval performance is summarized in Table 4. Though there is an increase in the average precision for skull removed brain, it is
not statistically significant. This is in contrast with the significant increase in the classification accuracy with segmentation.

Probability
Figure 2. Effect of varying probability threshold
on average precision

Table 4. Effect of varying segmentation level on
retrieval performance
Avg Precision

Whole Brain

at 10
at 20
at 30
at 40
at 50

0.8422
0.8486
0.8306
0.827
0.808

Without Skull
Brain
0.8567
0.8412
0.84
0.8274
0.8122

Hippocampus
0.8464
0.841
0.8296
0.8264
0.81

Following the analysis of classification, we wanted to understand its effect on retrieval performance. Table 5 highlights
the effect of varying LBP window size on the average preicision of the system using LBP based classifier. It can be noted
that highest retrieval performance was obtained for a window
size of 3 × 3.
Table 5. Effect of varying LBP window size on
retrieval performance
Window Size
Precision at 10
Precision at 20
Precision at 30
Precision at 40
Precision at 50

3×3
0.8342
0.791
0.77
0.7685
0.75

4×4
0.8138
0.7792
0.7665
0.7603
0.741

−(diX −µ)2
1
pi = √
e 2σ2
∀diX ∈ D
2πσ 2

5×5
0.8103
0.7585
0.756
0.7617
0.732

To evaluate the system performance with relevance feedback it is important to model the user selection. The user in
vfM is modeled according to the following rules:
1. Any image (i.e. scan) that does not belong to the estimated class is considered non-relevant.
2. Any other image is assigned relevant or irrelevant based
on a normal probability on the distance between the
search result and the query.
The set of distances between the the query image X and
the search result is denoted by D = {d1X , d2X . . .} , and the
probability of an image being relevant to the query image is
defined according to the following equation:

(3)

where σ and µ represents the standard deviation and the
mean of D. Depending on the threshold value pt , an image is
marked relevant only if pi ≥ pt where pt can take any value
between 0 and 1.
From Table 1 it can be seen that the performance of the
system with relevance feedback is considerably higher than
without feedback. The results observed are due to the promotion of relevant images to the top of the list. When a user
initiates a new query, the inter-session re-ranking of the images considers the feedback provided by the other users at the
class level besides taking into account the confidence in the
class prediction. As those images that are marked as relevant
influence the learning process, we also wanted to study the effect of varying the threshold for determining relevance on the
retrieval performance.

3.3

Efficiency Analysis

vfM was conceptualized with an aim towards providing almost real-time access to images relevant to the scan in question. Not many researchers have attempted to define efficiency
in this way. With a growing collection of MRI scans and relatively short time available to clinicians for diagnosis, it becomes imperative to bring this aspect of system performance
into medical image retrieval.
Experiments were conducted to characterize the times required to build a classification model and to classify a scan.
The different times were contrasted for the different types of
features (DCT, DWT, LBP, fusion model) and their combinations. The time efficiency was also noted by varying the
window sizes for DCT and LBP.
Figure 3 highlights the time needed to train the classifier
along with the time needed to classify any scan in one of three
classes. As can be seen, as the number of features increases,
the times needed to train the model and for classification increase accordingly. The important observation here is that,

Figure 3. Model training and classification time
for different feature types
although the training time is large, model generation is only
a one time process. Once a model has been generated, when
a new scan comes in, it only needs to be classified into one
the classes using the model that was generated offline. The
classification time is not large and works well for a real-time
system.

4 Discussion and Conclusion
Traditional retrieval models, including those designed to
handle images, have become inadequate as image collections
have grown in size and complexity. Relevance feedback is a
means to leverage users impact (and expertise) to improve retrieval performance. Most of the current relevance feedback
schemes for information retrieval are designed to treat feedback as input to learning or a classification procedure. This
study validates a realistic content-based image feedback retrieval framework that physicians can use for retrieving cohorts to assist them in diagnosing a condition or analyzing a
case. Using vfM we demonstrate a means to employ texture as
the fundamental description of MRI scans, combine it with associated textual information, and learn from previous queries
to produce optimal search results. The results show that vfM
can successfully leverage user feedback and associated information to achieve retrieval performance that exceeds the best
results reported so far.
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