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ABSTRACT

Better utilizing the vast amount of valuable information stored
in the medical imaging databases is always an interesting re-
search area, and one way is to retrieve similar images as a ref-
erence dataset to assist the diagnosis. Distance metric is a core
component in image retrieval; and in this paper, we propose a
new learning-based distance metric design, based on regres-
sion and classification techniques. We design a weight learn-
ing approach by classifying the similar-dissimilar data sam-
ples, and a further optimization with a sparsity-constraint re-
gression algorithm for feature selection. The learned distance
metric is generally applicable for medical image retrievals.
We evaluate the proposed method on clinical PET-CT images,
and demonstrate clear performance improvements.

Index Terms— image retrieval, distance metric, regres-
sion, sparsity, classification

1. INTRODUCTION

As digital medical images are produced in ever increasing
quantities, vast amount of valuable information is stored in
the imaging databases, but remains largely unexplored. To
better utilize such information, physicians can use a com-
puterized content-based image retrieval (CBIR) system to re-
trieve images similar to the query image, and the retrieved
images can then be used for medical researches, or as a refer-
ence dataset to assist the patient diagnosis [1].

Similarly to CBIR approaches in the general imaging do-
main, the core components of a medical CBIR system are the
feature extraction and similarity measure [2]. Usually, an im-
age is first represented as a vector of features, and then the
degree of similarity between two images is computed based
on a distance metric. Both components affect the retrieval
performance greatly, and in this work, we focus on designing
a new and effective distance metric.

This work was supported in part by ARC and PolyU grants.

978-1-4577-1858-8/12/$26.00 ©2012 IEEE

1775

For vector-based image features, basically any between-
vector distance metric can be applied, such as the Euclidean
and histogram-intersection distances. It is also well acknowl-
edged that with high dimensional feature vectors, not all fea-
tures should contribute equally to the distance computation.
Therefore, feature weights are normally incorporated into the
distance metric for a more effective similarity measure. The
feature weights are often determined based on predefined con-
structs, such as the object volumes [3], and category [4] or
level [5] specific values. Although these choices of feature
weights are often intuitively suitable for the problem areas,
there is no guarantee that such feature weights would lead to
high retrieval performance.

Learning-based approaches have thus been proposed for
obtaining feature weights that optimize the retrieval mea-
sures. The triplet-based learning methods [6, 7] are probably
the most popular now, with their explicit modeling of the
similar-dissimilar triplet relationships between data samples.
Variations of such methods have also been proposed for med-
ical images recently [8, 9, 10]. A common problem with these
triplet-learning approaches is, however, the large number of
training samples that is proportional to the possible combi-
nations of all triplets, and the resultant long training time.
A different type of learning-based techniques derives the
feature weights by classifying the features into various cat-
egories [11, 12] rather than modeling the similar-dissimilar
relationships, and can be trained with fewer training samples.
However, since such feature weights are optimized for classi-
fication, they normally do not imply a good nearest-neighbor
measure, which is the actual means used to measure distances
between images and to retrieve similar images.

In this paper, we present a new distance metric learn-
ing method based on regression and classification. Our main
contributions are three-folds. First, the feature weights are
learned by classifying the between-vector distances into simi-
lar or dissimilar categories. Comparing to the triplet-learning
approaches, our training sample formulation leads to a sim-
pler solution with higher effectiveness and efficiency. The
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classification procedure is also essentially different from [11,
12] that the optimization objective is to differentiate similar
images from the dissimilar ones. Second, to further opti-
mize the distance metric, we design a regression-based ap-
proach with sparsity constraints to select a subset of features
before the weight learning. Comparing to the conventional
dimension reduction techniques such as the principal compo-
nent analysis (PCA), our approach effectively integrates the
similar-dissimilar objectives during the feature selection in a
supervised manner. Third, our proposed method is generally
applicable to all image retrieval problems; for evaluation pur-
poses, we test on clinical PET-CT images with our recently
proposed feature vectors [10], and demonstrate clear perfor-
mance improvements.

2. METHODS

2.1. Background

Let f; and f; be the n-dimensional feature vectors of image I
and .J. The distance value between them is computed as d;;:

dij = w - A(fi, [5) (n

where A(f;, fj) € R™ ! is a feature distance vector, with
each element representing the difference of corresponding
feature elements between f; and f;; and w € R™*! is the fea-
ture weights. In our formulation, the distance vector A(f;, f;)
can be computed using any vector distance functions (e.g. L1
and L2); and the objective is to optimize the feature weights
w to achieve high retrieval performance.

In a triplet-learning framework [6, 7], given three images
I, J and K, with I similar to JJ but dissimilar to K, ideally the
distance metric should satisfy w - A(fi, f;) < w - A(fi, fx),
which is equivalent to the following by scaling w:

The goal is thus to minimize the total empirical loss given a
set of 7" training triplets:

T
ST —w (A fr) — AU £3)i)+ 3)
t=1
where ¢ denotes the tth training triplet (f;, f;, fx). Such a
goal is normally integrated into a large margin construct as a
optimization constraint to solve for w.

It can be seen that this triplet-learning naturally captures
the similar-dissimilar relationships in retrieval. However, as-
suming there are /N images, the maximum number of triplet
samples is N - (N — 1) - (N — 2), which is potentially quite
large. If we ignore the ranking information between similar
images, and assume each image has on average P similar and
@ dissimilar images, the number of triplet samples reduces to
N - P - Q. To further reduce the training size, bootstrapping
approaches [10] have been used; however, the learned feature
weights w might then be sub-optimal.
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Fig. 1. Toy examples on a 2-dimensional feature space, with
image [ similar to J and dissimilar to K. Green and blue
represent the two classes {—1, 1}, and purple indicates the
separation line. (a) Feature distance space A, and A5, with
A;; and Ay, denoting A(f;, f;) and A(f;, fx). (b) Feature
space x1 and 2.

2.2. Classification-based Weight Learning

Based on the above background, we propose a different
weight-learning method. With the distance metric same as
Eq. (1), we define label I € {—1, 1} for d;;, with 1 indicating
I similar to J and -1 otherwise. The problem of similarity
measure can be thus rephrased as the following: given two
images I and J, we want to obtain the optimal labeling for
their feature distance d;; by:

I* = argmax P(l|d;;) “4)
1

where P(.) is the probability estimate. A large difference be-
tween P(1|d;;) and P(—1|d,;) helps with high labeling accu-
racy, and such an objective can be modeled as a large-margin
optimization problem between the two classes {—1, 1}.

We solve the problem using a linear-kernel support vector
machine (SVM) [13]:

argmin, ¢, 3 || w [I* +C %, &

5

s.t. Vt : lt(OJ'A(fi,fj)t) > ].—ft, ft ZO ( )
where t indexes the training sample (f;, f;). The empirical
loss &, and regulation parameter C' follow the standard defi-
nitions in SVM, and the bias term b is merged into w by ap-
pending A(f;, f;)¢ with an additional dimension of constant
value 1. With a set of T training samples, the feature weights
w are then derived.

Although our approach resembles closely to the triplet-
learning methods without considering the ranking informa-
tion between similar images, it exhibits two main advantages.
First, since our optimization objective is to maximize the sep-
aration margin between the similar and dissimilar categories,
it is easier to accommodate less discriminative feature vec-
tors. To further clarify, as shown in Fig. la, large feature
distances may exist between similar images A;;; to enforce



Eq. (3) between all pairs of A;; and A, is thus more com-
plicated than just to establish a separation line between the
two sets of samples. Second is the much reduced training size
and shorter training time. With N images, and each having
on average P similar and () dissimilar images, the number of
training samples is thus N - (P 4 @), which is much smaller
than the number of triplet samples N - P - Q.

We also illustrate that if the classification is performed in
the original feature space f;, rather than the feature distance
space A(f;, f;), the derived weights would not be suitable for
similarity measure. As shown in Fig. 1b, if the margin differ-
ences between f; and f; is larger than that between f; and fy,
image I could be identified as more similar to K rather than
J. This is also in accordance with Eq. (1) that w is in fact
applied to the feature distance vector.

2.3. Regression-based Feature Selection

To further optimize the feature weights for the distance met-
ric, we propose to perform feature selections before training
for the feature weights w. To do this, a least squares regres-
sion with sparsity constraints [14] is incorporated:

argmin, 1y — Da|? + Lol

st x| £ Z ©
Here ||y — Dz||? is the least squares term, ||z||3 is the L2
regularization term, and ||z||; < Z is the sparsity constraint
with Z < n, where n is the feature dimension of f;. The
vectory = {y; : t = 1,..., T} € {1,2}7*! is the labeings of
the data samples D = {A(f;, fj)¢} € RT*", and z € R"*!
is the corresponding weight vector.

The idea is that we want to minimize the non-zeros ele-
ments in z, while achieving a low regression error simultane-
ously. The non-zero elements in = then indicate the features
selected, and x is then used to refine the weight learning by
modifying Eq. (5) as the following:

slwl>+CY, &
l(w-x-A(fi, fi)e) =21 =&, & >0

Note that here x is also appended with an additional dimen-
sion of constant value 1 to accommodate the bias term in w.

argmin,, ¢,

7
s.t. VYt - @

2.4. Evaluation Method

The distance metric designed can be generally applied to any
imaging modality. In this work, we test the proposed method
based on our previous CBIR work on positron emission to-
mography — computed tomography (PET-CT) thoracic im-
ages from non-small cell lung cancer (NSCLC) studies [10].
In [10], a grid-based bag-of-words representation is first
created with 16 feature words. The center of lung tumor is
then estimated as the area with the highest standard uptake
value (SUV), and a hierarchical bag-of-words feature vector
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fi of dimension 336 is derived originated from the center of
the tumor. Image similarities are then computed based on a
weighted histogram-intersection distance metric between the
feature vectors, and the feature weights are obtained using
the triplet-learning approach. In this work, we adopt the same
feature vector f;, but replacing the distance metric with our
proposed method. The retrieval performance is evaluated us-
ing precision and recall, for all levels of retrieval recalls.

The retrieval tests are performed on 40 PET-CT thoracic
images, which are acquired using a Siemens TrueV 64 PET-
CT scanner at the Royal Prince Alfred Hospital, Sydney. For
each patient study, the other 39 patient studies were manually
marked as similar or dissimilar as a benchmark for measur-
ing the retrieval performance. The similarity of cases was
determined based on the spatial contexts and appearance of
primary lung tumors and abnormal lymph nodes. In particu-
lar, the location of lung tumors in the lung and relative to the
mediastinum (e.g. with invasion) was an important factor of
similarity. The number of similar cases for each case ranged
from 1 to 11, with an average of 4.75 [10]. A preprocessing
is performed on each image slice to remove the soft tissues
outside of the lung field and mediastinum using thresholding
and connected component analysis.

3. RESULTS

From our experiments, for weight learning, the choice of
training images has high impact on the retrieval results. We
choose to employ a bootstrapping approach for training im-
age selection. The procedure is briefly described as follows.
First, a number of images exhibiting typical lung tumor char-
acteristics are selected. Then, training is conducted and based
on initial testing results, images showing poor retrieval per-
formances are added to the training set. The second step is
executed iteratively until the total number of training images
reaches 10 (i.e. 1/4 of the total database size).

A separate training is also conducted for the regression-
based feature selection, using the same training set con-
structed for weight learning. As a result of the feature selec-
tion, the feature dimension is reduced from 336 to 314. Fur-
ther reduction is possible, but that leads to information loss
and less optimized regression goal. With the 314-dimensional
features selected, we obtain on average 1% improvement of
retrieval precision for all levels of recalls, comparing to the
original feature set.

We then compare our proposed distance metric with the
baseline techniques: (i) feature weights are not used (No-
W); (ii) a triplet-learning method trained using all triplet sam-
ples created from the training images (Trip-All); and (iii) a
triplet-learning method trained with reduced triplet samples
selected with a bootstrapping procedure (Trip-B) [10]. As
shown in Fig. 2, our proposed method achieves the highest
retrieval precisions. Without the feature weights, as expected,
the retrieval precisions are much lower. The two triplet-based
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Fig. 2. The average precision and recall of retrieval results.

methods result in similar retrieval performances, but Trip-
All outperforms the other for recalls > 0.6. This can be ex-
plained by the optimization criteria during the bootstrapping
procedure, which aims at maximizing the retrieval precisions
for the first a few retrievals. The on average 5% improve-
ments over Trip-All shows the advantage of our regression-
and classification-based distance metric design. We believe
that due to insufficient discriminative power of the feature
vector, triplet-learning is affected negatively by training sam-
ples exhibiting contradicting similar-dissimilar relationships,
which could be better handled with an SVM-type formula-
tion. However, we also acknowledge that the selection of
training images does affect the retrieval results. If too few
images are used for training, both types of methods would
show lower performances, and the advantage of the proposed
method would be less obvious.

We then further test our proposed method using other
types of features. First, we change to use the popular 128-
dimensional SIFT descriptor with the proposed distance met-
ric; although the retrieval precisions are quite low as shown
in Fig. 2 (SIFT-W), it would have been on average 12% lower
if without the learned feature weights. We also find that lit-
tle improvement is obtained by integrating the new distance
metric with [3]; and we believe it is due to its low feature
dimension (i.e. 16). We thus suggest that a relatively high di-
mensional feature vector is helpful to achieve good similarity
measures with our proposed method.

4. CONCLUSIONS

In this paper, we present a new distance metric design for
medical image retrieval with regression-based feature se-
lection and classification-based weight learning. Based on
vector-based feature descriptors and distance function, the
feature weights are learned by classifying the similar and
dissimilar feature distance vectors. A feature selection pro-
cedure is also conducted for further optimization with a
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sparsity-constraint least squares regression model. The pro-
posed distance metric is evaluated on PET-CT thoracic im-
ages, and promising results are observed comparing to the
baseline techniques.
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