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Abstract

We present a statistical model for organizing image
collections which integrates semantic information
provided by associated text and visual information
provided by image features. The model is very promising
for information retrieval tasks such as database browsing
and searching for images based on text and/or image
features. Furthermore, since the model learns
relationships between text and image features, it can be
used for novel applications such as associating words
with pictures, and unsupervised learning for object
recognition.

1. Introduction

We present a method which organizes image databases
using both image features and associated text. By
integrating the two kinds of information during model
construction, the system learns links between the image
features and semantics which can be exploited for better
browsing (§3.1), better search (§3.2), and novel
applications such as associating words with pictures, and
unsupervised learning for object recognition (§4). The
system works by modeling the statistics of word and
feature occurrence and co-occurrence. We use a
hierarchical structure which further encourages semantics
through levels of generalization, as well as being a natural
choice for browsing applications. An additional advantage
of our approach is that since it is a generative model, it
implicitly contains processes for predicting image
components—words and features—from observed image
components. Since we can ask if some observed
components are predicted by others, we can measure the
performance of the model in ways not typically available
for image retrieval systems (§4). This is exciting because
an effective performance measure is an important tool for
further improving the model (§5).

A number of other researchers have introduced
systems for searching image databases. This work
includes search by text [1, 2], search by image feature
similarity [3-6], search by segment features [7], search for
specific types of images using more compressive methods

[8, 9], and search by image sketch [1]. A few systems
combine text and image data. Search using a simple
conjunction of keywords and image features is provided
in Blobworld [7]. Here the image segment color is
translated in a pre-processing step into one of a handful of
color categories. Thus, image feature search becomes a
text search, and standard database systems can be used
for the query. This is efficient, but potential for more
sophisticated use of image features is limited. Webseer
[10] uses similar ideas for query of images on the web,
but also indexes the results of a few automatically
estimated image features. These include whether the
image is a photograph or a sketch and notably the output
of a face finder. Going further, Cascia et al integrate some
text and histogram data in the indexing [11]. Others have
also experimented with using image features as part of a
query refinement process [12]. Enser and others have
studied the nature of the image database query task [13-
15]. The model we build on is developed in [16]. Others
also argue for statistical models of data for image
retrieval [17]. Finally, in the area of using associated text
for image understanding the work of Srihari and others
[18-22] bears mentioning.

For the image retrieval component of this work we
insisted that browsing was well supported. This is in
contrast with many existing systems where the main
access to the images is through query. This puts the
burden on the user to pose the correct question, and the
system to provide the correct prompts. It is simply easier
for the user to find an image of interest if some structure
can be imposed on the collection and exposed to the user.
Other work emphasizing this philosophy include the
application of multidimensional scaling using the Earth
Mover’s distance to image displays [23]. Our interest in
browsing leads us to consider a hierarchical model which
imposes a coarse to fine, or general to specific, structure
on the image collection. Such structure is part of
semantics, and therefore we proposes that a hierarchical
system is better poised to capture semantics than a flat
one.



automatically consulted for interesting images, without
ever having to be indexed by feature. The images found
could then be analyzed in more detail.

The association of text with images is even more
interesting from a computer vision perspective because it
is a form of minimally supervised learning of semantic
labels for image features. Although extreme accuracy in
this task is clearly wishful thinking, we argue that doing
significantly better than chance is useful, and with care
could be used to further boot-strap machine recognition.
We describe one step in this direction in the following
section.

To use the model to attach words to pictures, we
compute the probability that an image emits a proposed
word, given the observed segments, B:
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At a glance  the term P l c B( | , )  is difficult to compute.
Interestingly, substituting the average value, P l c( | ) , only
slightly degrades the answer, compared with using a more
accurate estimate of P l c B( | , ) . The more accurate
estimate is obtained by essentially refitting the model for
a few iterations using the observations B, but without
updating  node specific parameters.
Figure 6 shows some sample results. To further test how
well the annotation procedure works, we use the model to
predict image words based only on the segments, and
then compare the predicted words to the keywords. We
perform this test on the training data, and two different
test sets. The first set is randomly selected from the held
out set from the proposed training data. The proposed
training data comes from a number of Corel CD’s. For
the second set we use images from other CD’s. It is
important to consider such a hold out set because the each
Corel CD contains images with a single theme.

Keywords
GRASS TIGER CAT FOREST

Predicted Words (rank order)
tiger cat grass people water
bengal buildings ocean forest
reef

Keywords
HIPPO BULL mouth walk

Predicted Words (rank order)
water hippos rhino river grass
reflection one-horned head
plain sand

Keywords
FLOWER coralberry LEAVES
PLANT

Predicted Words (rank order)
fish reef church wall people
water landscape coral sand
trees

Figure 6. Some annotation results showing the original image, the Blobworld segmentation, the Corel keywords, and
the predicted words in rank order. The test images were not in the training set, but did come from the same set of
CD’s used for training. Keywords in upper-case are in the vocabulary. The examples chosen descend in accuracy
from excellent (top) to poor (bottom). Flower examples similar to this one often do well, as the large, colorful segments
provide a significant cue. However, in this case, the blobs show more affinity to the ones in non-flower clusters. The
prediction of the word “reflection”, which is correct by the image, but not by the available keywords, illustrates how this
method can be used to finesse some very difficult problems. Reflection is proposed by the system because it occurs
with words like “water” and segments like the ones in the image.



Given a test document and the associated words, we
average the predicted probability of each observed
keyword, which is the quantity the calculation above
seeks to maximize. We scale these probabilities by the
probability of occurrence, assuming uniform statistics,
which specifies the extent to which the model predicts the
word relative to complete ignorance. It is possible to do
better than complete ignorance without considering image
content by guessing words in proportion to their
frequency of occurrence. Thus a more rigid test is how we
do against this process, and thus we report a similar score,
where each prediction was normalized by the overall
probability of the word given the model. For a third
measure we look at the 15 top ranked words, scoring each
inversely to its rank. Thus, if a document word is
predicted at rank 5, then it gives a score of 1/3. This
measure is meant to capture the process of eyeballing the
results. If a word does not occur in the top 15 or so, we
loose interest in looking for it. Specifying a fixed cutoff
also makes such a measure less sensitive to vocabulary
size.

Table 1 summarizes the annotation result using the
three scoring methods and the three held out sets. We
average the results of 5 separate runs with different held
out sets. Using the comparison of sampling from the word
prior, we score  3.14 on the training data, 2.70 on non-
training data from the same CD set as the training data,
and 1.65 for test data taken from a completely different
set of CD’s.

4.1. Links to recognition

Given the task, we are not surprised that the results using
images from different CD’s are somewhat lower than the
results with images from the same CD as the training set.
The nature of the task being attempted is exemplified by
predicting words like SKY in images of airplanes, after
being trained on images of rhinos and tigers. Doing

significantly better than chance on this general task
indicates that the system has learnt some correspondences
between image components and words. This means that
the system has learnt, with minimal supervision,
something about recognition. This in turn is interesting in
the face of a key vision problem, namely how to approach
general recognition. Systems have been build which are
relatively effective at recognizing specific things, usually
under specific circumstances. Doing well at these tasks
has generally required a lot of high quality training data.
We also use a lot of data, but it is of a much more
available nature. There is no shortage of image data with
text, especially if one includes video. It seems that the
information required is contained in these data sets, and
therefore looking at the recognition problem in this way
should bear fruit.

5. Discussion

An important characteristic of the system is that we can
measure its performance in a principled way by taking
advantage of its predictive capabilities. In the previous
section we used this to measure the annotation
performance. The next step is to exploit this  capability to
improve the model. We can use our performance measure
to study things like tree topology, data pre-processing,
compromises made for scalability, training  parameters,
and word and segment vocabulary selection, as discussed
further below.

One possible problem facing the application of this
work to more general datasets, is that there may be words
in the vocabulary which have no relevance to visual
content. At best, such words cause random noise, but in
doing so they take away probability from words which
are more relevant. Some of these words could be culled if
they are standard stop words, but this will leave data set
dependent stop words. An example of such a word might
be the name of the person who catalogued the image.
Such words could be removed by observing that their
emission probabilities are spread out over the nodes.
Whether this automatic vocabulary reduction method
makes sense depends on the nature of the data set. In the
case of the Corel data set, the key word sets are both
small and pertinent, and a quick investigation indicates
that for this kind of data, global vocabulary selection is
not appropriate.

A more serious difficulty with attaching words to
pictures is that it relies on semantically meaningful
segmentation. Such segmentations for general images
will not become available in the near future. Our method
works because given a healthy amount of data, some
segmentations work well enough, and some words are
sufficiently correlated with the segment features. Many
words and segments, however, just add to the noise. For

Rank
Average

Relative to
uniform prior

Relative to
actual prior

Training data 0.64  (0.01) 4.92  (0.24) 3.14  (0.18)

Test data, from
same CD set as
training

0.60  (0.02) 4.53  (0.28) 2.70  (0.20)

Test on data from
different CD set
from training.

0.50  (0.02) 3.82  (0.13) 1.65  (0.12)

Table 1. Annotation results on the three kinds of test
data, with three different scoring methods. Error
estimates are given in parenthesis. The maximum
posbble score is 1.0. A score of 0.5 indicates that an
average, predicted words are at rank 7—in other
words, quite likely to be in the top 10.



example, we expect  that with good data, we should be
able to learn a relationship between  an orange ball in the
upper half of the image and the word “sun”.  On the other
hand, it would not surprise us if words like “omelet”—an
actual  Corel keyword— are never reliably predicted. The
omelet is simply not obvious, even to a human, in any of
the pictures, and is rarely, if ever, segmented as such. In
general, some segments are more useful than others.

Given this analysis, it is compelling to use the model
to identify which words and image segments can be
related given the data and which can’t. It should then be
possible to use this information to improve the training
process. For example, if the word omelet cannot be
predicted by  image segments, then it may be best to
remove it from further training. The same should apply to
image segments. If a given segment cannot be predicted
very well by the associated words, then perhaps it should
be culled from the data set.

We stress that these strategies are possible because
we have a way to measure performance. This is but one of
the advantages of using a generative statistical model. By
using such a model to integrate the semantic information
available in text and image segments, we can support
powerful browsing, creative searching, novel applications
such as attaching words to images, and may provide some
insight to the object  recognition process.
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