
The Web provides an
increasingly
powerful and
popular publication
mechanism. Web
documents often
contain a large
number of images
that serve various
purposes.
Identifying the
functional categories
of these images is an
important task in
Web repurposing.
This article describes
a study on the
functional
categorization of
Web images using
data collected from
news Web sites.

A
s an online publishing mechanism,
the Web has become increasingly
oriented to multimedia content.
Many Web documents contain a

number of images, and these images tend to be
heterogeneous. For example, a news Web page
might contain images corresponding to specific
news stories, icons representing forecasts, and
images containing mostly text to serve as section
headings. Automatically identifying the func-
tional image categories could be useful for many
Web-based information-processing tasks, includ-
ing information extraction, Web mining, Web
page summarization, and mobile access.

Web page analysis for repurposing content for
wireless devices has become an active research
area.1-4 Functionality-based categorization of
images in this case can help in setting priorities
for transmission to devices that have limited
bandwidth. While there has been some research
of this kind on Web image analysis, the research
has largely focused on two particular areas. One
is the extraction and recognition of text con-
tained in Web images.5,6 The other is image
search and retrieval on the Web.7-10

However, no research has systematically
focused on functionality-based image catego-
rization. While some projects have focused on
the statistics of images containing text on the
Web,11 no statistics have been collected on the
distributions of other image categories. This arti-
cle addresses this issue. A major difference
between this work and past work on the subject

is that past work has been focused on the con-
tent—that is, on what the image is about. In con-
trast, the issue that is more relevant for Web
repurposing is how to categorize an image on the
basis of how it is used.

For our initial study, we use data collected
from news Web sites because they generally
involve the most diverse set of images and thus
pose the greatest challenge for automatic catego-
rization. In addition to describing the image cat-
egories found in such Web pages and identifying
the main research issues involved in automatic
categorization, we present a case study that dis-
cusses an automatic-identification algorithm that
makes use of visual image features and informa-
tion contained in the surrounding text to sepa-
rate images from other categories.

Image categories
We collected the data we used in this study

from a selection of front pages that correspond
to 25 randomly selected news Web sites, as listed
in Table 1.

Because there has been no previous compre-
hensive study on identifying and classifying
images found on news Web pages, we had to
define both the categories and their descriptions.
Our analysis yielded seven functional categories
for the images. Each category is described in
detail below with examples shown in Figures 1
and 2. Figure 1 shows the sample images while
Figure 2 displays the images in their respective
surrounding contexts, which are important in
determining their categories.

The story images category contains images
whose content is associated with a story that
appears on the page. The story associated with
the image need not necessarily be present in its
entirety on the page. The most common exam-
ples of such images are those associated with the
top news stories of the day. Figure 2a contains an
example image that is associated with the story
on a game in the last soccer world cup: “Senegal
Stuns France.”

The preview images are those whose content
is associated with a preview of a story. In other
words, the text associated with the image refers
to an actual story appearing elsewhere in the
news site. For example, Figure 2b contains an
image that previews an upcoming movie. The
text corresponding to the image shown in Figure
2b is “Summer movie preview: Get a sneak peek
at this season’s hot flicks.”

Commercial images act as advertisements.
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Figure 1c shows an example of such an image. As
Figure 2c shows, commercial images are often
inserted randomly among unrelated text items.
Meanwhile, host images are images of hosts of
regular columns or programs. These images are
often used to represent the column or program
on the front page—for example, Larry King’s
image that represents his show at the CNN Web
site. An example is shown in Figure 1d.

Heading images usually contain text and serve
as headings for columns and sections. Figure 2e
contains an example of such an image. The
images that are icons and logos consist of those
that represent specific concepts, such as compa-
ny logos or other commonly used icons such as
the image of the sun used to represent a sunny
weather forecast. An example is shown in Figure
1f. Finally, formatting images are used for for-
matting purposes. Some examples include hori-
zontal and vertical lines on a Web page.

The 25 news front pages contained a total of
899 images. We manually annotated these
images according to the categories. Table 2 (next
page) shows the distribution of the images per
category. Because our classification categories are
functional, the analysis yielded some unexpect-
ed results. In particular, three of the numbers in
Table 2 stand out: 32.6 percent for icons and
logos, 22.0 percent for headings, and 12.2 per-
cent for commercials.

First, the number of commercials is lower
than expected, especially when compared to the
number of headings and icons/logos. In addition,
while the numbers for the story and preview cat-
egories fit with our expectations, the number for
the formatting category is higher than expected.
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Table 1. List of Web sites used for our sampling.

Description URL Description URL
Arizona Home Page http://www.azcentral.com Denver Post http://www.denverpost.com

BBC http://www.bbc.co.uk Detroit Free Press http://www.freep.com

BBC News http://news.bbc.co.uk Economist http://www.economist.com

BBC Sport http://news.bbc.co.uk/sport Guardian Unlimited http://www.guardian.co.uk

Boston Globe http://www.boston.com/globe Houston Chronicle http://www.chron.com

Boston Home Page http://www.boston.com LA Times http://www.latimes.com

Chicago Tribune http://www.chicagotribune.com Miami Home Page http://www.miami.com

CNN http://www.cnn.com New York Times http://www.nytimes.com

CNN Sport http://sportsillustrated.cnn.com SF Chronicle http://www.sfgate.com/chronicle

CNN Money http://money.cnn.com Sun Spot http://www.sunspot.net

Canada Home Page http://canada.com/national Telegraph http://www.telegraph.co.uk

Canoe Home Page http://canoe.ca USA Today http://usatoday.com

Dallas Morning News http://www.dallasnews.com

Figure 1. Examples of images found on the Web: (a) story, (b) preview, 

(c) host, (d) commercial, (e) heading, and (f) icon logo.

(a)

(b) (c)

(d) (e)

(f)

(a)

(b) (c)

(d)

(e)

(f)

Figure 2. Examples of images found on the Web within their contexts: 

(a) story, (b) preview, (c) commercial, (d) host, (e) heading, (f) icon logo.
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The large number of images in the icons/logos,
headings, and formatting categories is likely to
be a reflection of the serious efforts of Web con-
tent providers to maintain the unique style and
appearance of their Web front pages.

Automatic functionality-based
categorization

Images contained in Web publications fall
into a diverse set of functional categories. As each
category has a different functional role, each
demands a different treatment in various Web
document analysis tasks. For example, to sum-
marize and reformat a Web page for display on a
small PDA screen, story and preview images
should have the highest priority for transmission,
either as is or as down-sampled images. On the
other hand, commercial images should have the
lowest priority for transmission. For icons/logos
and headings, it might be desirable to recognize

their content through image recognition for the
icon/logo category and optical character recog-
nition (OCR) for the heading category so that
they can be replaced by text labels. This saves
both bandwidth and screen space.

The task of automatic classification of images
into these categories ranges from straightforward
to highly challenging, depending on the catego-
ry. The formatting category can conceivably be
identified with high accuracy using simple image
features such as uniformity, size, and aspect ratio.
Many banner ads also have a distinct aspect ratio.
However, the accurate classification into the rest
of the categories is much more challenging and
requires a combination of sophisticated image
understanding and text-analysis techniques.
Figure 3 shows two examples that demonstrate
such challenges. The image in Figure 3a is a pho-
tograph that could well pass as a story image.
However, the surrounding text reveals that it is
actually an advertisement. Figure 3b shows the
reverse situation: Here the surrounding text is
uninformative. Only by identifying the image as
a graphics image containing mainly text, and fur-
ther recognizing the text, can the image be cor-
rectly classified as a heading image.

We have identified three important research
areas for functional image categorization: the
classification of images into broad categories
(such as photos and graphics), the classification
of the surrounding text, and the extraction and
recognition of text from images. In the following
sections, we analyze these three research areas as
components of functional image categorization.

Image classification
The image characteristic that stands out most

at the first glance of a Web page is whether an
image is photographic or graphic. This feature
has strong correlation with the functional cate-
gories. For example, an image in categories S and
P is more likely to be photographic, while the
other categories tend to contain more graphic
images. We consider text images a subset of
graphic images. The first question you might ask
is whether the image format could be used for
this classification. The two most common for-
mats used for images in Web documents are GIF
and JPEG. GIF is a lossless format more suitable
for graphics. JPEG, developed by the Joint
Photographic Experts Group, is a lossy compres-
sion scheme more suitable for photographic
images.

However, despite this distinction, the conven-
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Table 2. Distribution of the 899 images from the 25 Web sites listed in

Table 1. 

Category Number of Images Percent
Story (S) 91 10.1

Preview (P) 16 1.8

Host (A) 9 1.0

Commercial (C) 110 12.2

Icons and Logos (I) 293 32.6

Headings (H) 198 22.0

Formatting (F) 182 20.3

(a) (b)

Figure 3. Sample Web images: (a) an image that can only be correctly

classified as commercial through text analysis and (b) an image where the

associated text is uninformative and image-based analysis is needed to

achieve correct categorization.
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tion of using GIF for graphics and JPEG for pho-
tographic images isn’t always followed. In the
database described in the previous sections, 14 of
the 91 images in category S are photographic
images in GIF format, while 13 of the 127 JPEG
images are graphic images. Other researchers have
also observed similar mixtures of image classes
within each single format.7 Thus, we can’t use
image format as the primary indication of photo-
graphic or graphic image types. It should only be
used as secondary evidence to resolve ambiguities
after image-based classification.

Much of previous research on image-based
classification in the document-analysis commu-
nity has focused on the classification of text ver-
sus nontext regions within an image,12-14

predominantly using frequency domain analysis
of image intensity. While this is clearly related to
the classification of photographic versus graphic
images, there are some important distinctions.
On the one hand, the common characteristics
used by previous algorithms to identify text
regions do not necessarily hold in the broader
category of graphic images. On the other hand,
a photographic image might very well contain
text as part of the scene.

Another community that has applied fre-
quency domain analysis to photographic versus
graphic image classification is the computer
graphics community. In this community,
researchers have explored the statistical nature of
natural images for the purpose of making com-
puter-generated images look more natural. Some
of the findings in this community will likely be
applicable to the classification problem here.

Because most images on the Web are color
images, it’s natural to explore the color charac-
teristics of different classes of images. Besides
photographic and graphic categories, there are
also finer image categories that are relevant to
functional classification, and whose identifica-
tion presents challenges. Examples include text
images that occur most often as headings or ads,
face images that are often used as logos to repre-
sent regular columns or shows, and symbolic
images such as images representing rainy or par-
tially cloudy weather.

Classifying the surrounding text
Web images are almost always accompanied

by text and such text often contains useful infor-
mation about the images’ nature and content.
Much research has attempted to discover the
associated text for image searching and indexing

on the Web. For that particular task, the most rel-
evant text fields are image file names, image cap-
tions, and alternate text defined by the <alt> tag
in HTML. The functional classification of images
is a different problem requiring a different set of
features as well as techniques. Because the goal is
not to search for a particular image, but rather to
classify any given image into one of several broad
functional categories, the text fields mentioned
above are too specific. Instead, as we can see in
Figure 2, an image’s surrounding text plays a
much more important role in identifying the
image’s functionality. For the same reason, text
classification and categorization techniques are
more relevant in this case than IR techniques.

In particular, text classification will help dis-
tinguish between the S, P, and C categories,
because images in these categories are often close-
ly associated with their textual context. While a
large amount of research exists in text and story
classification, the problem of classifying image
functionality on the basis of textual context has-
n’t been thoroughly studied. In addition,
although there has been work done on classifica-
tion of text corresponding to stories versus text
corresponding to commercials, the work was done
on broadcast news data and the technique used
was tied into the nuances of such a data source.

Extraction and recognition of text
For images containing mainly text, it’s often

desirable to extract and recognize such text. For
example, in some cases the only way to distin-
guish a heading image from a commercial is by
analyzing the extracted and recognized text from
the image. Furthermore, once the text content of
a heading is identified, it can be transmitted in
place of the original image to achieve higher effi-
ciency in both bandwidth and screen space, or
used to generate a text summary of the page.

The extraction and recognition of text from
Web images is a difficult task because of the high
complexity involved in both the background and
the foreground in text regions and the relative
low resolution compared to scanned images.
While many interesting algorithms have been
developed, text extraction and recognition
remains a very challenging research area. A relat-
ed research area is the extraction and recognition
of text from video scenes. While the research in
this area has been largely motivated by informa-
tion-retrieval needs until this point, this tech-
nology is also important for content-repurposing
applications.
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Identifying story and preview images
A quick study of the image categories reveals

that the seven categories identified above can be
grouped into two superclasses. The first superclass,
called SPA, includes categories S (Story), P
(Preview), and A (Host). The second category,
called CIHF, contains the rest of the categories: C
(Commercial), I (Icons and Logos), H (Heading),
and F (Formatting). The first superclass is more
likely to contain photographic images of regular
aspect ratios, and they are often associated with
some story. On the other hand, images in the
second superclass are more likely to be graphic,
have irregular aspect ratios, and often aren’t asso-
ciated with a story.

On the basis of these observations, we
designed our classification procedure as follows.
First, we apply a simple size-screening process to
remove very small images and images of irregu-
lar aspect ratios. To be more specific, what we are
doing is prefiltering with the size aspect ratio.
Almost always, the filtered images are those that
belong in the CIHF class. Our experiments
showed that this simple procedure reduces the
total number of images to be considered by about
half without removing any images from the
desired SPA class.

For the remaining images, the main classifier
to separate the SPA and CIHF classes is built using
both image features and features extracted from
the associated text. Then we use a secondary clas-
sifier using only text features to separate out host
images from the SPA class. The remaining images
are considered story and preview images.

Separating photographic and graphic images
Features from the frequency domain and the

color domain have been proposed separately in
previous research for problems related to the sep-
aration of photographic and graphic images.
After investigating these previous approaches, it
became clear to us that the two domains are com-
plementary to each other and a combination of
the two would likely lead to improved perfor-
mance. We thus designed a new algorithm to
incorporate features from both the frequency and
color domains.

Frequency domain features. Many of the
characteristics separating photographic and
graphic images are reflected in spatial features of
image intensity. For example, graphic images
tend to have many sharp edges whereas photo-
graphic images usually have less well-defined

regions and exhibit a smoother transition
between regions. To exploit such characteristics,
we derive features from the Discrete Cosine
Transform coefficients of 8 × 8 subregions (blocks)
of an image. Such features have been used suc-
cessfully before for text versus nontext image clas-
sification. The main innovation in our algorithm
is that we introduce a clustering procedure
because the images we’re trying to identify—
namely generic graphic images of various types—
are much less uniform compared to text images.

The 8 × 8 DCT results in 64 coefficients. A sub-
set of these are selected using a discriminative
analysis carried out on data extracted and hand-
labeled from a set of training images. First, we
take the absolute values of the coefficients. We
refer to these values as absolute coefficients here-
after. We then normalize the values correspond-
ing to each absolute coefficient by the standard
deviation. To estimate the class discriminative
power of each coefficient, we compute the with-
in-class and between-class variances. Suppose
there are a total of np photographic image blocks
and ng graphic image blocks in the training set.
Let P = {p1, p2, ... , pnp} and G = {g1, g2, ... , gng} rep-
resent the indices of photographic and graphics
image blocks, respectively. Let αk refer to the
absolute value of the kth DCT coefficient. Let
(αk)P and (αk)g represent the means of αk over set
P and G, respectively. We define the within-class
variance as

We define the between-class variance as

We measure the discriminative power of the
kth coefficient by

We then select the top M < N coefficients with
largest δk as the DCT features.

While DCT features similar to that described

δ τ
σk

k

k

=
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above were used directly with success in past
efforts to classify an image block as text or nontext,
our experiments showed that such a strategy does-
n’t work well for photographic and graphic image
classification. This is because both categories con-
tain a large range of different image blocks. For
example, while graphic images tend to contain
sharper edges, they often contain uniform blocks
as well. On the other hand, photographic images
sometimes contain regions of high-frequency vari-
ation such as scene text and fences, as well as the
more typical smooth-transition areas.

To accommodate the large variation within
each class, we apply unsupervised clustering on
the training image blocks using the M-selected
DCT coefficients. To be specific, we used the K-
means clustering algorithm to group the training
image blocks into a predetermined number of K
clusters.15 We then label each training image block
by its cluster index. Finally, we compute a nor-
malized cluster histogram for each image, yielding
a K-dimensional feature. We choose parameters M
and K empirically. In our case study, we settled on
M = 18 and K = 15. For classification, we assigned
each image block to the cluster with the nearest
cluster center and we computed the same K-
dimensional cluster histogram as the feature rep-
resenting the whole image.

Color features. Earlier research has proposed
eight color-related features to distinguish graph-
ic and photographic images. A study of those fea-
tures revealed that many of them are various
heuristic ways of implementing aspects of the fre-
quency-domain characteristics that are better
captured by the frequency-domain features
described previously. We selected two of the
color features that are completely independent
from the frequency domain features and there-
fore add the most discriminative power. The two
features are the band-different and the most-
common colors features.

For the band-different feature, we select a
threshold T between 0 and 255 and initialize a
counter C to 0. For each pixel in the image, if the
difference between the largest and the smallest
RGB components is greater than T, then we
increase the counter C by one. After we have
examined all pixels in the images, the band dif-
ference feature is calculated as C/S where S is the
total number of pixels in the images. This feature
has a range of 0,1 and is a rough measure of the
degree of saturation in the image. Graphic
images tend to get higher values because they

tend to contain purer colors. We chose T = 50.
In the most common colors feature, we find

the N most common colors in the images, given
a predetermined number N. Then we define the
feature simply as the fraction of pixels in the
images that have one of those colors. This fea-
ture again has a range of 0,1 and is a rough mea-
sure of the degree of color concentration. Again,
graphic images tend to get higher values because
they’re often dominated by a few colors. We
chose N = 10 in our experiments.

Combining frequency and color features.
There are two possible ways to combine the 18
frequency domain features and two color features
we described. The most straightforward approach
is to concatenate the two features directly, which
would yield a 20-dimensional feature vector. Our
experiments indicated that this approach, not
surprisingly, doesn’t perform well. The large
number of DCT features overwhelmed the color
features and the technique didn’t improve the
overall performance. 

The second strategy, which we adopted, is to
use a two-stage approach. First, a frequency
domain classifier is trained using the 18 DCT fea-
tures. This classifier gives a classification score for
each image that reflects how likely the image is
graphic. We then use this single score as the fre-
quency domain feature, which is concatenated
with the two color features to form a three-
dimensional image feature. We then train the
photographic-graphic image classifier using these
three features.

Text features
Extracting the text surrounding an image

introduces several challenges. Ideally, we could
use spatial proximity to judge what text is near a
particular image. Unfortunately, while tools for
querying spatial information of nodes in an
HTML Document Object Model (DOM) tree are
being developed, they’re not yet widely available.
To sidestep this problem, we used an approxima-
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tion in our experiments. For each image, we
extracted text nodes in the neighborhood of the
image node in the DOM tree within a maximum
of two levels. We extracted a maximum of 20
words for “before text” (from text nodes to the
left of the image node) and “after text” (from text
nodes to the right of the image node). We pre-
serve structural features, such as whether each
node is a hyperlink, during extraction.

For each image, the classifier analyzes the set
of extracted text nodes from the neighborhood
of the image. The following feature values are
computed over the set of text nodes:

❚ Hyperlink count is simply a count of the num-
ber of nodes that are hyperlinks. Images in
class H are likely to have larger values for this
feature as compared to images in the SPA
superclass.

❚ Number count is a count of the number of all
numeric words in the nodes. Images in class C
are likely to have larger values for this feature.

❚ Caps count is a count of the number of capital-
ized words present in the text nodes. If the
first word of a node is capitalized, then it isn’t
included in the count as we assume that it’s
the beginning of a sentence. Images in the
SPA superclass are likely to have higher values
for this feature because their contexts usually
contain proper names.

❚ Nondictionary word count computes the num-
ber of words in the text nodes that don’t
belong to a dictionary. It complements the
caps count feature and also tends to have
higher values for images in the SPA superclass
because most proper names aren’t found in
dictionaries. The dictionary used is WordNet,
an online lexical database developed at
Princeton University.

❚ Maximum word count computes the maximum
number of words in any of the text nodes.
Because SPA superclass images are likely to be
accompanied by descriptions, the value of this
feature for the superclass will likely be high.

Combining image and text features
We use the classification score from the graph-

ic-photographic classifier described above as the
final image feature. We then concatenate this fea-
ture with the five text features previously
described to form a six-dimensional feature vec-
tor for each image. We then train a classifier for
the two super classes SPA and CIHF using these
six features.

Host image identification
Once we identify the SPA superclass, we use a

secondary rule-based classifier to separate out the
host images. We then classify the remaining
images in the SPA superclass as story and preview
images. For each text node corresponding to an
image, we identify the proper names in the node
(if any) and then compute the percentage of the
words in the node that belong to the proper
names. For example, in Larry King Live, 66.67 per-
cent of the words belong to the name Larry King.
Once this computation is performed for all text
nodes corresponding to an image, we take the
maximum value. 

If the maximum value is greater than 50 per-
cent, then we proceed to the second rule.
Otherwise, we determine that the image isn’t a
host image. For the text node that contains the
maximum percentage value, we check if the
node is also a hyperlink. If so, then we identify
the current image as a host. Otherwise, it is not.

We wanted to reduce the number of false pos-
itives for the host class as each such instance
directly reduces the recall of the story and pre-
view class. For the Web filtering application we
targeted, high recall of the story and preview
class is more important than high precision,
because missing an important image is a more
serious error than having to transmit a small
number of extra images.

Experiments
The data collected from the 25 Web sites

shown in Table 2 consists of 899 images. To
increase the training and testing sets, we collect-
ed and labeled a second set of front pages from
the same sites but from different dates. We sub-
jected the resulting set of 1,859 images to the
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simple size screening test with a threshold aspect
ratio of 2.5. After the size screening, the resulting
set consisted of 462 images. Table 3 shows the
distribution of the images in this set.

We then divided the set of 462 images into
five roughly equal parts containing an approxi-
mately equal number of graphic and photo
images. We used four of these parts for training
and one for testing, employing the five-fold val-
idation method. In other words, we ran the
experiments five times where, in each run, we
designated one of the five parts as a test set with
the remaining four acting as training sets. We
rotated the process and pooled the five-part
results together to arrive at the overall accuracy
of the classification algorithm. For the trainable
classifiers in the system, we chose to use the
Support Vector Machines (SVM) because they’re
one of the top performing classifiers for text cat-
egorization tasks.16

We tested the effectiveness of the image fea-
tures in separating graphic images and photo-
graphic images. We experimented with both the
linear and the Radial Basis Function (RBF) kernels
for the SVMs. Our results indicated that the RBF
kernels performed better than the linear kernel
for both the intermediate frequency domain clas-
sifier and the final image classifier. The accuracy
we achieved using different sets of features was
91.1 percent for the frequency domain, 89.4 per-
cent for the color set, and 92.5 for the combined
set. The combination of the frequency domain
features and color features lead to better results
than when either feature group is used alone.

For the task of identifying Story and Preview
images, we adopted the standard performance
measures used in information retrieval—namely
recall and precision. To be more specific, given a
target class T, recall measures what percentage of
instances of T are detected by the system, and
precision measures what percentage of images
identified by the system as belonging to class T
are indeed instances of T. As mentioned before,
for the purpose of filtering for important images,
we have tuned the system to favor high recall
over high precision. In terms of the SVM classi-
fiers, we found from our experiments that the
linear kernel performed better in this case.

For the intermediate task of SPA superclass
identification, we had a 90.5 percent precision
measure and 95.4 percent recall measure. We
were able to achieve high performance for both
recall and precision, which indicates that the
division of the SPA and CIHF superclasses is a log-

ical choice.
Finally, after host image removal, we had a

95.3 percent recall and an 82.6 percent precision
for the story and preview class. With the very
simple rules for host detection, we were able to
achieve a rather high level of recall at an accept-
able level of precision. The lower precision is
largely due to the fact that many host images
were left unidentified and points to the need for
more sophisticated algorithms for host-image
detection.

Conclusions
As the popularity of the Web soars, the content

on the Web is increasingly accessed from wireless
devices that have small screens and different
bandwidths. Because many Web documents con-
tain a large number of images serving different
purposes, how to identify the function of each
image so that it can be handled accordingly is an
important issue in Web content repurposing.

Much work remains to be done in function-
based image classification of all images. For exam-
ple, we plan to investigate algorithms to classify
images in the heading category so an OCR system
could be used to extract the text content. We also
plan to explore image-recognition techniques to
interpret images more effectively in the icon/logo
category. Icons that appear regularly on Web sites
(for example, newspaper logos) could be classified
by analyzing different editions of the pages for
repetitions. For the host class, a combination of
detecting repetitive images and face recognition
should help significantly. MM
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