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20.1 How ShouldWe Retrieve Images?

Consider the image in Fig. 20.1 of a small portion of The Garden of Delights by
Hieronymus Bosch (1453–1516), now in the Prado museum in Madrid. This is
a famous painting, but we may be stumped in understanding the painter’s intent.
Therefore, if we are aiming at automatic retrieval of images, it should be unsur-
prising that encapsulating the semantics (meaning) in the image is an even more
difficult challenge. A proper annotation of such an image certainly should include
the descriptor “people.” On the other hand, should this image be blocked by a “Net
nanny” screening out “naked people” (as in [1])?

We know very well that web browsers have a web search button for multimedia
content (usually images, or video for YouTube and its competitors), as opposed to
text. For Bosch’s painting, a text-based search will very likely do the best job, should
we wish to find this particular image. Yet we may be interested in fairly general
searches, say for scenes with deep blue skies and orange sunsets. By pre-calculating
some fundamental statistics about images stored in a database, we can usually find
simple scenes such as these.

In its inception, retrieval from digital libraries began with ideas borrowed from
traditional information retrieval disciplines (see e.g., [2]). This line of inquiry con-
tinues [3]. For example, in [4], images are classified into indoor or outdoor classes
using basic information-retrieval techniques. For a training set of images and cap-
tions, the number of times each word appears in the document is divided by the
number of times each word appears over all documents in a class. A similar measure
is devised for statistical descriptors of the content of image segments, and the two
information-retrieval-based measures are combined for an effective classification
mechanism.

However, many multimedia retrieval schemes have moved toward an approach
favoring multimedia content itself, either without regard to or reliance upon accom-
panying textual information, or at least textual-based search bolstered by multime-
dia evidence. This is commonly known as CBIR (Content-Based Image Retrieval).
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Fig. 20.1 How can we best characterize the information content of an image?

Only recently has attention once more been placed on the deeper problem of address-
ing semantic content in images, of course also making use of accompanying text
(possibly inserted when the media is archived). If data consist of statistical features
built from objects in images and also of text associated with the images, each type of
modality—text and image—provides semantic content omitted from the other. For
example, an image of a red rose will not normally have the manually added keyword
“red” since this is generally assumed. Hence, image features and associated words
may disambiguate each other (see [5]).

In this chapter, however, we shall focus only on techniques and systems that make
use of image features themselves, without text, to retrieve images from databases or
from the web. The types of features typically used are such statistical measures as
the color histogram for an image. Consider an image that is colorful—say, a Santa
Claus plus sled. The combination of bright red and flesh tones and browns might be
enough of an image signature to allow us to at least find similar images in our own
image database (of office Christmas parties).

Recall that a color histogram is typically a three-dimensional array that counts
pixels with specific red, green, and blue values. The nice feature of such a structure is
that is does not care about the orientation of the image (since we are simply counting
pixel values, not their orientation) and is also fairly impervious to object occlusions.
A seminal paper on this subject [6] launched a tidal wave of interest in such so-called
“low-level” features for images.

Other simple features used are such descriptors as color layout, meaning a simple
sketch of where in a checkerboard grid covering the image to look for blue skies and
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orange sunsets. Another feature used is texture, meaning some type of descriptor
typically based on an edge image, formed by taking partial derivatives of the image
itself—classifying edges according to closeness of spacing and orientation. An inter-
esting version of this approach uses a histogram of such edge features. Texture layout
can also be used. Search engines devised on these features are said to be content-
based: the search is guided by image similarity measures based on the statistical
content of each image.

Typically, we might be interested in looking for images similar to our current
favorite Santa. A more industry-oriented application would typically be seeking
a particular image of a postage stamp, say. Subject fields associated with image
database search include art galleries and museums, fashion, interior design, remote
sensing, geographic information systems, meteorology, trademark databases, crim-
inology, and an increasing number of other areas.

A more difficult type of search involves looking for a particular object within
images, which we can term a search-by-object model. This involves a much more
complete catalog of image contents and is a much more difficult goal. Generally,
users will base their searches on search by association [7], meaning a first cut search
followed by refinement based on similarity to some of the query results. For general
images representative of a kind of desired picture, a category search returns one
element of the requested set, such as one or several trademarks in a database of
such logos. Alternatively, the query may be based on a very specific image, such
as a particular piece of art—a target search. Lately, there are also efforts to retrieve
three-dimensional shapes and objects [8,9].

Another axis to bear in mind in understanding the many existing search systems
is whether the domain being searched is narrow, such as the database of trademarks,
or wide, such as a set of commercial stock photos.

For any system, we are up against the fundamental nature of machine systems
that aim to replace human endeavors. The main obstacles are neatly summarized in
what the authors of the summary in [7] term the sensory gap and the semantic gap:

The sensory gap is the gap between the object in the world and the information in
a (computational) description derived from a recording of that scene.

The semantic gap is the lack of coincidence between the information that one can
extract from the visual data and the interpretation that the same data have for a
user in a given situation.

Image features record specifics about images, but the images themselves may
elude description in such terms. And while we may certainly be able to describe
images linguistically, the message in the image, the semantics, is difficult to capture
for machine applications.
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20.2 Synopsis of Early CBIR Systems

The following provides examples of some early CBIR systems. It is by no means a
complete synopsis. Most of these engines are experimental, but all those included
here are interesting in some way. A good summary appears in [7].

• QBIC

Query by Image Content (QBIC), developed by Niblack and colleagues [10] at
IBM’s Almaden Research Center in San Jose, was arguably the most famous early
search engine.

One interesting feature in QBIC is the metric it uses for color histogram difference.
The basic metric used for histogram difference is histogram intersection, basically
an L1-norm based measure. Instead of simple histogram intersection, the QBIC
metric recognizes that colors that are similar, such as red and orange, should not
have a zero intersection. Instead, a color-distance matrix A is introduced, with
elements

ai j = (1 − di j/dmax) (20.1)

Here, di j is defined as a three-dimensional color difference (using Euclidean dis-
tance, or any other likely distance—sum of absolute values, say).

Then a histogram-difference D2 is defined as follows [11]:

D2 = zT A z (20.2)

Vector z is a histogram-difference vector (for vectorized histograms). For example,
the histogram-difference vectors z would be of length 256 if we compared two-
dimensional chromaticity histograms of size 16 × 16.

• Chabot

Chabot was an early system from UC-Berkeley that aimed to include 500,000
digitized multiresolution images. Chabot uses the relational database management
system POSTGRES to access these images and associated textual data. The system
stores both text and color histogram data. Instead of color percentages, a “mostly
red” type of simple query is acceptable.

• Blobworld

Blobworld [12] was also developed at UC-Berkeley. It attempts to capture the idea
of objects by segmenting images into regions. To achieve a good segmentation, an
expectation maximization (EM) algorithm derives the maximum likelihood for a
good clustering in the feature space. Blobworld allows for both textual and content-
based searching. The system has some degree of feedback, in that it displays the
internal representation of the submitted image and the query results, so the user
can better guide the algorithm.
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• WebSEEk

A team at Columbia University developed several search engines, of which Web-
SEEk was better known. It collects images (and text) from the web. The emphasis
is on making a searchable catalogue with such topics as animals, architecture, art,
astronomy, cats, and so on. Relevance feedback is provided in the form of thumb-
nail images and motion icons. For video, a good form of feedback is also inclusion
of small, short video sequences as animated GIF files.

• Photobook and FourEyes

Photobook [13] was one of the earlier CBIR systems developed by the MIT Media
Laboratory. It searches for three different types of image content (faces, two-
dimensional shapes, and texture images) using three mechanisms. For the first two
types, it creates an eigenfunction space—a set of “eigenimages”. Then new images
are described in terms of their coordinates in this basis. For textures, an image is
treated as a sum of three orthogonal components in a decomposition denoted as
Wold features [14].

With relevance feedback added, Photobook became FourEyes [15]. Not only does
this system assign positive and negative weight changes for images, but given a
similar query to one it has seen before, it can search faster than previously.

• Informedia

The Informedia (and later Informedia-II) Digital Video Library project at Carnegie
Mellon University centers on “video mining.” It was funded by a consortium
of government and corporate sponsors. It uniquely combines speech recogni-
tion, image understanding, and natural language processing technologies. Features
include video and audio indexing, navigation, video summarization and visualiza-
tion, and search and retrieval of the video media.

• UC Santa Barbara Search Engines

The Alexandria Digital Library (ADL) was a seasoned image search engine devised
at the University of California, Santa Barbara. The ADL is concerned with geo-
graphical data: “spatial data on the web.” The user can interact with a map and
zoom into a map, then retrieve images as a query result type that pertain to the
selected map area. This approach mitigates the fact that terabytes, perhaps, of
data need to be stored for LANDSAT satellite images, say. Instead, ADL uses a
multiresolution approach that allows fast browsing by making use of image thumb-
nails. Multiresolution images means that it is possible to select a certain region
within an image and zoom in on it.
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• MARS

MARS (Multimedia Analysis and Retrieval System) [16] was developed at the
University of Illinois at Urbana-Champaign. The idea was to create a dynamic
system of feature representations that could adapt to different applications and
different users. Relevance feedback, with changes of weightings directed by the
user, is the main tool used.

• Virage

The Visual Information Retrieval (VIR) image search engine [17] operates on
objects within images. Image indexing is performed after several preprocessing
operations, such as smoothing and contrast enhancement. The details of the feature
vector are proprietary; however, it is known that the computation of each feature is
made by not one but several methods, with a composite feature vector composed
of the concatenation of these individual computations.

20.3 C-BIRD:A Case Study

Let us consider the specifics of how image queries are carried out. To make the
discussion concrete, we underpin our discussion by using the image database search
engine devised by one of the authors of this text (see [18] ). This system is called
Content-Based Image Retrieval from Digital libraries (C-BIRD), an acronym devised
from content-based image retrieval, or CBIR.

The C-BIRD image database contains approximately 5,000 images, many of them
keyframes from videos. The database can be searched using a selection of tools: text
annotations, color histograms, illumination-invariant color histograms, color density,
color layout, texture layout, and model-based search.

Although the system was developed in early years, it still serves as a good example
in illustrating the common techniques in CBIR based on image similarity. Moreover,
it offers some unique features such as Search by Illumination Invariance, Feature
Localization, and Search by Object Model.

Let’s step through these options.

20.3.1 Color Histogram

In C-BIRD, features are precomputed for each image in the database. The most
prevalent feature that is utilized in image database retrieval is the color histogram
[6], a type of global image feature, that is, the image is not segmented; instead, every
image region is treated equally.
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A color histogram counts pixels with a given pixel value in red, green, and blue
(RGB). For example, in pseudocode, for images with 8-bit values in each of R, G,
B, we can fill a histogram that has 2563 bins:

int hist[256][256][256]; // reset to 0
//image is an appropriate struct
//with byte fields red,green,blue

for i=0..(MAX_Y-1)
for j=0..(MAX_X-1)
{
R = image[i][j].red;
G = image[i][j].green;
B = image[i][j].blue;
hist[R][G][B]++;

}

Usually, we do not use histograms with so many bins, in part because fewer bins
tend to smooth out differences in similar but unequal images. We also wish to save
storage space.

How image search proceeds is by matching the feature vector for the sample
image, in this case the color histogram, with the feature vector for every—or at least
many of—the images in the database.

C-BIRD calculates a color histogram for each target image as a preprocessing
step, then references it in the database for each user query image. The histogram is
defined coarsely, with bins quantized to 8 bits, with 3 bits for each of red and green
and two for blue.

For example, Fig. 20.2 shows that the user has selected a particular image—one
with red flowers. The result obtained, from a database of some 5,000 images, is a set
of 60 matching images. Most CBIR systems return as the result set either the top few
matches or the match set with a similarity measure above a fixed threshold value.
C-BIRD uses the latter approach and thus may return zero search results.

How matching proceeds in practice depends on what measure of similarity we
adopt. The standard measure used for color histograms is called the histogram inter-
section. First, a color histogram Hi is generated for each image i in the database.
We like to think of the histogram as a three-index array, but of course the machine
thinks of it as a long vector—hence the term “feature vector” for any of these types
of measures.

The histogram is normalized, so that its sum (now a double) equals unity. This
normalization step is interesting: it effectively removes the size of the image. The
reason is that if the image has, say, resolution 640 × 480, then the histogram entries
sum to 307, 200. But if the image is only one-quarter that size, or 320×240, the sum
is only 76,800. Division by the total pixel count removes this difference. In fact, the
normalized histograms can be viewed as probability density functions (pdfs) . The
histogram is then stored in the database.
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Fig. 20.2 Search by color histogram results. (Some thumbnail images are from the Corel gallery
and are copyright Corel. All rights reserved)

Now suppose we select a “model” image—the new image to match against all
possible targets in the database. Its histogram Hm is intersected with all database
image histograms Hi , according to the equation [6]

intersection =
n∑

j=1

min(H j
i , H j

m) (20.3)

where superscript j denotes histogram bin j , with each histogram having n bins. The
closer the intersection value is to 1, the better the images match. This intersection
value is fast to compute, but we should note that the intersection value is sensitive to
color quantization.

20.3.2 Color Density and Color Layout

To specify the desired colors by their density, the user selects the percentage of the
image having any particular color or set of colors, using a color picker and sliders.
We can choose from either conjunction (ANDing) or disjunction (ORing) a simple
color percentage specification. This is a coarse search method.

The user can also set up a scheme of how colors should appear in the image, in
terms of coarse blocks of color. The user has a choice of four grid sizes: 1×1, 2 ×2,
4 × 4 and 8 × 8. Search is specified on one of the grid sizes, and the grid can be
filled with any RGB color value—or no color value at all, to indicate that the cell
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Fig. 20.3 Color layout grid

should not be considered. Every database image is partitioned into windows four
times, once for each window size. A clustered color histogram is used inside each
window, and the five most frequent colors are stored in the database. Each query
cell position and size corresponds to the position and size of a window in the image.
Figure 20.3 shows how this layout scheme is used.

20.3.3 Texture Layout

Similar to color layout search, this query allows the user to draw the desired texture
distribution. Available textures are zero density texture, medium-density edges in four
directions (0◦, 45◦, 90◦, 135◦) and combinations of them, and high-density texture
in four directions and combinations of them. Texture matching is done by classifying
textures according to directionality and density (or separation) and evaluating their
correspondence to the texture distribution selected by the user in the texture block
layout. Figure 20.4 shows how this layout scheme is used.
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Fig. 20.4 Texture layout grid

20.3.4 Texture Analysis Details

It is worthwhile considering some of the details for a texture-based content analysis
aimed at image search. These details give a taste of typical techniques systems employ
to work in practical situations.

First, we create a texture histogram. A typical set of indices for comprehend-
ing texture is Tamura’s [19]. Human perception studies show that “repetitiveness,”
“directionality,” and “granularity” are the most relevant discriminatory factors in
human textural perception [20]. Here, we use a two-dimensional texture histogram
based on directionality φ and edge separation ξ , which is closely related to “repeti-
tiveness.” φ measures the edge orientations, and ξ measures the distances between
parallel edges.

To extract an edge map, the image is first converted to luminance Y via Y =
0.299R + 0.587G + 0.114B. A Sobel edge operator [21] is applied to the Y -image
by sliding the following 3×3 weighting matrices (convolution masks) over the image:

dx :
−1 0 1
−2 0 2
−1 0 1

dy :
1 2 1
0 0 0

−1 −2 −1
(20.4)

If we average around each pixel with these weights, we produce approximations to
derivatives.
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The edge magnitude D and the edge gradient φ are given by

D =
√

d2
x + d2

y , φ = arctan
dy

dx
(20.5)

Next, the edges are thinned by suppressing all but maximum values. If a pixel
i with edge gradient φi and edge magnitude Di has a neighbor pixel j along the
direction of φi with gradient φ j ≈ φi and edge magnitude D j > Di , then pixel i is
suppressed to 0.

To make a binary edge image, we set all pixels with D greater than a threshold
value to 1 and all others to 0.

For edge separation ξ , for each edge pixel i we measure the distance along its
gradient φi to the nearest pixel j having φ j ≈ φi within 15 degrees. If such a pixel
j doesn’t exist, the separation is considered infinite.

Having created edge directionality and edge separation maps, C-BIRD constructs
a two-dimensional texture histogram of ξ versus φ. The initial histogram size is
193 × 180, where separation value ξ = 193 is reserved for a separation of infinity
(as well as any ξ > 192). The histogram size is then reduced by three for each
dimension to size 65 × 60, where joined entries are summed together.

The histogram is “smoothed” by replacing each pixel with a weighted sum of its
neighbors and is then reduced again to size 7 × 8, with separation value 7 reserved
for infinity. At this stage, the texture histogram is also normalized by dividing by the
number of pixels in the image segment.

20.3.5 Search by Illumination Invariance

Illumination change can dramatically alter the color measured by camera RGB sen-
sors, from pink under daylight to purple under fluorescent lighting, for example.

To deal with illumination change from the query image to different database
images, each color-channel band of each image is first normalized, then compressed
to a 36-vector [22]. Normalizing each of the R, G, and B bands of an image serves as
a simple yet effective guard against color changes when the lighting color changes. A
two-dimensional color histogram is then created using the chromaticity, which is the
set of band ratios {R, G}/(R + G + B). Chromaticity is similar to the chrominance
in video, in that it captures color information only, not luminance (or brightness).

A 128 × 128–bin two-dimensional color histogram can then be treated as an
image and compressed using a wavelet-based compression scheme [23]. To further
reduce the number of vector components in a feature vector, the DCT coefficients
for the smaller histogram are calculated and placed in zigzag order, then all but 36
components are dropped.

Matching is performed in the compressed domain by taking the Euclidean distance
between two DCT-compressed 36-component feature vectors. (This illumination-
invariant scheme and the object-model-based search described next are unique to
C-BIRD.) Figure 20.5 shows the results of such a search.
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Fig.20.5 Search with illumination invariance. (Some thumbnail images are from the Corel gallery
and are copyright Corel. All rights reserved)

Several of the above types of searches can be done at once by checking multiple
checkboxes. This returns a reduced list of images, since the list is the conjunction of
all resulting separate return lists for each method.

20.3.6 Search by Object Model

The most important search type C-BIRD supports is the model-based object search.
The user picks a sample image and interactively selects a region for object searching.
Objects photographed under different scene conditions are still effectively matched.
This search type proceeds by the user selecting a thumbnail and clicking the Model
tab to enter Object Selection mode. An object is then interactively selected as a
portion of the image; this constitutes an object query by example.

Figure 20.6 shows a sample object selection. An image region can be selected
using primitive shapes such as a rectangle or ellipse, a magic wand tool that is
basically a seed-based flooding algorithm, an active contour (a “snake”), or a brush
tool, where the painted region is selected. All the selections can be combined with
each other using Boolean operations such as union, intersection, or exclusion.

Once the object region is defined to a user’s satisfaction, it can be dragged to the
right pane, showing all current selections. Multiple regions can be dragged to the
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Fig. 20.6 C-BIRD interface, showing object selection using an ellipse primitive. (Image is from
the Corel gallery and is copyright Corel. All rights reserved)

selection pane, but only the active object in the selection pane will be searched on.
The user can also control parameters such as flooding thresholds, brush size, and
active contour curvature.

Details of the underlying mechanisms of this Search by Object Model are set out
in [23] and introduced below as an example of a working system. Figure 20.7 shows a
block diagram for how the algorithm proceeds. First, the user-selected model image
is processed and its features are localized (details are discussed in [18] ). Color
histogram intersection, based on the reduced chromaticity histogram described in
the previous section is then applied as a first “screen.” Further steps estimate the
pose (scale, translation, and rotation) of the object inside a target image from the
database. This is followed by verification by intersection of texture histograms and
then a final check using an efficient version of a Generalized Hough Transform for
shape verification.

A possible model image and one of the target images in the database might be
as in Fig. 20.8, where the scene in (b) was illuminated with a dim fluorescent light.
Figure 20.9 shows some search results for the pink book in C-BIRD.

While C-BIRD is an experimental system, it does provide a proof in principle that
the difficult task of search by object model is possible.
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Fig. 20.7 Block diagram of object matching steps

Fig. 20.8 Model and target images: a Sample model image; b Sample database image containing
the model book. Active Perception (textbook cover courtesy Lawrence Erlbaum Associates, Inc.)

20.4 Quantifying Search Results

Generally speaking, some simple expression of the performance of image search
engines is desirable. In information retrieval, Precision is the percentage of relevant
documents retrieved compared to the number of all the documents retrieved, and
Recall is the percentage of relevant documents retrieved out of all relevant documents.
Recall and Precision are widely used for reporting retrieval performance for image
retrieval systems as well. However, these measures are affected by the database size
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Fig.20.9 Search result for the pink book model with illumination change support: a search results
using pose estimation only; b search results using pose estimation and texture support; c search
results using GHT shape verification. (Some thumbnail images are from the Corel gallery and are
copyright Corel. All rights reserved)
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and the amount of similar information in the database. Also, they do not consider
fuzzy matching or search result ordering.

In equation form, these quantities are defined as:

Precision = Relevant images returned

All retrieved images

Recall = Relevant images returned

All relevant images
(20.6)

Alternatively, they may also be written as:

Precision = TP

TP + FP

Recall = TP

TP + FN
(20.7)

where TP (True Positives) is the number of relevant images returned, FP (False
Positives) is the number of irrelevant images returned, and FN (False Negatives) is
the number of relevant images not returned.

In general, the more we relax thresholds and allow more images to be returned,
the smaller the Precision, but the larger the Recall; and vice versa. Apparently, it is
not quite meaningful to talk about either the Precision or Recall number by itself.
Instead, they can be combined to provide a good measure, e.g., Precision when Recall
is at 50 %, Recall when Precision is at 90 %, etc.

When multiple queries are involved, the numbers of the Precision and Recall
values will again increase. To measure the overall performance of a CBIR system,
the most common way is to summarize these values into a single value, i.e., the Mean
Average Precision (MAP). The Average Precision (AP) of a single query q is defined
as:

AP(q) = 1

NR

NR∑

n=1

Precision(n), (20.8)

where Precision(n) is the Precision value after the nth relevant image was retrieved,
and NR is the total number of relevant images. The MAP is the mean of Average
Precisions over all query images:

M AP = 1

NQ

∑

q∈Q

AP(q), (20.9)

where Q is the query image set, and NQ is its size. The MAP has the advantage of
reflecting both Precision and Recall oriented aspects and is sensitive to the entire
ranking [24].

In the above definitions of Precision and Recall, one thing is missing: the value of
T N (True Negatives). In the context of CBIR, if we are searching for dogs and the
image database contains 100 relevant dog images, the fact that whether the database
contains another 100 non-dog images or a million non-dog images, i.e., T N = 100
or T N = 1, 000, 000, often matters, because a larger T N tends to yield more
distractions (noise).
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Fig. 20.10 The ROC space
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Many other measures for the performance of CBIR systems have been devised,
and among them a popular one is Receiver Operating Characteristic (ROC). Given
a database containing 100 relevant images (e.g., horses) and 1,000 other images
(i.e., non-horses), if a CBIR system correctly retrieves 70 horse images from the
100 horse images, and incorrectly identified 300 “horse” images from the 1,000
other images, then the True Positive Rate T P R = 70 % and the False Positive Rate
F P R = 30 %. Obviously, T P R = Recall as defined in Eq. 20.7, and F P R =
1 − T N R, where T N R (True Negative Rate) is the percentage (70 %) of the non-
horses correctly identified. Figure 20.10 depicts the so-called ROC space, which
plots T P R against F P R.

The 45-degree diagonal line in Fig. 20.10 indicates the performance of a random
guess. In the above example, if we were to use a (fair) coin-flip to determine the
outcome, then it will return a result of 50 true horse images and 500 false “horse”
images from the two groups of images, i.e., T P R = 50 % and F P R = 50 %, which
is indicated by point A (0.5, 0.5) on the diagonal line in the figure. A biased coin that
is weighted to produce more positive outcomes (e.g., heads) may yield performance
that is indicated by point B (0.8, 0.8). Conversely, it may produce C (0.25, 0.25).

Clearly, we would like to have CBIR systems that will produce results better than
a coin-flip. Namely, their performance should be above the diagonal line. Point D
(0.1, 0.8) is an example of what would be very good performance. In general, we aim
to be as close as possible to the ultimately perfect point (0, 1.0). Point E (0.8, 0.2)

indicates poor performance, and obviously (1.0, 0) would be the worst.
If we measure the CBIR system at multiple T P R (or F P R) values, we will derive

an ROC curve, which often provides a more comprehensive analysis of the system
behavior. The perfect ROC curve would consist of two straight line segments, one
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vertical from (0, 0) to (0, 1.0) and one horizontal from (0, 1.0) to (1.0, 1.0), which
indicates that there are no false positives or false negatives whatsoever. A normal
ROC curve will be in the area between this ideal performance and the 45-degree
diagonal line.

ROC is a general statistical measure for various classifiers. It has its applications in
many disciplines, e.g., psychology, physics, medicine, and increasingly in machine
learning and data mining.

20.5 Key Technologies in Current CBIR Systems

The field of CBIR has witnessed rapid growth and progress in the new millennium.
Unlike in the early years, users are no longer satisfied with query results returning
scenes containing “blue skies,” or red blobs that may or may not be flowers. They
are more and more looking for objects, people, and often search for human activities
as well. Lew et al. [25] and Datta et al. [26] provide comprehensive surveys of the
CBIR field.

In this section, we will briefly describe some technologies and issues that are key
to the success of current and future CBIR systems.

20.5.1 Robust Image Features andTheir Representation

Many feature descriptors have been developed beyond the ones specified in MPEG-7.
Here, we will only discuss SIFT and Visual Words.

SIFT (Scale Invariant Feature Transform)

In addition to global features such as color and texture histograms, local features
characterized by SIFT (Scale Invariant Feature Transform) [27] have been developed
because they are more suitable for searches emphasizing visual objects. SIFT has
been shown to be robust against image noise; it also has a fair degree of invariance
to translation, rotation, and scale change.

The process of extracting SIFT features from an image starts with building a
multiresolution scale space, as shown in Fig. 20.11. At each scale, stacks of images
are generated by applying Gaussian smoothing (filtering) operations. Each stack (the
so-called octave) has s+3 images—so s = 2 for the example shown in the Fig. 20.11.
The standard deviation of the Gaussian filters in the stack increases by a factor of
21/s . In this example, they are σ ,

√
2σ , 2σ , 2

√
2σ , and 4σ in the first octave. The

third image from the top of the stack is used as the bottom image of the next stack
by reducing its image resolution by half. The same Gaussian filtering process will
continue, and hence at the next octave the Gaussian filters have standard deviations
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Fig. 20.11 The scale space and SIFT key point

2σ , 2
√

2σ , 4σ , 4
√

2σ , and 8σ . A simple operation of image subtraction, as indicated
in the figure, generates Difference of Gaussian (DOG) images.

Now we are ready to talk about Key points for SIFT. In the DOG images, if a
pixel’s DOG value is the maximum or minimum when compared to its 26 neighbors
in scale space (see Fig. 20.11), it is considered a possible Key point. Further screening
steps are introduced to make sure that the Key points are more distinct, e.g., are at
the corners rather than distributed over a long edge. Then, the histogram of the edge
(gradient) directions near the Key point are analyzed to yield a dominant direction θ
(the so-called canonical orientation) for the Key point.

The local patch (16×16 pixels) at the Key point is now examined to produce a 128-
dimensional SIFT descriptor. The patch is divided into 4 × 4 subwindows. In each
subwindow, a histogram of edge (gradient) directions is derived. The quantization
is for every 45 degrees, so the histogram in each subwindow produces a vector of
8 dimensions. In total, we obtain a 4 × 4 × 8 = 128 dimensional SIFT descriptor.
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Here, all the edge directions are calculated relative to the canonical orientation θ.
Hence, this facilitates rotation invariance.

VisualWords

The Bag of Words (BoW) concept was originally a technique for document classifica-
tion and text retrieval. As the name suggests, a mixed bag of words can be extracted
from a query sentence and be used for a query. The stems of the words are used, e.g.,
“talk” for “talk,” “talking,” “talked,” etc. In this way, the details of the word (e.g.,
tense, singular or plural), the word order, and the grammar of the sentence are all
ignored. The advantage is that this tends to be more robust against any variations of
the text.

Analogously, bags of Visual Words can be extracted to represent image features.
Fei-Fei and Perona [28] presented an earlier work in Computer Vision in which a
bag of codewords is used to represent various texture features in images.

In CBIR, a common way of generating Visual Words is to use SIFT because
of its good properties discussed above. This can be (a) object based or (b) video
frame based. If the search is based on a given object model, then clusters of its
SIFT features can be used as the Visual Words describing the object. Commonly, the
vector quantization method as outlined in Chap. 8 can be used to turn these Visual
Words into codewords in a codebook. If the search is aimed at finding similar frames
from a video or movie, then all SIFT features in the query video frame can be used
to generate the Visual Words. Alternatively, Sivic and Zisserman [29] divided the
video frame into dozens (or hundreds) of regions, and each region will produce a
mean SIFT descriptor x̄i and be used as a Visual Word. The clustering and matching
of a large number of SIFT descriptors is shown to be computationally challenging.

Visual Words are rich in encapsulating essential visual features. However, com-
pared to words from text, Visual Words are even more ambiguous. In general, a
small-sized codebook will have limited discriminative power, not good enough to
handle CBIR for large image and video databases. On the other hand, a large code-
book also has its own problems, because the same feature contaminated by noise can
easily be quantized to different codewords.

20.5.2 Relevance Feedback

Relevance feedback, a well-known technique from Information Retrieval has been
brought to bear in CBIR systems [16]. Briefly, the idea is to involve the user in
a loop, whereby images retrieved are used in further rounds of convergence onto
correct returns. The usual situation is that the user identifies images as good, bad, or
don’t care, and weighting systems are updated according to this user guidance.

The basic advantage of putting the user into the loop by using relevance feedback is
that this way, the user need not provide a completely accurate initial query. Relevance
feedback establishes a more accurate link between low-level features and high-level

http://dx.doi.org/10.1007/978-3-319-05290-8_8
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concepts, somewhat closing the semantic gap. As a result, the retrieval performance
of the CBIR system is improved.

20.5.3 Other Post-processing Techniques

Beside Relevance Feedback, other post-processing methods have been developed
after the initial query results are in.

Spatial Verification

The quality of the query results can be verified and improved by Spatial Verification.
Modern cameras often provide information about the location where pictures were
taken, so it is trivial to check for consistency or relevance in certain query results if
the user is only interested in images from certain locations, e.g., Paris or Rome.

In their paper, Philbin et al. [30] go well beyond simple checks on geometric
locations. They aim at verifying that image regions from the query image and the
retrieved images are from the same object or scene region. It is argued that unlike
words in Information Retrieval (e.g., “animal,” “flower”), Visual Words inherently
contain much more spatial information. For example, it is known from the theory of
image geometry that two views of a rigid object are related by epipolar geometry, two
views of a planar patch are related by a homography, etc. They show that verifying
mappings-based geometric transformations can indeed improve the quality of results
by spatial re-ranking.

Zhou et al. [31] describe a spatial coding method that records relative spatial
information (e.g., left or right, above or below) of each pair of image features. A
rotating spatial map is proposed that is more efficient than a simple x- and y-map.

Query Expansion

Another approach is to move the query toward positively marked content. Query
Expansion proposed by Chum et al. [32] is such a method. Query Expansion is again
a well-known method in Information Retrieval in which some combination of high-
ranked relevant documents can be presented as a new query to boost the performance
of the retrieval. The combination could simply be averages (means) of the feature
descriptors from the returned documents. The problem is that if one of the high-
ranked document is a false-positive, then it will immediately harm the performance
of the new query. Some robust statistical methods or even simply taking the median
(instead of the mean) can help.

As mentioned above, the Visual Words used in CBIR often contain useful spatial
information. Hence, high-ranked retrieved images can be verified before being used in
forming a new query image. Chum et al. [32] use recursive average query expansion,
which recursively generates new query images from all spatially verified returned
images.
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QA Paradigm

Question-answering (QA) tries to replace the large number of images or multimedia
content in general, that is returned by a search query, by making use of media content,
knowledge about the search domain, and also linguistic analysis to return hits based
on users’ natural-language questions. Since QA has traditionally been focused on
text, bridging this technique over to multimedia content is referred to as MMQA [33].
Generally, MMQA attempts to combine traditional QA, based on textual metadata,
with multimedia-oriented approaches if such are indeed more intuitive answers to
users’ queries.

20.5.4 Visual Concept Search

Search by concept is another major step in closing the semantic gap. Typically, after
local features are turned into words, the words are converted to semantic concepts
with the aid of machine learning algorithms.

In an interesting work presented by Wang et al. [34], image similarity is learned
from 103 Flickr image groups on the Internet by adopting a Support Vector Machine
(SVM) classifier, with a histogram intersection kernel. The image groups range from
objects such as Aquarium, Boat, Car, and Penguin, scenes such as Sunset and Urban,
to concepts such as Christmas and Smile. They show that such a system performs
better than others that directly measure image similarity with simple low-level visual
features such as color, texture, etc.

To assist in the development and testing of these systems, researchers and practi-
tioners have developed many multimedia databases and benchmarks. The best known
is perhaps the TREC Video Retrieval Evaluation (TRECVID) benchmark. TRECVID
started in 2003, originally from the conference TREC (Text REtrieval Conference),
co-sponsored by the National Institute of Standards (NIST) and the U.S. Depart-
ment of Defense. Initially, TRECVID provided video data from professional sources
such as broadcast news, TV programs, and surveillance systems, thus having limited
styles and content: for example, the very typical head-shot of a news person, an
overhead view of a variety of indoor scenes, etc. In recent years, the benchmarks
have expanded in terms of test data and objectives. For example, TRECVID 2013
evaluated the following tasks:
• Semantic indexing
• Interactive surveillance event detection
• Instance search
• Multimedia event detection
• Multimedia event recounting

Myers et al. [35] reported good performance for Multimedia Event Detection in
their project, entitled SESAME. To start, multiple event classifiers were developed
based on the bags of words from single data types, e.g., low-level visual features,
motion features, and audio features; and high-level visual (semantic) concepts such as
Birthday-party, Making-a-sandwich, etc. Various fusion methods (Arithmetic Mean,
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Geometric Mean, MAP (Mean Average Precision) Weighted, Weighted Mean Root,
Conditional Mixture Model, Sparse Mixture Model, etc.) were then tested. It was
shown that some simple fusion methods, e.g., Arithmetic Mean, deliver as good a
performance (or better) than more complex ones.

20.5.5 The Role of Users in Interactive CBIR Systems

Beside mechanisms such as Relevance Feedback, it has been argued that users should
play a more active role in CBIR systems. In the 2012 ICMR (International Confer-
ence on Multimedia Retrieval), the panelists (also the authors of [3]) again raised
the question: Where is the User in Multimedia Retrieval? They pointed out the dom-
inance of MAP, common in evaluations such as TRECVID, may have hindered the
development of better and more useful multimedia retrieval systems. Although MAP
has the merit of being objective and reproducible, it is unlikely that a single number
will meet the needs of most users, who tend to have very different and dynamic tasks
in mind.

One way to comprehend how people view images as similar is to study using
user groups just what forms our basis of perception of image similarity [36]. The
function used in this approach can be a type of “perceptual similarity measure” and is
learned by finding the best set of features (color, texture, etc.) to capture “similarity”
as defined via the groups of similar images identified.

Another way to understand users is to talk to them and carefully analyze their
search patterns. In other words, in addition to content-based, we need to be context-
based, because the user’s interpretation of the content is often influenced (or even
determined) by the context.

20.6 Querying onVideos

Video indexing can make use of motion as the salient feature of temporally changing
images for various types of queries. We shall not examine video indexing in any
detail here but refer the reader to the excellent surveys in [25] and [26].

In brief, since temporality is the main difference between a video and just a
collection of images, dealing with the time component is first and foremost in com-
prehending the indexing, browsing, search, and retrieval of video content. A direction
taken by the QBIC group [37] is a new focus on storyboard generation for automatic
understanding of video—the so-called “inverse Hollywood” problem. In production
of a video, the writer and director start with a visual depiction of how the story pro-
ceeds. In a video understanding situation, we would ideally wish to regenerate this
storyboard as the starting place for comprehending the video.

The first place to start, then, would be dividing the video into shots, where each shot
consists roughly of the video frames between the on and off clicks of the Record but-
ton. However, transitions are often placed between shots—fade-in, fade-out, dissolve,
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wipe, and so on—so detection of shot boundaries may not be so simple as for abrupt
changes.

Generally, since we are dealing with digital video, if at all possible we would like
to avoid uncompressing MPEG files, say, to speed throughput. Therefore, researchers
try to work on the compressed video. A simple approach to this idea is to uncompress
just enough to recover the DC term, generating a thumbnail 64 times smaller than the
original. Since we must consider P- and B-frames as well as I-frames, even generating
a good approximation of the best DC image is itself a complicated problem.

Once DC frames are obtained from the whole video—or, even better, are obtained
on the fly—many approaches have been used for finding shot boundaries. Features
used have typically been color, texture, and motion vectors, although such concepts
as trajectories traversed by objects have also been used [38].

Shots are grouped into scenes. A scene is a collection of shots that belong together
and that are contiguous in time. Even higher-level semantics exist in so-called “film
grammar” [39]. Semantic information such as the basic elements of the story may
be obtainable. These are (at the coarsest level) the story’s exposition, crisis, climax,
and denouement.

Audio information is important for scene grouping. In a typical scene, the audio
has no break within a scene, even though many shots may take place over the course
of the scene. General timing information from movie creation may also be brought
to bear.

Text may indeed be the most useful means of delineating shots and scenes, making
use of closed-captioning information already available. However, relying on text is
unreliable, since it may not exist, especially for legacy video.

Different schemes have been proposed for organizing and displaying story-
boards reasonably succinctly. The most straightforward method is to display a two-
dimensional array of keyframes. Just what constitutes a good keyframe has of course
been subject to much debate. One approach might be to simply output one frame
every few seconds. However, action has a tendency to occur between longer peri-
ods of inactive story. Therefore, some kind of clustering method is usually used, to
represent a longer period of time that is more or less the same within the temporal
period belonging to a single keyframe.

Some researchers have suggested using a graph-based method. Suppose we have
a video of two talking heads, the interviewer and the interviewee. A sensible rep-
resentation might be a digraph with directed arcs taking us from one person to the
other, then back again. In this way, we can encapsulate much information about the
video’s structure and also have available the arsenal of tools developed for graph
pruning and management.

Other “proxies” have also been developed for representing shots and scenes. A
grouping of sets of keyframes may be more representative than just a sequence of
keyframes, as may keyframes of variable sizes. Annotation by text or voice, of each
set of keyframes in a “skimmed” video, may be required for sensible understanding
of the underlying video.
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Fig. 20.12 Digital video and associated keyframes, beach video: a frames from a digital video;
b keyframes selected

A mosaic of several frames may be useful, wherein frames are combined into
larger ones by matching features over a set of frames. This results in set of larger
keyframes that are perhaps more representational of the video.

An even more radical approach to video representation involves selecting (or
creating) a single frame that best represents the entire movie! This could be based
on making sure that people are in the frame, that there is action, and so on. In [40],
Dufaux proposes an algorithm that selects shots and keyframes based on measures
of motion-activity (via frame difference), spatial activity (via entropy of the pixel
value distribution), skin-color pixels, and face detection.

By taking into account skin color and faces, the algorithm increases the likelihood
of the selected keyframe including people and portraits, such as close-ups of movie
actors, thereby producing interesting keyframes. Skin color is learned using labeled
image samples. Face detection is performed using a neural net.

Figure 20.12a shows a selection of frames from a video of beach activity (see [41]).
Here, the keyframes in Fig. 20.12b are selected based mainly on color information
(but being careful with respect to the changes incurred by changing illumination
conditions when videos are shot).

A more difficult problem arises when changes between shots are gradual and when
colors are rather similar overall, as in Fig. 20.13a. The keyframes in Fig. 20.13b are
sufficient to show the development of the whole video sequence.

Other approaches attempt to deal with more profoundly human aspects of video,
as opposed to lower-level visual or audio features. Much effort has gone into applying
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Fig. 20.13 Garden video: a frames from a digital video; b keyframes selected

data mining or knowledge-base techniques to classifying videos into such categories
as sports, news, and so on, and then subcategories such as football and basketball.

20.7 Querying onVideos Based on Human Activity

Thousands of hours of video are being captured every day by CCTV cameras, web
cameras, broadcast cameras, etc. However, most of the activities of interest (e.g., a
soccer player scores a goal) only occur in a relatively small region along the spatial
and temporal extent of the video. In this scenario, effective retrieval of a small
spatial/temporal segment of the video containing a particular activity from a large
collection of videos is very important.

Lan et al.’s work [42] on activity retrieval is directly inspired by the application
of searching for activities of interest from broadcast sports videos. For example,
consider the scene shown in Fig. 20.14. In terms of human activities, there is a variety
of questions one can ask. Who is the attacker? What are the players in the bottom
right corner doing? How many people are running? Which players are defending
(marking) members of the opposing team? What is the overall game situation? Note
that potential queries often involve social roles such as “defender,” “attacker,” or
“man-marking.” Lan et al. [42] present a model toward answering queries such as
these.

The representation of human activity is a challenging, open problem. Much of the
work focuses on recognition of low-level single-person actions (e.g., [43]). Lan et al.
rely on low-level features and representations used by these methods to predict the
actions of individuals, but build higher-level models upon them. It is arguable that
multiple levels of detail and types of labels are required depending on the problem
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Fig.20.14 An example of human activity in realistic scenes. Beyond the general scene-level activity
description (e.g. Free Hit), we can explain the scene at multiple levels of detail such as low-level
actions (e.g., standing and jogging) and mid-level social roles (e.g., attacker and first defenders).
The social roles are denoted by different colors. In this example, we use magenta, blue and white
to represent attacker, man-marking and players in the same team as the attacker respectively

focus. A model is presented that can be used to capture a variety of levels of detail in
a unified framework. In addition to modeling of low-level actions (e.g., running or
standing) and high-level events (“attack play”, “penalty corner”), we model social
roles. Social roles take into account inter-related people and are a complementary
representation to the low-level actions typically used in the activity recognition lit-
erature. For example, a player engaged in the social role of “man-marking” is likely
to have an opponent nearby. Further, the notions of low-level actions, social roles,
and high-level events naturally require a contextual representation—the actions and
social roles of all the people in a scene are interdependent, and related to the high-
level event taking place. The model captures these relationships, and allows flexible
inference of the social roles and their dependencies in a given scene.

20.7.1 Modeling Human Activity Structures

Here we introduce the model in [42]. To illustrate, we describe an instantiation
applicable to modeling field hockey videos.

We first describe the labeling. Assume an image has been pre-processed, so the
location of the goal and persons in the image have been found. We separate the players
into two teams according to their color histograms. Each person is associated with
two labels: action and social role. Let hi ∈ H and ri ∈ R be the action and social
roles of the person i respectively, where H and R are the sets of all possible action
and social role labels, respectively. Each video frame is associated with an event
label y ∈ Y , where Y is the set of all possible event labels.

The model is hierarchical, and includes various levels of detail: low-level actions,
mid-level social roles, and high-level events. The relationships and interactions
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Fig. 20.15 Graphical
illustration of the model.
Different types of potentials
are denoted by lines with
different colors. Details of the
potential functions are
contained in Eq. 20.10

between these are included in the model. We define the score of interpreting a video
frame I with the hierarchical event representation as:

Fw(x, y, r, h, I ) = w��(x, y, r, h, I ) =
∑

j

w�
1 φ1(x j , h j )

+
∑

j

w�
2 φ2(h j , r j ) +

∑

j,k

w�
3 φ3(y, r j , rk) (20.10)

Now we go over the model formulation using the graphical illustration shown in
Fig. 20.15. The first term denotes standard linear models trained to predict the action
labels of the persons in the scene (indicated by blue lines in Fig. 20.15). The second
term captures the dependence between action labels and social roles (green lines in
Fig. 20.15). The third term explores contextual information by modeling interactions
between people in terms of their social roles under an event y (magenta and dark blue
lines in Fig. 20.15). Social roles naturally capture important interactions, e.g., first
defenders tend to appear in the neighborhood of an attacker, man-marking happens
when there is a player from the opposing team.

The model parameters w are learned in a structured SVM framework [44]; for
details, the reader is referred to [42].

Inference

Given a test video there are a variety of queries one might wish to answer. Using our
hierarchical model, one can formulate queries about any individual variable at any
level of detail. For instance, one can query on the overall event label for the scene,
or the social role label of a particular person. Figure 20.16 shows an overview of the
testing phase.

For a given video and query variable q , the inference problem is to find the best
hierarchical event representation that maximizes the scoring function Fw(x, y, h, r, I )
while fixing the value of q to its possible values. For example, if q is the action of one
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Fig. 20.16 An overview of the testing phase. Given a new video and a query, we first run the
pretrained person detector and tracker to extract the tracklet of each player. Then the tracklet
features are fed into the inference framework. Finally, the retrieval results are obtained based on
the inference scores computed using Eq. 20.10

person (one of the hi ), we would compute the maximum value of the scoring function
Fw when fixing q to each possible action. We define the optimization problem as
follows:

max
y,h,r\q

Fw(x, y, h, r, I ) = max
y,h,r\q

w��(x, y, h, r, I ) (20.11)

The score is used to represent the relevance of the instance (e.g., video frame) to
the query. The goal of an activity retrieval system is to rank the data according to the
relevance scores and return the top-ranked instances.

20.7.2 Experimental Results

The challenging Broadcast Field Hockey Dataset (developed in [42]) that consists
of sporting activities captured from broadcast cameras is used to demonstrate the
efficacy of the model. The model can carry out different inferences based on a user’s
queries. The method is directly applicable to multilevel human activity recognition.
The goal is to predict events, social roles or actions of each person. In this case, the
query doesn’t specify a particular event or social roles, but consists of more general
questions, such as what is the overall game situation, or what are the social roles of
each player. Figure 20.17 shows the visualizations of the predicted events and social
roles.

20.8 Quality-AwareMobile Visual Search

With the increasing popularity of mobile phones and tablets, Mobile Visual Search
has attracted growing interest in the field of content-based image retrieval (CBIR). In
this section, we present a novel framework for quality-aware mobile CBIR by Peng
et al. [45]. On the mobile-client side, a query image is compressed to a certain quality
level to accommodate the network conditions and then uploaded onto a server with its
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Fig.20.17 Visualization of results on broadcast field hockey dataset. The ground truth event (white)
and the predicted event are shown in the left corner of each image. Correct predictions are visualized
in blue, otherwise yellow. Each bounding box is represented by a color, which denotes the predicted
social roles. We use magenta, yellow, green, blue and white to represent the social roles attacker, first
defenders, defenders defend against space, defenders defend against person and other, respectively.
The cross sign in the middle of a bounding box indicates incorrect predictions, and the ground truth
social roles are indicated by the color of the cross sign

quality level transferred as side information. On the server side, a set of features are
extracted from the query image and then compared against the features of the images
in the database. As the efficacy of different features changes over query quality, we
leverage the side information about the query quality to select a quality-specific
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similarity function that is learned offline using a Support Vector Machine (SVM)
method.

Mobile Visual Search enables people to look for visually similar products or find
information about movies or CDs online by initiating a search request from a camera
phone. Depending on which part of the visual search is performed on the mobile
devices, there are several possible client-server architectures [46]:
1. A query image is transmitted to the server, and then feature extraction and

retrieval are done on the server.
2. The mobile client extracts some features from the query image and uploads only

the features to the server. The retrieval is performed on the server.
3. The mobile client maintains a cache of the image database. The retrieval is done

locally on the client. Only if no match is found does the client sends a query to
the server.

In each case, the system performance is constrained on the bandwidth, computation,
memory, and power of mobile devices. Recently, there has been work focusing on
designing compact descriptors for visual search. One representative work is the
Compressed Histogram of Gradients (CHoG) descriptor proposed by Chandrasekhar
et al. [47], which is shown to be highly discriminative at a low bitrate. Besides, there
has been exploratory work by the MPEG committee toward defining a standard for
visual search applications since 2011. This standardization initiative is referred to
as “Compact Descriptors for Visual Search (CDVS)” [48]. It is evident that a low-
bitrate descriptor can leads to shorter transmission latency, smaller memory overload,
and potentially faster matching. Therefore, all the three aforementioned client-server
architectures of mobile visual search can benefit from the advancement of compact-
descriptor technology. Besides the great amount of research effort devoted to the
design of visual descriptors, fusion methods for visual search has also attracted lots
of attention in the CBIR community. Given that a descriptor is a set of characteristics
of an image, such as color, shape, and texture, fusion techniques are shown to be
effective in reducing the semantic gap of image retrieval based on feature similarity.

Here, we outline a framework for mobile visual search using a client-server archi-
tecture [45]. Specifically, a query image is compressed to a certain quality level on
the mobile client and then uploaded to the server with its quality level transmitted
as side information at the same time. A query quality-dependent retrieval algorithm
based on fusion of multiple features is then performed on the server. The motivations
behind proposing such a framework are as follows:
• Although the computational capacity of mobile devices has become more and more

powerful, there are several advantages to performing descriptor extraction on the
server. Certainly, it eliminates the waiting time caused by computing descriptors
on a mobile device of limited computing resource. More importantly, given the
abundant computing resources on the server, it greatly relaxes the stringent con-
straint on the complexity and memory usage of the descriptor(s), which make a
fusion method computationally feasible in this framework.

• As bandwidth is also an important concern for visual search on wireless networks,
the framework allows the client to compress a query image at a certain bitrate to
accommodate the network condition.
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• Since a specific descriptor is not equally important for images of different quality
levels, the side information about the query quality could be leveraged to enhance
the retrieval performance of the fusion method.

20.8.1 RelatedWork

Chatzichristofis et al. investigated the behavior of some compact composite descrip-
tors in early fusion (a new descriptor is constructed based on multiple existing
descriptors), late fusion (the retrieved results with different descriptors are fused
to form a final result list), and distributed image retrieval [49]. The experimental
results show that the fusion methods are able to present better results than individ-
ual descriptors. Singh and Pooja present a fusion image retrieval method using the
global angular radial transform and local polar Hough transform based features [50].
Chen et al. propose an image retrieval method based on similarity score fusion of
color and texture features using a genetic algorithm [51]. All of these methods per-
form query independent fusion. Since a special feature has different importance in
reflecting the content of different images, Huang et al. propose a query-dependent
feature fusion method for medical image retrieval based on a one-class SVM method
[52]. Zhang et al. also propose a graph-based query specific fusion approach where
multiple retrieval sets are merged and reranked by conducting a link analysis on a
fused graph [53]. It is worth mentioning that none of these fusion methods takes into
consideration the quality of the query images.

There are several methods that explicitly deal with distorted query images. For
example, Liao and Chen propose a complementary retrieval method based on fusion
of multiple features to resist various types of processing, such as geometric trans-
formation, compression, changing of illumination, and noise corruption. In their
method, the distortion types of the query image are assumed to be unknown. A com-
plementary analysis is proposed to determine the distortion category for each query
image and the feature resistant to the predicted category is used to retrieve the desired
original image [54]. Unlike the work outlined here, that focuses on the quality levels
of the query images, their method focuses on the distortion type and is designed for
copy detection rather than general visual search. Besides, Singh et al. [55] propose a
method that combines color and shape features to retrieval images with incomplete
or distorted queries. In their studies, query images are categorized into two classes:
“complete” and “incomplete.” The same fusion method is used for all incomplete
queries.

20.8.2 Quality-AwareMethod

We outline a query quality-dependent fusion approach for mobile visual search.
Specifically, it is based on the fusion of five common image features [56]:
• Tiny Images: This is the most trivial descriptor that compares images directly in

color space after reducing the image dimensions drastically.
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• Color Histograms: The histograms have 16 bins for each component of RGB color
space, yielding a total of 48 dimensions.

• GIST: This descriptor computes the output of a bank of 24 Gabor-like filters tuned
to eight orientations at four scales. The squared output of each filter is then averaged
on a 4 × 4 grid.

• Texton Histograms: For each image build a 512-dimensional histogram using a
512-entry universal texton dictionary.

• SSIM [57]: The self-similarity descriptors are quantized into 300 visual words by
k-means. Unlike the descriptors mentioned before, SSIM provide a complementary
measure of scene layout that is somewhat appearance invariant.
A query quality-dependent method for fusion image retrieval based on the five

descriptors is then employed, as follows.
1. Categorize the query images into different quality levels based on the side infor-

mation. 1

2. For each “query image-retrieved image” pair, compute a 5-dimensional
similarity-score vector �x based on the five descriptors. The C-SVM formula-
tion is adopted to learn the weights �wk to map �x into a final score s f = �wk · �x .
Specifically, a set of positive (relevant) image pairs P is selected, and also a set
of negative (irrelevant) image pairs N . For each image pair pi ∈ P ∪ N , compute
a vector �xi , and assign to �xi a label yi (“1” for pi ∈ P , and “-1” for pi ∈ N ).
The weights �w can be learned by solving the following optimization problem:

min
�w,b,ξ

1
2 �wT �w + C

l∑
i=1

ξi

subject to yi ( �wT φ( �xi ) + b) ≥ 1 − ξi ,

ξi ≥ 0.

(20.12)

This optimization is run for each quality level k to learn �wk using a query dataset
of the corresponding quality.

3. At the test stage, the learned weight vector �wk is used to compute the final
similarity score for a “query image-retrieved image” pair, with k being the quality
level of the query image. The retrieved images are returned in decreasing order
of the final similarity scores.

20.8.3 Experimental Results

Datasets

Consider the Wang image database [58] that contains 1,000 images of 10 classes
(100 for each class). Images that belong to the same class are considered to be
relevant. Ten copies of the Wang database are constructed at different quality levels.
Specifically, images are compressed using JPEG compression with quality factor

1 For example, the JPEG standard uses a scalar to adjust a set of well-defined quantization tables.
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Table 20.1 File size ranges of the images (386 × 256) from the Wang database compressed at
different quality levels

Quality factor 100 75 50 30 20 15 10 8 5 3

Size range (Kb) 7–56 6–38 4–24 4–18 3–14 3–12 3–9 3–8 3–6 3–5

k ∈ {100, 75, 50, 30, 20, 15, 10, 8, 5, 3}. Let Dk be the database containing images
at quality level k. D100 corresponds to the original Wang database, and D3 contains
images of the lowest quality. The file size ranges of the images after compression
are listed in Table 20.1.

In the experiments, the query images can be from any quality level, whereas the
images to be retrieved are always from D100. To learn the weights �wk for quality
level k, we selected 500 query images (50 for each class) from Dk , and pair them
with the images in D100 for training. Let (qk,i , r j ) be such a pair, where qk,i ∈ Dk

and r j ∈ D100. Let c(·) denote the class of an image. A pair (qk,i , r j ) is labeled
positive or “1”, if c(qk,i ) = c(r j ). Otherwise, it is labeled negative or “−1.” As
there are nine negative classes and only one positive class for each query image, we
randomly select one-ninth of the negative pairs in order to balance the positive and
negative samples during training. The remaining 500 images from each Dk that have
not been selected for training are used for test. In the implementation, the dictionaries
used to compute the descriptors are built using images from the SUN database [56].
We measure the similarity of two descriptors based on the histogram intersection
distance and use a linear kernel for the SVM-based quality-aware fusion method.

Retrieval Metric

Let s f (q, rn) be the final similarity score between a query image q and an image rn

in the database. The database images rn are then sorted according to the similarity
scores such that s f (q, rn) ≥ s f (q, rn+1).

As the Precision and Recall values vary with the query images and the numbers
of returned images, instead use is made of the Mean Average Precision (MAP), as
defined in Eq. 20.9.

Results

The MAP results on the Wang database of 10 different quality levels are shown in
Table 20.2 and also in Fig. 20.18. We can see that the performances of the Color
Histograms, Tiny Images, and GIST do not change drastically as the image quality
drops. On the contrary, the Texton Histograms and SSIM descriptors achieve the
best performance near the higher end of the quality range (level 100, 75, and 50)
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Table 20.2 MAP results of different quality levels

Query quality 100 75 50 30 20 15 10 8 5 3

Color histograms 0.3874 0.3874 0.3831 0.3835 0.3800 0.3775 0.3746 0.3752 0.3672 0.3626
Tiny images 0.3054 0.3052 0.3052 0.3047 0.3046 0.3043 0.3044 0.3038 0.3021 0.3021
GIST 0.3292 0.3276 0.3279 0.3264 0.3247 0.3228 0.3174 0.3125 0.2990 0.2824
Texton histograms 0.4260 0.4171 0.4256 0.4206 0.4135 0.4056 0.3843 0.3597 0.3119 0.2694
SSIM 0.4804 0.4805 0.4154 0.3656 0.3463 0.3202 0.2949 0.2777 0.2456 0.2178
Quality-aware fusion 0.5730 0.5726 0.5462 0.5330 0.5259 0.5168 0.5081 0.4975 0.4808 0.4701

Fig. 20.18 Map results of different quality levels

and perform poorly near the lower-end of the quality range (level 5 and 3). On these
quality levels, the quality-aware fusion method is able to achieve better retrieval
performance than a mean-based fusion method, which indicates that the quality-
dependent weights learned by the SVM method are better than uniform weights in
fusing the different descriptors. For the medium quality levels, mean-based fusion
is slightly better than the quality-aware fusion, but there is no significant perfor-
mance gap between them. This indicates that the uniform weights are closer to the
optimal weights than the learned quality-dependent weights for the medium quality
levels. This is not surprising considering the relatively smaller performance differ-
ences among the five descriptors. Nevertheless, there is clearly much room left for
improving such a quality-aware fusion method by exploring better ways to estimate
the optimal weights for combination.

It can also be observed that both fusion methods achieve significantly better MAPs
than any individual descriptors on each quality level. Noticeably, the quality-aware
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fusion algorithm for the lowest-quality query images achieves comparable perfor-
mance with the best-performing individual descriptor SSIM with the highest-quality
query images. This strongly supports the advantages of fusing multiple descriptors
for visual search.

The above discussion presented a quality-aware framework for Mobile Visual
Search based on a query quality-dependent fusion method. The experimental results
demonstrate the potential of taking into consideration the quality of query images to
improve the performance of fusion image retrieval.

Current progressive coding techniques allow a mobile client to upload a bitstream
that successively refines the reconstructed query image. In this case, the server can
perform image retrieval using a query image of reduced quality, and then update the
retrieved results as the query quality gets better and better.

20.9 Exercises

1. Devise a text-annotation taxonomy (categorization) for image descriptions, start-
ing your classification using the set of Yahoo! categories, say.

2. Examine several web site image captions. How useful would you say the textual
data is as a cue for identifying image contents? (Typically, search systems use
word stemming, for eliminating tense, case, and number from words—the word
stemming becomes the word stem.)

3. Suppose a color histogram is defined coarsely, with bins quantized to 8 bits, with
3 bits for each red and green and two for blue. Set up an appropriate structure
for such a histogram, and fill it from some image you read. Template Visual
C++ code for reading an image is on the text web site, as sampleCcode.zip
under “Sample Code.”

4. Try creating a texture histogram as described in Sect. 20.3.4. You could try a
small image and follow the steps given there, using MATLAB, say, for ease of
visualization.

5. Describe how you may find an image containing some two-dimensional “brick
pattern” in an image database, assuming the color of the “brick” is yellow and
the color of the “gaps” is blue. (Make sure you discuss the limitations of your
method and possible improvements.)

(a) Use color only.
(b) Use edge-based texture measures only.
(c) Use color, texture, and shape.

6. The main difference between a static image and video is the availability of motion
in the latter. One important part of CBR from video is motion estimation (e.g.,
the direction and speed of any movement). Describe how you could estimate
the movement of an object in a video clip, say a car, if MPEG (instead of
uncompressed) video is used.
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7. Color is three-dimensional, as Newton pointed out. In general, we have made
use of several different color spaces, all of which have some kind of brightness
axis, plus two intrinsic-color axes.

Let’s use a chromaticity two-dimensional space, as defined in Eq. (4.7). We’ll use
just the first two dimensions, {r, g}. Devise a two-dimensional color histogram
for a few images, and find their histogram intersections. Compare image sim-
ilarity measures with those derived using a three-dimensional color histogram,
comparing over several different color resolutions. Is it worth keeping all three
dimensions, generally?

8. Suggest at least three ways in which audio analysis can assist in video retrieval-
system-related tasks.

9. Implement an image search engine using low-level image features such as color
histogram, color moments, and texture. Construct an image database that con-
tains at least 500 images from at least 10 different categories. Perform retrieval
tasks using a single low-level feature as well as a combination of features. Which
feature combination gives the best retrieval results, in terms of both Precision
and Recall, for each category of images?

10. Another way of combining Precision and Recall is the F-score measure. The
F-score is the harmonic mean of Precision P and Recall R, defined as

F = 2(P ∗ R)/(P + R)

Experiment and determine how F behaves as P and R change.
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