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ABSTRACT
This paper introduces a faceted model of image semantics
which attempts to express the richness of semantic content
interpretable within an image. Using a large image data-set
from a museum collection the paper shows how the facet
representation can be applied. The second half of the paper
describes our semantic retrieval system, and demonstrates
its use with the museum image collection. A retrieval eval-
uation is performed using the system to investigate how the
retrieval performance varies with respect to each of the facet
categories. A number of factors related to the image data-
set that affect the quality of retrieval are also discussed.

Categories and Subject Descriptors
H.3.3 [Information Storage and Retrieval]: Information
Search and Retrieval; H.3.1 [Information Storage and
Retrieval]: Content Analysis and Indexing;
H.3.4 [Information Storage and Retrieval]: Systems
and Software—Performance Evaluation

General Terms
Performance, Experimentation, Design, Theory

Keywords
Semantic Facet Model, Semantic Image Retrieval, Image
Content

1. INTRODUCTION
Over the past few years there has been a shift away from

the idea that content-based retrieval is the solution to all
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multimedia retrieval needs [30]. A lot of the current research
in multimedia retrieval is related to what is known as the
semantic gap in multimedia retrieval. In essence, the seman-
tic gap is the gap between the low-level physical features of
the media and the much higher level understanding of the
semantics of what is depicted by the media [30, 15]. At the
present time, many of the papers on image retrieval make
reference to the problem of the semantic gap in multimedia
retrieval [30, 7, 15]. There is a growing awareness in the com-
munity of many of the limitations of current content-based
retrieval technology and the incompatibility between queries
formulated by searchers and the facilities that have been im-
plemented so far in image retrieval systems [7, 6]. Whether
in papers by researchers of content based techniques who be-
lieve they may be providing a bridge to the semantics or by
professional searchers frustrated by the inability of systems
to accommodate their queries, the semantic gap appears as
a recurring issue in their endeavours.

Techniques for attempting to bridge the semantic gap in
image retrieval have mostly used an auto-annotation ap-
proach, in which keyword annotations are applied to unla-
belled images [24, 17, 23, 8, 5, 2, 13]. The basic premise of
these automatic annotation approaches is that a model can
be learnt from a training set of images that describes how
low-level image features are related to higher-level keywords.
This model can then be applied to unannotated images in
order to automatically generate keywords that describe their
content. In essence, the process of auto-annotation is anal-
ogous to translating from one language to another [5, 2].
In fact, many of the the state-of-the-art techniques for en-
coding low-level image content are based around the idea of
transforming or quantising the features to a vocabulary of
visual terms, which represent a purely visual language [29,
12].

One of the problems with current auto-annotation ap-
proaches with regards to multimedia retrieval is that they
can seriously harm retrieval effectiveness if the annotations
they provide are wrong or they employ a limited vocabulary
which fails to express the richness of semantic content inter-
pretable within the image. In the following section a faceted
representation of semantic content is presented which seeks
to address the second of these problems.



Generic Object Instance

Generic Object Class Hierarchy

Specific Named Object Class

Specific Named Object Instance

high-level interpretation of an object as 
a member of an object class to which a 
proper name may be applied: Korresia 
(a variety of floribunda); Chippendale 
table; Cunarder, ...

successively refined classification of an 
object employing knowledge-based 
inference drawn from visual attribute-
values: man-in-uniform – policeman – 
traffic cop; residential dwelling - 
condominium; conifer, ...

blob interpreted at a basic level as 
man, woman, building, tree, vehicle, ...

unique identification and appellation of 
an object: George W. Bush, Taj Mahal, 
Queen Mary 2, ...

Figure 1: A generic-specific object ‘continuum’.

2. THE SEMANTIC FACETS OF AN IMAGE
The work reported in this paper is founded on a faceted

model of semantic content which is a significant advance
upon those conceptual indexing models previously encoun-
tered in the image retrieval literature which classify image
semantic content broadly into generic, specific and abstract
concepts [27, 1, 16]. Central to our formulation is a combi-
nation of object, spatial, temporal and activity/event facets,
advocated by Shatford Layne [28] as key constituents of the
‘subject’ component in document cataloguing. To these are
added abstract and related concept facets, together with con-
text and topic facets, which capture the highest level, global
semantic content of the image.

The object facets are represented in Figure 1 as a hier-
archy, founded on a Generic Object Instance, which cor-
responds with the ‘basic categories’ theorised by Rosch et
al. [25]. By successively finer-grained analysis of an ob-
ject’s attribute-value pairings hypernyms may be identified,
culminating in a Specific Named Object Instance uniquely
identified by proper name. In some cases such instances are
associated with a Specific Named Object Class, member-
ship of which confers a degree of specificity without unique
identification of the object, as shown in Figure 1.

At any level within the object hierarchy the related concept
facet may be encountered. This facet complements an object
with those (non-visible) concepts with which the object has
a semantic relationship; for example, a picture of St. Paul’s
Cathedral in London has a relationship with the concept
Church of England. In addition, attributes other than those
needed to locate an object at a particular level within the
object hierarchy may be associated with the object by the
addition of adjectives such as elderly, bearded, beautiful,
etc.

The temporal facet is a continuum, discretizations of which
provide a broad spectrum of generic values, both natural
(‘morning’, ‘daytime’, ‘winter’, ) and artificial (‘nanosec-
ond’, ‘week’, ‘epoch’), and specific values (‘08.23’, ‘31 Jan-
uary 2006’, ‘20th century’, ‘Victorian’, ‘Jurassic’, ). The spa-
tial facet encompasses the global scene which provides the
context for the image, and an hierarchy of increasing speci-
ficity of geographical area, as in the labels Europe, Britain,
England, London, Westminster, Victoria Street,

Like the object facet, the activity/event facet may be rep-

Generic Activity

Generic Event

Specific Named Event Class

Specific Event Instance

a type of event to which a proper name 
may be applied, e.g., Olympic Games, 
Rio Carnival, Papal Investiture, ...

a temporal and/or spatial relationship 
between a set of objects and a set of 
activites or actions which share a 
common purpose, e.g., basketball 
match, demonstration, wedding, ...

gerunds associated with the object(s) 
in the image, e.g. running, bending, 
dancing.

a unique occurrence of an event, e.g., 
2006 Olympic Games, Investiture of 
Pope Benedict XVI, sinking of the 
‘Titanic’, ...

Figure 2: Specification of the activity/event facet in
image indexing.

resented in terms of generic-specific classes and instances,
as shown in Figure 2.

In combination, the facets described above provide a con-
ceptual framework for representing semantic content in terms
of either natural language or a controlled, keyword-based vo-
cabulary, or both. We have employed a data-set comprising
nearly 17,000 images drawn from the holdings of the Vic-
toria and Albert Museum (V&A) in London, U.K., as an
experimental platform for testing the effectiveness of an au-
tomated annotation technique facilitated by a faceted cate-
gorisation of the images’ keyword-based subject metadata.
In this data-set, the context facet is articulated as a nat-
ural language description field, and is eliminated from our
keyword-based facet analysis.

2.1 The V&A data-set
The V&A data is an eclectic collection of images, from

photographs of artefacts such as jewellery, ceramics, toys
and statues; fashions items such as costumes, fabric and
shoes; two dimensional artworks as diverse as English wa-
tercolours, advertising posters, Indian miniatures or stained
glass; to manuscripts and early photography.

A vocabulary of more than 12000 keywords is used to
represent some of the subject metadata, supplemented by a
natural language description and a content title which is a
single term descriptor of the physical form of the artefact.
There is a wide variation in the number of keywords allo-
cated to each image, ranging from zero to 136, with a mean
value of 9.2. This compares with a mean value of 4.6 for the
Washington data-set [31]. Our initial analysis of the distri-
bution of keywords over the facet types in the V&A dataset
is shown in Table 1.

The dominance of the Generic Object Class Hierarchy is
very clear; noticeable also is the relatively frequent occur-
rence of the Related Concept facet, which associates the
semantic content of the image with additional non-visible
concepts. A further distinguishing feature of the V&A meta-
data is the heavy use of adjectives.

The significance of the Related Concept facet is well il-
lustrated in the particular instance of the image shown in
Figure 3, where a picture of an unoccupied, disambiguated
bed is annotated with a variety of terms, including Ben Jon-
son’, Twelfth Night’, inn’, and sleeping’. The full set of key-
words and their distribution over facet types for this image



Table 1: Distribution of keywords over facets in the
V&A data-set

Facet Number % of
of total

keywords vocabulary

Abstract Concept 280 2.2
Generic Activity 428 3.4
Generic Event 166 1.3
Generic Location 169 1.3
Generic Object Class Hierarchy 4238 33.5
Generic Object Instance 134 1.1
Generic Time 93 0.7
Related Concept 1246 9.9
Specific Event Instance 25 0.2
Specific Location Hierarchy 173 1.4
Specific Named Event Class 19 0.2
Specific Named Object Class 170 1.3
Specific Named Object Instance 438 3.5
Specific Time 133 1.1
Topic 95 0.8

Adjectives 2314 18.3

Figure 3: ‘Great Bed of Ware’. Image Copyright
c©2007, Victoria and Albert Museum, London. All
rights reserved.

is shown in Table 2.

3. SEMANTIC RETRIEVAL
In this section we investigate how a semantic image re-

trieval system, that is able to retrieve unannotated images
through textual queries, performs with respect to queries
from different facet categories. The section describes our
retrieval system, which is used to generate the results from
a series of experiments performed with the V&A data-set,
described in Section 4.

3.1 The Linear-Algebraic Semantic Space
In our current work we have been using the Linear-

Algebraic Semantic Space described in [14] as the basis for
investigating how current retrieval techniques work with dif-
ferent image collections. The Semantic Space approach is
a generalisation of a text-retrieval technique called Cross
Language Latent Semantic Indexing [18], which is itself an
extension of Latent Semantic Indexing [4, 3].

Conceptually, the premise behind the approach is simple;
a semantic-space of documents (images) and terms (key-
words) is created using a linear algebraic technique. Similar
documents and/or terms within this semantic-space share

Table 2: Facet analysis of the Great Bed of Ware’

Facet Keywords

Abstract Concept(11) Charm, comfort, love, passion,
privacy, pleasure, romance, se-
crecy, rest, warmth, wealth

Generic Location (1) interior
Generic Object Class
Hierarchy (66)

acanthus leaf, apple, arch,
bed clothes, Bed, bed cover,
bed linen, bed post, bedding,
bedframe, bedmat, blan-
ket, bolster, border, bunch
of grapes, canopy, carving,
caryatid, colonnade, column,
counterpayne, coverlet, cush-
ion, dome, drape, feather,
flock, flower, fringe, fruit,
furnishing, furnishing, grape,
hanging, headboard, inlay,
leaf, linen, lion’s mask, mar-
quetry, mattress, mattress,
panel, pear, pillow, pillow case,
pomegranate, post, rose, rush,
sheet, stilted arch, strapwork,
swan, tassel, tendril, testa,
tester, tightener, trimming,
upholstery, valance, vine,
wedge, weld, wood

Generic Object In-
stance (3)

furniture, man, woman

Generic Time (3) Elizabethan, Renaissance, Tu-
dor

Related Concept (14) Bedroom, Ben Jonson, Shake-
speare, Twelfth Night, dye,
hostelry, hotel, head-dress, inn,
palace, public house, sleep,
sleep, sleeping

Specific Named Object
Class (1)

Atlantes

Specific Named Object
Instance (1)

Bed of Ware

Specific Time (1) 16th century
Adjectives (34) Architectural, carved, cinque-

foil, dyed, embroidered, enor-
mous, extravagant, famed, fa-
mous, fantastic, fantastical,
flamboyant, fringed, huge, in-
laid, large, luxurious, magnif-
icent, madder, oak, ornate, os-
tentatious, painted, passionate,
private, rich, romantic, secret,
solid, trimmed, upholstered,
warm, wooden, woven



similar positions within the space. For example, given suffi-
cient training data, this allows a search for “horse” to return
images of both horses and foals because the terms “horse”
and “foal” share similar locations within the semantic space.

In general, any document (be it text, image, or even video)
can be described by a series of observations, or measure-
ments, made about its content. We refer to each of these
observations as terms. Terms describing a document can
be arranged in a vector of term occurrences, i.e. a vector
whose i-th element contains a count of the number of times
the i-th term occurs in the document. There is nothing stop-
ping a term vector having terms from a number of different
modalities. For example a term vector could contain term-
occurrence information for both ‘visual’ terms and textual
annotation terms. Given a corpus of documents, it is possi-
ble to form a matrix of observations or measurements (i.e.
a term-document matrix).

Fundamentally, the Semantic Space technique works by
estimating a rank-reduced factorisation of a term-document
matrix of data, O, into a term matrix T and a document
matrix D:

O ≈ TD . (1)

The two vector bases created in the decomposition form an
aligned vector-space of terms and documents. The rows of
the term matrix, T , create a basis representing a position
in the space of each of the observed terms. The columns of
the document matrix, D, represent positions of the observed
documents in the space. Similar documents and terms share
similar locations in the space.

3.1.1 Application to retrieval of unannotated images
Assume that we have two collections of images; a train-

ing set with keyword annotations and a test set without.
The content of each image can be represented by a vector of
‘visual-term’ occurrences. A cross-modality term-document
matrix, Otrain can be created for the training set of im-
ages by combining the visual-term occurrence vector with
the keyword-term occurrence vector for each image. This
can then be factorised according to Equation 1 into a term
matrix Ttrain and a document matrix Dtrain.

In order to make the unannotated test images search-
able, we can project them into the semantic space described
by Ttrain (and Dtrain). Firstly, a cross-modality term-
document matrix, Otest must be created for the test set
of images by setting the number of occurrences of each (un-
known) keyword to 0. It can be shown that it is possible to
create a document matrix, Dtest for the test documents as
follows:

Dtest = TT
trainOtest . (2)

In order to query the test set for images relevant to a term,
we just need to rank all of the images based on their position
in the space with respect to the position of the query term
in the space. The cosine similarity is a suitable measure for
this task.

3.2 Visual features
In order for the above retrieval strategy to be applied,

each image needs to be described as a set of discrete visual
terms that can be counted. In most of our current work we
have been using a relatively crude, but remarkably effective
visual term description based on quantised local descriptors
of salient interest regions.

3.2.1 Salient Regions.
In previous work, it has been shown that content-based re-

trieval based on salient interest points and regions performs
much better than global image descriptors [11, 26]. For our
algorithm, we select salient regions using the method de-
scribed by Lowe [20], where scale-space peaks are detected
in a multi-scale difference-of-Gaussian pyramid. Peaks in a
difference-of-Gaussian pyramid have been shown to provide
the most stable interest regions when compared to a range
of other interest point detectors [11, 21].

3.2.2 Local Feature Descriptors.
There are a large number of different types of feature de-

scriptors that have been suggested for describing the local
image content within a salient region; For example colour
moments and Gabor texture descriptors [26]. The choice of
local descriptor is in many respects dependent on the actual
application of the retrieval system; for example some appli-
cations may require colour, others may not. In the current
implementation of the algorithm, Lowe’s SIFT (Scale Invari-
ant Feature Transform) descriptor [20] is used. The SIFT
descriptor was shown to be superior to other descriptors
found in the literature [22], such as the response of steer-
able filters or orthogonal filters, for general matching and
retrieval scenarios. The performance of the SIFT descriptor
is enhanced because it was designed to be invariant to small
shifts in the position of the salient region, as might happen
in the presence of imaging noise.

3.2.3 Creating Visual Terms.
One immediately obvious problem with taking local de-

scriptors to represent words is that, depending on the de-
scriptor, there is a possibility that two very similar im-
age patches will have slightly different descriptors, and thus
there is a possibility of having a massive vocabulary of words
to describe the image. A standard way to get around this
problem is to apply vector quantisation to the descriptors
to quantise them into a known set of descriptors. This
known set of descriptors then forms the vocabulary of ‘vi-
sual’ terms that describe the image. This process is essen-
tially the equivalent of the stemming, where the vocabulary
consists of all the possible stems. The next problem is that
of how to design a vector quantiser. Sivic and Zisserman
[29] selected a set of video frames from which to train their
vector quantiser, and used the k-means clustering algorithm
to find clusters of local descriptors within the training set of
frames. The centroids of these clusters become the ‘visual’
words representing the entire possible vocabulary. The vec-
tor quantiser then proceeded by assigning local descriptors
to the closest cluster.

In this work, a similar approach was used. A sample set
of images from the data-set was chosen at random, and fea-
ture vectors were generated about each salient region in all
the training images. Clustering of these feature descriptors
was then performed using the batch k-means clustering al-
gorithm with random start points in order to build a vocab-
ulary of ‘visual’ words. Each image in the entire data-set
then had its feature vectors quantised by assigning the fea-
ture vector to the closest cluster.

One remarkable thing to note about this approach is that
the visual term vocabulary tends to generalise well. This
means it is not always necessary to generate a completely
new vocabulary for individual image collections [10]. For our



experiments we have used a 3000 term vocabulary generated
from a random sample of 100,000 interest regions from im-
ages in the Washington Ground Truth Image Data-set [31].

4. EXPERIMENTS AND DISCUSSION
In order to perform experiments with the V&A data-set

we first reduced the number of keywords by separating the
textual keywords into the facet categories and retaining the
keywords that occurred relatively commonly. In total 119
commonly occurring keywords were manually selected from
the 15 facet categories, with an average of just under 8 key-
words per facet. Two facet categories had only three key-
words assigned, however the majority had 9 or 10 keywords.
No facet had more than 10 keywords assigned to it. The
keyword reduction was performed because it was impractical
to analyse the total vocabulary of around 12100 keywords,
most of which occurred only one or two times.

The data-set was trimmed to contain only the images that
contained the selected keywords, and was then split ran-
domly into two halves. The random split was performed
in such a way as to attempt to keep approximately equal
numbers of images representing each keyword in both the
training and test sets.

4.1 Building the Semantic Space and choosing
the number of dimensions

The linear-algebraic technique for building a semantic
space described in Section 3.1 relies on a rank-reduced fac-
torisation. The parameter of this factorisation is the target
rank, or the number of dimensions of the resultant seman-
tic space. As with previous experiments with the semantic
space using other data-sets [14], in order to find the optimal
number of dimensions we attempt to optimise the mean av-
erage precision (MAP) of retrieval of images using each of
the keywords as queries. Figure 4(a) shows how the number
of dimensions of the semantic space affects retrieval perfor-
mance. Of course, as with the other data-sets with which
we have previously experimented, the mean average preci-
sion doesn’t give us the complete picture because the average
precisions of each individual keyword query are affected by
the number of dimensions in different ways. Figure 4(b) at-
tempts to illustrate this by showing the variance of average
precision against the mean value of the average precision
over the range of dimensionality, from 50 to 3000 dimen-
sions.

Figure 4(b) illustrates that some queries are much more
sensitive to the selection of the number of dimensions than
others; the “Buckingham Palace” and “The Mall” queries
exhibit a strong sensitivity to the number of dimensions,
whilst the “Norfolk House” query is virtually insensitive to
the number of dimensions and performs well over the entire
range (see Section 4.2 for a more detailed analysis of this
query). The large number of queries in the lower-left hand
corner of Figure 4(b) indicates that there are many queries
that are insensitive to the number of dimensions and do not
perform well.

Analysis of the data helps us choose a value for the num-
ber of dimensions that trades-off retrieval effectiveness and
computational cost (more dimensions requires more work).
For the remainder of the results discussed in this paper, 200
dimensions were used in the semantic space, which gives
a reasonable trade-off between computational time and re-
trieval performance.
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Figure 4: (a)Plot showing variation in retrieval per-
formance as the number of dimensions is increased;
(b)Plot showing sensitivity of individual queries to
choice of dimensionality.

4.2 General Performance
As with most, if not all, semantic retrieval and automatic

annotation systems, the performance of our system varies
from query-to-query. The reasons for this are numerous;
for example, the choice of visual feature has a large effect
— it is rather difficult to accurately learn the colour of an
object from grey-level features. Biases and errors in the
training data also have an effect on how certain semantic
concepts are learnt. An example of these errors is the ‘Room’
keyword, which is used rather inconsistently. Interestingly,
when using the retrieval system to search for images of the
‘Room’ concept, the first two resulting images depict the
interior of a room in a stately home, but were not originally
annotated with the ‘Room’ keyword.

Approximately 8% of all the queries achieved an average
precision (AP) of over 0.5, and 52% achieved an AP of at
least 0.1. In order to show the range in retrieval perfor-
mance, some sample queries are shown in Table 3 together
with their MAP scores. These queries represent almost the
full range of MAP scores achieved by the system.

It is informative to briefly describe some features of the
best and worst queries; The “Norfolk House” query corre-
sponds to specific photographic images taken inside a room
in a stately home. The “Norfolk House” images fall into two
groups that contain many visual similarities, and are visu-
ally disparate from the other images in the collection. The
training set contains exemplars from both of these groups.

The “Russia” query corresponds to a small number (8 in
the test set) of images of very different objects, from posters
depicting the 1905 revolution, to jewellery, to a vase. There
is little visual similarity between any of the images, hence it



(a)

(b)

Figure 5: Query for “Russia”. (a) Sample of the
training images; (b) Top 4 unannotated images re-
trieved by the semantic space. Images Copyright
c©2007, Victoria and Albert Museum, London. All
rights reserved.

is very difficult for the system to learn how to accurately re-
trieve images relevant to the term “Russia”. It should how-
ever be noted that if one looks at the first 20 unannotated
images retrieved by the system there are many examples
of jewellery (which apparently are not Russian), a French
poster in the same bold-style as the ones in the “Russia”
training images, and even a couple of examples of vases!
Figure 5 illustrates a query for “Russia”.

Table 3: Some good, and bad queries.
Query Average Precision

norfolk house 1
buckingham palace 0.8274

the mall 0.8274
bed of ware 0.7355

new testament 0.5784
jesus christ 0.1201

musical instrument 0.0307
russia 0.0028

Facets.
It is also informative to investigate how well the system

retrieves images with respect to each of the facet categories
described previously. Table 4 shows the mean average pre-
cision for each facet, formed by averaging the APs of the
queries relevant to the particular facet. Figure 6 shows a
histogram of each query, grouped by facet. From Figure 6,
it can be seen that within each facet group there is a large
variation in retrieval performance, with some queries per-
forming much better than others. Looking at the averages
in Figure 4, it is clear that the best retrieval comes from
the specific location hierarchy and specific named object
class/instance facets. Intuitively, this seems reasonable as
it is fair to assume that the visual features that describe
images within these facets are themselves quite specific and
distinctive.

The retrieval performance of each facet is tightly coupled
with the way the images in the collection are annotated. For
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Figure 6: Histogram of average precision scores for
all queries, grouped by facet.

example, the MAP of the specific location hierarchy facet is
somewhat inflated by the way the images were labelled with
locations that are inferred from the image content. The
‘Iran’ and ‘Persia’ keywords all correspond to images that
depict textiles with distinctive patterns (i.e. Persian Rugs,
bags, etc.) that were produced in the Middle East.

4.3 Effect of training set size on retrieval
When investigating the performance of the retrieval sys-

tem, it is interesting to look at what factors make a partic-
ular query work well compared to other queries that work
less well. One such factor that is likely to be important is
the size of the training set used for learning each particular
semantic concept. Figure 7 illustrates this by showing the
number of training images for learning each keyword against
the average precision for a query with that keyword. The
figure shows three salient features; firstly there is a large
cluster of points near the origin. These points represent
queries that had few training examples and perform badly.
Secondly, there is a trend for average precision to increase
as the number of training examples increases — this is quite
intuitive; the more examples you have of a concept, the eas-
ier it is to determine what the salient features that describe
the concept are.

Table 4: Mean Average Precision per facet.
Facet MAP

Abstract Concept 0.12
Generic Activity 0.9
Generic Event 0.14

Generic Location 0.13
Generic Object Class Hierarchy 0.14

Generic Object Instance 0.12
Generic Time 0.11

Specific Event Instance 0.15
Specific Location Hierarchy 0.52
Specific Named Event Class 0.12
Specific Named Object Class 0.28

Specific Named Object Instance 0.25
Specific Time 0.9

Topic 0.15
Adjectives 0.17
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Figure 7: Plot of training-set size versus average
precision for each query.

Thirdly, there is a distribution of queries with low num-
bers of training examples, but high retrieval scores. Es-
sentially, these queries are ones that exhibit relatively low
intra-class variability, but large inter-class variability; that
is is to say that all of the images corresponding to the con-
cept are very visually similar, but also visually distinctive
from the other non-relevant images.

4.4 Correlation between training and test set
performance

Recall from Section 3.1 that both the training documents
are projected into the semantic space during the learning
stage of the algorithm. Normally, the training documents
are discarded or ignored, and only the test documents are
retrieved. However, it is equally possible to retrieve the
training documents from the space. It is interesting to in-
vestigate whether there is any correlation between the re-
trieval performance when retrieving training documents and
retrieving test documents. Such a correlation would enable
the likely retrieval performance of individual queries to be
estimated from the training data alone, which could be very
useful in real situations where the annotations of the test
data is completely unknown (and thus it is impossible to
assess performance on the test data).

Figure 8 shows the average precision of the training data
plotted against the average precision of the test data for
each query. In general, it appears that there is a trend for
queries in the training set with high AP to also have a high
AP in the test set. There are however a number of outliers;
taking the ‘Russia’ query as an example again, we can see
that when retrieving images from the training set, the AP
is about 0.7, but with the training set is almost 0. This
implies that the retrieval system was able to learn a good
representation of ‘Russia’ from the training data, but that
representation did not generalise at all well to the test data.
This can be explained by the relatively few training images
and the diversity in content of the ‘Russia’ training images.

5. CONCLUSIONS AND FUTURE WORK
This paper has introduced the idea of a faceted model of

semantic content which is a significant advance over pre-
viously proposed conceptual indexing models. The facet
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Figure 8: Plot of average precision of training data
versus average precision of test data.

model has been applied to a large image collection in or-
der to analyse how keyword indexing has been used.

Using the same data-set, an investigation of how well our
semantic retrieval technique performs with respect to queries
from each of the facet categories has been performed. This
investigation has shown that in the data-set used, the best
retrieval results come from queries in the specific object and
spatial facets, whilst the other facets, in particular the tem-
poral facets perform less well. The poor precision of the
temporal facet is in particular likely to result from the dif-
ficulty of determining the ages of a wide variety of objects
from purely visual features.

In the future we hope to apply the facet model to different
media collections and compare the per-facet performance of
different retrieval approaches against our own.
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