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Abstract

‘With rapid advances in sensor, storage, processor, and com-
munication technologies, consumers can now afford to create,
store, process, and share large digital photo collections. With
more and more digital photos accumulated, consumers need ef-
fective and efficient tools to index and retrieve relevant photos.
In this paper, we propose a novel image representation called
Visual Keyword Histogram (VKH) for content-based indexing
and retrieval. Visual keywords are domain-relevant visual pro-
totypes (e.g. faces, foliage, buildings etc) with both percep-
tual appearance and textual semantics. Collectively, VKHs are
computed over spatial tessellation to represent the distribution
of visual keywords in various parts of an image. To construct a
vocabulary of visual keywords, an incremental neural network
is adopted to learn visual keywords from examples. This allows
us to build domain-specific visual vocabularies rapidly and in-
crementally. We demonstrate our approach on 2400 home pho-
tos with 15 semantic queries.

keywords: Image Indexing, Image Retrieval

1 Introduction

With recent advances and affordability in digital
imaging devices, storage, processors, and communica-
tions, consumers can now easily create, store, process,
and share large digital photo collections. In particu-
lar, with the ease of use (e.g. viewfinder) and flexibil-
ity (e.g. deletion) of digital cameras, consumers tend
to take and accumulate more and more digital photos.
Hence they need effective and efficient tools to index
and retrieve relevant photos. As a matter of fact,
research on content-based image retrieval (CBIR) in
the last decade [22] was focused on general CBIR (e.g.
on Corel images). As a consequence, key efforts have
been concentrated on using low-level features such as
color, texture, and shape to describe and compare
image contents. CBIR is yet to bridge the seman-
tic gap between feature-based indexes computed au-
tomatically and human expectation on retrieval out-
come.

In this paper, we propose a novel image repre-
sentation called Visual Keyword Histogram (VKH)
for content-based indexing and retrieval. Visual key-
words are domain-relevant visual prototypes (e.g.
faces, foliage, buildings etc) with both perceptual ap-
pearance and textual semantics. Instead of represent-
ing and thus indexing an image content as an ag-
gregate of primitive feature measures (e.g. color his-
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togram, edge histogram) or as a set of imperfectly seg-
mented regions that do not necessarily possess clear
object semantics, we represent the results of multi-
scale detection of visual keywords on local receptive
fields as histograms of visual keywords which are fur-
ther aggregated spatially as image index.

In essence, we transform a local image region
from low-level feature space to a new pattern space
spanned by visual keywords [11]. Collectively, VKHs
are computed over spatial tessellation to represent
the distribution of visual keywords in various parts
of an image. To compute these VKHs, a 3-layer feed-
forward visual information processing architecture is
proposed. The first layer presents raw image pixels.
The next layer captures a tessellation of fuzzy ob-
ject distribution patterns. Each pattern is derived
from comparing a local region with a vocabulary of
visual keywords. No image segmentation is required
and thus object detection is not dependent on pre-
segmented regions. Moreover, no object classification
decision is made to label the content. The last layer
further tessellates over the second layer to summarize
the image content according to a spatial configura-
tion. To construct a vocabulary of visual keywords,
an incremental neural network [8, 9] is adopted to
learn visual keywords from examples. This allows us
to build domain-specific visual vocabularies rapidly
and incrementally. We demonstrate our approach on
2400 home photos with 15 semantic queries.

2 Related Works

In the past, global measures of primitive features such
as color, texture, and shape are exploited to index and
retrieve visual documents (e.g. [1, 14, 17]). However,
this approach often produce results incongruent with
human expectations [12] because it does not consider
spatial localities and higher-level perceptive cues. For
example, images sharing similar overall color distri-
bution can differ greatly in semantic content. This
paradigm roughly corresponds to pre-attentive simi-
larity matching which is a low-level function in hu-
man visual perception. Nevertheless, new low-level
features such as banded color correlograms [5], joint
histograms [16] etc are still being proposed to improve
the approach on global measures of low-level features.

In contrast, recent region-based methods (e.g.
[3, 20, 23]) pre-segment an image by color (or both
color and texture) into regions and compute the sim-
ilarity between two images in terms of the features
(and spatial relationships [20]) of these regions. But
image segmentation is generally unreliable. A poor
segmentation can result in incongruent regions for fur-
ther similarity matching.

The approach proposed here strives to go beyond
primitive features and segmented regions. Based on



the principles of generic view-based object detection
[10, 15] with spatial aggregation, the proposed de-
scription scheme captures intuitive visual semantics
(i.e. visual keywords) specified for a given visual con-
tent domain.

3 Visual Keyword Histograms

Our objective is to represent the content of an image
beyond simple aggregate measures of primitive fea-
tures. Furthermore, we want to preserve local object
cues without premature decision dictated by segmen-
tation and classification.

We propose to represent an image content against
a set of visual prototypes called Visual Keywords
[10, 11] that are relevant to a content domain. These
visual keywords span a new high-level pattern space
into which any arbitrary local image region (say in-
dexed as coordinate p, ¢) can be projected (Fig. 1) by
comparing its perceptual features such as color, tex-
ture, and shapes with those of the visual keywords.
In this new high-level pattern space (right-hand-side
of Fig. 1), each axis is a measure of the fuzziness
of the local region resembling the visual keyword for
that axis. These fuzzy memberships to the visual key-
words are computed based on the relative distances of
the local instance to the visual keywords in the per-
ceptual feature space (left-hand-side of Fig. 1). As
these fuzzy memberships sum to unity, the projected
manifold is a constrained hyperplane shown as shaded
area in Fig. 1.

4 others I 4 foliage face
calor
q ' -
F(p.9)
1(Pa) X
texture building

1

Figure 1: Projection from feature space to visual key-
word space

In essence, visual keywords are visual prototypes
obtained by supervised learning from examples.
visual content is represented as flexible spatial aggre-
gation of soft presence of visual keywords, upon syn-
chronized results of multi-scale view-based detection.
The projection of local image content into the visual
keyword space is carried out in two stages as realized
by our proposed 3-layer feedforward visual informa-
tion processing architecture described below. Robust
object segmentation is not required.

3.1 Learning Visual Keywords

In general, visual keywords are organized as a hierar-
chy of visual concepts. That is, they are visual object
classes (or subclasses) whose instances have concrete
visual appearance in the images of a domain. In this
paper, we are only concerned with home photographs
and we design a simple two level concept hierarchy for
practical usage, namely visual object classes and their
prototypes. Fig. 2 illustrates some of the examples
used to train the visual keywords in our experiments.

Visual keywords of the same class form an equiva-
lence class of visual synonyms. This concept-oriented
visual thesaurus is different from the visual relations
proposed by R.W.Picard [18], which are founded on
similarities between low-level visual features. Thus
visual keywords are highly flexible visual knowledge

that can be customized according to a content do-
main.

In our experiments, we use color and texture to
characterize a visual keyword v and a training exam-
ple 7. For color, we have chosen the YIQ color space
over other color space (e.g. RGB, HSV, LUV) and
means plus standard deviations over other color fea-
ture measures (e.g. local color histograms) as they
have better performance in our experiments. Sim-
ilar reason has been reported [6]. For texture, we
adopted the Gabor features which have been shown
to provide excellent pattern retrieval results [13]. The
feature vector v (or 7) constitutes two parts, namely,
a color feature vector v¢ (or 7¢) and a texture feature
vector vt (or 7t). For v°¢ (or 7¢), the means and stan-
dard deviations of the Y, I, Q color channels within
the scanned window are computed. For v (or 7t),
the means and standard deviations of the coefficients,
which are the outcome of convolution with Gabor fil-
ters of 5 scales and 6 orientations, within the scanned
window are adopted [13]. Thus each feature vector v
(1) has 66 (6+60) dimensions and they are subjected
to zero-mean normalization.

In this paper, we adopted a Supervised Incremen-
tal Clustering Architecture (SICA) [8, 9] to learn vi-
sual keywords from examples.

SICA is a 3-layer feedforward neural network with
dynamic node creation capability (Fig.3). Each in-
put node corresponds to a feature and each output
node is a class. The only hidden layer, which grows
prototypes from scratch, captures the regularity of
input examples through learning. Each hidden node
(or prototype) receives full connections from the input
layer, with a weight vector representing the position
of the prototype in the input space. Prototypes of
the same class are joined to the output node denoting
their class with weight values '1’, thus giving an ’OR’
(union) operation. Learning involves the modification
of the weight vectors to the prototypes as well as the
recruitment and initialization of new prototypes.

When an input vector X is presented, the closest
prototype M} from among the existing prototypes,
M;, is first determined as follows

where Q(X, Y) € [Qminaﬂmax]aﬂminagmam € R, is
some similarity function between vectors X and Y.
If the following conditions are fulfilled

class(My) = class(X) V. QUX, M) >a, (2)

where class(X) gives the class label of X and « is a
Prototype Creation Threshold (PCT), we adapt My
towards X

ng. M, + X
M, + ——— 3
k ng +1 ’ ( )
ng — np+1, (4)

where ny is the number of examples that have been
'won’ by (i.e. assigned to) My. This update rule
ensures that the prototypes are indeed the means of
all examples that have been assigned to them. In
this way, similar cases are generalized to their sta-
tistical average (i.e. local generalization). When ny
goes to infinity, the movement of winners will dimin-
ish asymptotically. Therefore, it implements some
form of decaying learning rate automatically.

Otherwise (i.e. if Equation (2) is not satisfied), we
have a wrong classification. We memorize X as a new
prototype

MTLE’LU

Nnew

+~ X, (5)
+« 1. (6)



Figure 2: One example from each visual object class: face, crowd, sky, ground, water, foliage, mountain/rock,

building

where M., is a dynamically created prototype.
The similarity function between a training exam-
ple 7 and a visual keyword v is defined as

Q(T,’U) =1- 6(7-71)): (7)

where §(7,v) is a distance measure between 7 and v.
In our experiments, it is defined as
TC—UC| |Tt—Ut|

N N (8)

5(r,0) = |

where |.| is the city block distance, N, and N; are the
dimensions of the color and texture feature vectors
respectively.
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Figure 3: Supervised Incremental Clustering Archi-
tecture

3.2 Image Indexing

We propose a 3-layer feedforward visual information
processing architecture to automatically compute a
tessellation of visual keyword histograms as image in-
dex. Essentially an image is scanned with windows
of different scales. Each scanned window is a wvisual
token reduced to a feature vector 7 compatible (i.e.
same feature types and dimension) to those of the
visual keywords v. The fuzzy memberships to these
visual keywords are registered in a Fuzzy Object Map
(FOM) (Fig. 4).

More precisely, given an image I with resolution
M x N,a FOM F has a lower resolution of Px @, P <
M,Q < N. Each pixel (p,q) corresponds to a two-
dimensional region of size 7, x r, in I. We further
allow tessellation displacements d,,d, > 0 in X,Y
directions respectively such that adjacent pixels in F
along X direction (along Y direction) have receptive
fields in I which are displaced by d, pixels along X
direction (d, pixels along Y direction) in I.

The feature vector 7,, computed for this region
is compared against the feature vectors v;; of all vi-
sual keywords (class 4, prototype j) to derive a fuzzy

membership vector p(7pq, vij) (3245 #(Tpq: vij) = 1),

1
umm%+=§i—%L—, (9)

ij 0(Tpq,vij)?

Image Layer

Figure 4: Visual keyword detection and spatial ag-
gregation

where 6(7pq,v;;) is a distance measure between 7,,
and v;;. In our experiments, it is defined as

Iria = 55|, Irky = 4]
(1. vg) = 4 TR (10)

where |.| is the city block distance, N, and N; are the
dimensions of the color and texture feature vectors
respectively.

Other alternatives to derive a soft membership
vector includes the softmaz function [2] which has
been adopted for modelling conditional probabilities
by neural networks researchers,

expé(qu’UiJ')

M(Tpg, Vij) = D

= . 11
ij exp‘s("'pq’”ij) ( )
In a nutshell, the FOM records the outcome of vi-
sual keyword detection across different locations (i.e.
translation invariance) in image I at scale k as spec-
ified by ry x 7y,

]:k(paqaiaj):,uk(qu:Uij)- (12)

To achieve scale invariance, we have multiple
FOMs with different scan window sizes r, x ry (e.g.
20 x 20,30 x 30,---,60 x 60). We designed a sim-

ple algorithm to synchronize F* into a single FOM
F of the lowest resolution (r, x ry as 20 x 20). Last
but not least, appropriate feature measures can be
designed to cater for at least some degree of rotatioal
or skew invariance in visual keyword detection. For
simplicity, we only show one FOM in Fig. 4.

Likewise, SAM S tessellates over FOM F with
A x B,A < P,B < (@ pixels. Each SAM pixel (a,b)
aggregates the fuzzy memberships for visual keyword
ij over those FOM pixels (p,q) (which in turn cover
a tessellated set of regions in I) covered by (a,b),

> Fpa,ind), (13)

(p.9)€(asb)

S(a7 bi/LJJ) =



which is normalized to sum to unity by dividing it
with Zij S(a,b,i,7). That is, the SAM is a spatial
tessellation of fuzzy distributions of visual keywords
to characterize the visual content of an image. These
visual information processing steps are depicted in
Fig. 4.

An alternative aggregation measure is to compute
the cardinality of the a-cut ([7], p.17) for each visual
keyword over the spatial region covered by (a,b),

(14)

which is similarly normalized to sum to unity by di-
viding it with >, Sa(a.b,4,j). As each visual key-
word corresponds to some pseudo-object instance in
the visual domain, S, can be viewed as an object his-
togram of a spatial region covered by (a,b), as op-
posed to the conventional aggregate measure of low-
level features (e.g. color histograms).

Visual keywords v;; describes a specific appear-
ance of a visual object class i. They are visual
synonyms that allow further abstraction. Aggregate
measures based on this higher level abstraction can
be carried out as,

Cla,b,i) = ZS(a,b,i,j), (15)

and

Cala,b,i) = [{(p,q) € (a,0)] Y_ Fp,q,i,5) > a}].
J
(16)
From the point of pattern recognition, visual key-
words span a new object-level feature space in which
spatial aggregation is computed. Each visual keyword
v;; denotes a dimension in this new feature space with
feature value F(p, q,1,7) in [0, 1] to represent its pres-
ence in a scan window (p,q). For any scan window
(p,q) in the image, F(p, q,i,5) Vi, j is a feature vec-
tor whose feature values sum to unity. Geometrically,
F(p,q) is a point within the constrained hyperplane
(i.e. >0 i(Tpgsvij) = 1) as shown schematically in
Fig. 1.

3.3 Similarity Matching

As SAM summarizes the visual content of an image
in terms of spatial distribution of prototypical visual
objects, it can be used as a signature for compar-
ing the similarity between two images. The similarity
Az, y) between two images x and y is computed as a
weighted average of the similarities between the cor-
responding parts of the images,

Z(a’b) w(a,b)X(a,b)
Z(a,b) w(aab) ’

where w(a, b) is the weight assigned to the region cov-
ered by (a,b) in S (or C), and A(a, b) is defined as,

Az,y) = (17)

Mab)=1— %|Sm(a,b) _S,(ab)  (18)

where |.| is the city block distance. This similar-
ity measure between two fuzzy distributions of visual
keywords (Equation (13)) or two object histograms
(Equation (14)) is consistent with the histogram in-
Eer]section metric adopted widely for color histograms
21].

Table 1: Equivalent classes of visual keywords for
home photos

[ CLASS |
PEOPLE

Sub-Class (Num. of prototypes) |
Face (9), Human Figure (13),
Crowd (5), Skin (5)

SKY Clear (1), Cloudy (5), Blue (3)

GROUND | Floor (10), Sand-like (6), Grass (4)

WATER Pool (3), Pond (7), River (6)
FOLIAGE | Green (7), Flowers (6), Branches (7)
MOUNTAIN Far (3), Rocks (4)
BUILDING | Classic (15), Modern (9), Far (14)
INTERIOR Wall (6), Wooden Furniture (1),

China (7), Fabric (7), Light (4)

4 Empirical Evaluation

In this paper, we have designed a visual vocabulary
for home photos. There are 8 classes of visual key-
words, each subdivided into 2-5 subclasses. Hence
there are 26 distinct labels in total (Table 1). We
used the SICA learning algorithm as described above
to learn these 26 classes of visual keywords from 375
labeled image regions cropped from home photos.

The experimental results shown here are based on
2400 genuine family photos provided by a colleague,
Mr. Jean-Luc Lebrun, who travels frequently. We fo-
cus on actual home photos instead of the more gener-
alized image collections like Corel images because our
research aims to create useful and automatic tools for
mass consumers to organize and retrieve their home
photos. Figure 5 displays typical photos in this collec-
tion and Figure 6 shows some of the photos with bad
quality (e.g. faded, over-exposed, blurred, dark etc).
We did not remove these bad quality photos from our
test collection in order to reflect the complexity of the
original data.

The photos come in different orientations, namely
landscape (384 x 256) and portrait (256 x 384) lay-
outs. The indexing process automatically detects the
layout and applies the corresponding tessellation tem-
plate. The spatial tessellation (a, b) adopted for SAM
is shown in Fig. 7. The relative weight w(a, b) for the
5 tessellations used in weighted similarity matching
(Equation (17)) are also given. The center tessella-
tion is given a higher weight as it is usually the focus
of a photo content. An equivalent tessellation is also
designed for images with portrait layout.

T =l

w=1 w=1 w =3 w=1 w=1

Figure 7: Tessellation and weight for query by visual
example

We defined 15 semantic queries and their ground
truths (G.T.) among the 2400 photos (Table 2). For
each query, we selected 3 relevant photos as query
examples for Query By Example (QBE) experiments.

We compare our proposed visual keyword his-
togram method (denoted as ”VKH”) with color his-
togram of eleven key colors (red, green, blue, black,
grey, white, orange, yellow, brown, pink) in the HSV
color space, as adopted by the original PicHunter sys-
tem [4] (denoted as "HSV”).

Table 3 lists the average precisions of retrieval for
the 15 queries given in Table 2 using the two meth-
ods. Table 4 shows the average precisions (over all 15



Figure 6: Some home photos of inferior quality

Table 2: The 15 queries used for benchmarking

[ Query [ Description [|G.T. |
Q01 | indoor 994
Q02 | outdoor 1218
Q03 | night or dark scene 101
Q04 | people indoor 840
Q05 | interior or object 134
Q06 | city scene 697
Q07 | nature scene 521
Q08 | at a swimming pool 52
Q09 | street or road side 645
Q10 | along waterside 150
Q11 | in a park or garden 303
Q12 | at mountain area 67
Q13 | people close up 277
Q14 | large group, indoor 45
Q15 | large group, outdoor 34

queries) among the top 10, 20, 30, and 50 retrieved
photos for the two methods compared.

From Table 3, we observe that the VKH approach
outperforms the HSV approach in all queries except
for queries Q06 and Q09. In particular, significant im-
provements (i.e. 50% or more) can be seen for queries
Q03, Q05, Q07, Q08, Q12, Q13, Q14, and Q15. As a
whole, the VKH method attained a 39% improvement
in terms of average precision over the HSV method.

In practice, precision values at relatively small
number of retrieved images are more important as a
user would like to find relevant images to their queries
within the first couple of pages of thumbnails of re-
trieved images. When we look at the average preci-
sions of up to first 50 retrieved images as shown in
Table 4, we conclude that the VKH method is able to
display at least 30% (i-e. 31% to 46%) more relevant
images than the HSV method to a user. In concrete
terms, these translate to 2.3, 4.2, 5.1, and 6.0 more
relevant images at top 10, 20, 30, and 50 retrieved
images respectively on the average.

5 Conclusions and Future Works

In this paper, we have presented a novel content rep-
resentation called visual keyword histogram and an
associated processing architecture to transform image
representation in low-level feature space to semantic
space spanned by visual keywords. In our QBE exper-
iment on 2400 home photos with 15 semantic queries,

Table 3: Average precisions for each and all queries

vg. Prec.

Qo1 0.60 | 0.72
Q02 0.61 | 0.63
QO3 0.08 | 0.33
Qo4 0.57 | 0.77
Q05 012 | 0.24
Q06 0.46 | 0.41
Qo7 0.25 | 0.39
QU8 0.13 ] 0.23
Q
Q
Q
Q
Q
Q
Q
v

09 043 | 031
10 0.15 | 0.19
11 0.45 | 0.47
12 0.05 | 0.28
13 013 | 0.26
14 0.10 | 0.37
15 0.12 | 0.22
erall 028 | 0.39

0

Table 4: Average precisions at top images

[ Avg. Prec. [ HSV | VKH | Improvement |
At 10 photos | 0.50 | 0.73 46%
At 20 photos | 0.46 | 0.67 46%
At 30 photos | 0.42 | 0.59 40%
At 50 photos | 0.39 | 0.51 31%

we achieved very promising results using our proposed
new scheme for image indexing and retrieval.

In this paper, we adopted SICA as the supervised
pattern classifier to learn visual keywords as it allows
rapid incremental learning. Visual keywords, which
are reference vectors in the feature space to register
local image regions in the new pattern space, can be
generalized as kernels [19] for better generalization
power. Currently we are experimenting with support
vector machines as the pattern classifier for learning
the visual keywords.

Last but not least, the spatial aggregation method
(Equation (13) and Fig. 7) used is simplistic. More
sophiscated pattern modeling techniques like graphi-
cal models can be useful to capture contextual infor-
mation from examples.
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