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ABSTRACT
With the proliferation of camera phones, many novel appli-
cations and services will emerge. In this paper, we present
the SnapToTell system, which provides information direc-
tory service to tourists based on pictures taken by the cam-
era phones and location information. We discuss key issues
that motivate the design of the system and describe the sys-
tem architecture. Next we present preliminary experimental
results on scene recognition based on a realistic data set of
scenes and locations in Singapore. Last but not least, we
also discuss directions to be taken in the near future.
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1. INTRODUCTION
Imagine you are at a tourist spot looking at a beautiful lake
or interesting monument. Instead of searching through your
travel guide books to learn more about the scene, you snap
a picture of the scene using your camera phone and send
it to a service provider via Multimedia Messaging Service
(MMS). Almost instantaneously, you receive an audio clip
(MMS) or a text message (SMS) that provides you more
information about the scene. You can continue to enjoy the
scene while your fingers carry out this information retrieval
task.

In a similar fashion, when you are in a museum and are eager
to find out more about a master piece, you can snap a picture
of the master piece (subject to the rules of the museum
for taking pictures), send it to a service provider, and get
the narration about the master piece. This kind of picture-
driven information access scenario, known as SnapToTell (or
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Snap2Tell) in this paper, is illustrated in Fig. 1.

Figure 1: An application scenario of SnapToTell
picture-driven information access

As the saying goes “A picture is worth thousand words”,
a tourist can forget about the hassle of looking up scene
description in a travel guide that distracts him/her from
enjoying the scene or recalling the right name for the scene
(assuming he/she knows what the scene is) to access a text-
driven information directory. Moreover the charging of the
on-demand service is more fine-grained and hence can tailor
to the need of each tourist. Service providers can charge a fee
for using this fun, easy-to-use and convenient picture-driven
information directory, independent of the MMS charges.

Camera phones shipments, which already outnumber digi-
tal cameras worldwide, are expected to reach 298 million in
2007, according to a forecast released by IDC (www.idc.com)
in October 2003. In another market forecast, by 2008, 366
million of the 680 million (i.e. 53.8%) mobile phones sold
will have cameras inside. Moreover, the quality of camera
phones is constantly improving with recent models support-
ing 1 to 2 Mega pixels, optical zoom, built-in flash, etc.
Hence it is likely that camera phones will dominate the lower
end of the digital camera markets.

At the same time, the traditional handheld market will con-
tinue to consolidate and smart phones, devices that com-



bine the features of a mobile phone and handheld orga-
nizer, are expected to grow and dilute the handheld mar-
ket (www.news.com). In fact, Sony is scaling back its CLIE
handheld line and exit the U.S. and European markets this
year.

In a nutshell, the authors feel that camera mobile phones
will become pervasive personal devices beyond the role of
traditional voice communication. With the built-in cameras
and other improving features (e.g. more computing power,
memory etc), many new applications and services would be
made possible in the near future. In particular, innovative
service such as the SnapToTell scenario described in this
paper would greatly enhance the visual communication ex-
perience of the consumers.

From the technological point of view, obtaining location-
based information is already possible with the GPS devices
or the GSM cellular network infra-structure. However, know-
ing the location of a mobile phone user is not sufficient to
determine what he or she is interested in (or looking at).
The location-based information certainly helps to refine the
user’s context, but fails to capture his or her intention.

Using an ubiquitous camera phone to take a picture of a
scene or an object of interest and use it as a query pro-
vides a very intuitive way to specify the information need
even when the name of the scene or object is unknown to
the user, which is crucial for human computer interaction
on small devices. In return, the user will receive some au-
dio or text information about the scene or object in real
time. Sending the query as a text message is also possi-
ble provided the user is able to articulate the scene and the
description is unambiguous. Speaking the text query into
the mobile phone can relieve the burden of typing on small
devices. However, voice recognition in a possibly outdoor
noisy environment is still a technical challenge.

In this paper, we focus on using the SnapToTell framework
for tourist information service i.e. a visual directory using
real images as the input to look up relevant information
about a scene. The SnapToTell framework can also be ap-
plied to other applications. For example, in the area of edu-
cation, zoological students on a field trip can snap a picture
of an insect to record what has been observed and to obtain
more information about the insect almost instantaneously.

More generally, computer mobility has changed computer
application and user needs and behavior. On the comput-
ing side, we have shift from the computer-centric paradigm
(with one computer and many users) to the distributed com-
puting paradigm (with one computer for each user). We
are now moving into the ubiquitous computing paradigm
in which the user is at the center of the scene and is con-
nected with many computers. Moreover, the computers have
shrunk in size into every day wearable objects and even tend
to disappear into the surrounding.

Ubiquitous wearable devices also change how the user inter-
acts with his or her computers. Using a small device like
a mobile phone, or a handheld, forces software designers to
revisit user interface design. Wireless communication also
enables a real ubiquitous access to information. The mo-

bility of the user implies that the context, such as location
information, should be taken into account to better service
the user’s information demand.

The application scenario proposed here is similar to the one
in [5]. As described in [5], the client device used is a PDA
system connected to internet through WLAN. It supposes
that this wireless access point is installed in the area in which
the system is going to work. The system includes an iPAQ
3870, a NexiCam PDA camera, an orientation sensor, and a
GPS receiver. The position detection is ensured by a GPS
attached to the PDA. However, the direction and tilt sen-
sor is connected to the PDA via a laptop computer due to
technical difficulty.

In our case, we have chosen a camera mobile phone which
is a lighter and more ubiquitous device. The camera is in-
tegrated into the communication device and localization is
provided by the telecommunication operator. We believe
that a camera phone is a better choice for communication
than a PDA. Moreover, we plan to use the location features
of the phone usually achieved by triangulation: receivers at
separate locations intercept the signals from a mobile phone.
Having measurements from three or more receivers can then
determine the position of the object that emits the signal.
The PDA system [5] requires a GPS device, orientation sen-
sor, and WLAN connection. We think this solution is not
realistic.

In the PDA prototype [5], the image taken from the con-
nected camera together with GPS and orientation data are
sent to a server. The server then runs the 3DMax program
to generate a reference image from the same position and
angle in a 3D model built in advance based on the GPS and
orientation data. The matching is performed using detected
line features. Only one building model has been constructed
and tested in the paper though color segmentation has been
explored for future experimentation.

In SnapToTell, our approach of scene recognition is differ-
ent. Instead of unnatural matching between a real image
and a synthesized image from 3D model, our server will
match the query image with different images of a scene,
taken using different angles and positions. We think that
3D model construction is costly and not applicable to all
kinds of scenes. We would exploit advanced invariant local
features and matching in computer vision to accommodate
variations in viewpoints, illuminations, scales, positions as
well as to deal with problems of clutter and occlusion.

In essence, our scene indexing and matching strategy as-
sumes that a set of images of the same object or scene have in
common some characteristic recurrent local features that are
discriminative enough to correctly detect the object among
other possible ones in a given area. The location informa-
tion about where the picture was taken reduces the search
space and tends to simplify the problem as can be seen in
our experiments.

2. SNAPTOTELL ARCHITECTURE
The SnapToTell framework is realized as a typical three-tier
client/server architecture as depicted in Fig. 2. The client
is a mobile phone with built-in camera that supports MMS,



such as the Nokia 7650 model used in our development and
test. With the camera phone, a user can launch the Snap-
ToTell application to send a request in the form of MMS to
the application server. The MMS request is a picture of a
real scene or object that information is sought.

Figure 2: SnapToTell: a three-tier client/server ar-
chitecture

Upon receiving the MMS routed from the Multimedia Mes-
saging Service Center (MMSC), the application server ob-
tains the location information from the mobile network op-
erator via triangulation based on a group of base stations
[7]. If the mobile phone is equipped with a GPS receiver, the
location information can also be sent from the client to the
SnapToTell server. Although GPS is potentially the most
accurate method to obtain location information, it has draw-
backs such as higher cost, power consumption, warming-up,
satellite visibility in urban area [1]. Hence we do not fore-
see GPS-equipped phones to become common in the near
future.

With the location identified, the Snap2Tell server sends a
SQL query to the database to retrieve the image meta-data
for the scenes related to the location. The image meta-data
of the query image is extracted and compared with image
meta-data of the scenes by image matching algorithm. If the
best matching score is above a certain threshold, scene de-
scriptions of this best matched image is extracted from the
scene database. Otherwise, a no match situation has oc-
curred. In either case, the reply is formatted into an MMS
message and sent to the mobile phone of the user who initi-
ated the query via MMSC.

2.1 Client: Nokia 7650
The Nokia 7650 mobile phone uses the Nokia Series 60 plat-
form (powered by Symbian OS v6.1), and is one of the ear-
liest all-in-one device that combines mobile phone, digital
camera and PDA. Nokia provides an emulator for each se-
ries that makes development and debugging more productive
before deploying the application on the real device. Fig. 3
displays a sequence of screen shots for a running SnapToTell
client which is written in C++ programming language.

Following a top-down, left-to-right order, the first three screen
shots shows the invocation of the SnapToTell application on
Nokia 7650 phone. After the SnapToTell application is ac-
tive, the user can start the camera to take a picture or open
an existing image stored on the phone to used as the query
as shown in the fourth screen shot. In this illustration, the
user has chosen to select a stored image “SupremeCourt-
16.jpg” as query (fifth screen shot on the second row) which

is displayed in the sixth screen shot. Note that if the user
has decided to take a picture instead, the video camera will
be turned on to allow the user see what the camera is focused
at.

Once the user has selected or created a query image, he or
she can scroll to the “Get Description” option to initiate
a query. As described above, the query will be sent as a
MMS to the SnapToTell application server (described be-
low). Once a MMS reply is received from the SnapToTell
application server, the user can play the MMS. As illustrated
in the last screen shot in Fig. 3, the description is shown as
text or/and audio.

2.2 SnapToTell Application Server
The SnapToTell application server is the functional core of
the system and is developed in Java. As shown by the
schematic diagram of Fig. 4, it has four components.

Figure 4: Key components in SnapToTell applica-
tion server

The Communication/Messaging component handles the com-
munication with the client device through MMS. As we shall
see below, this component of the current prototype talks to
the Nokia 7650 phone using Bluetooth interface. This short
distance wireless communication protocol is used only for
free testing, or for local indoor low cost connection with a
distance internet server. We set up a generic communica-
tion layer that encapsulates the underlying protocol for ease
of porting. The Database Connection component deals with
all database access via SQL queries. The Image Matching
component is responsible for the matching between a query
image and a database image based on their image meta-
data. It also needs to decide the best matches and handle
no-match cases. Finally, SnapToTell server has a User In-
terface for administrator to configure the application server
such as selection of database server to connect to, etc.

Once the application server has been configured properly,
the administrator launches the server which is then in a
listening mode, waiting for a client request to process.

2.3 Scene Database
Microsoft Access is used as the database server in the cur-
rent prototype. Using Singapore as a test bed, we have di-
vided the map into zones. A zone includes several locations,
each of which may contain a number of scenes. A scene
is characterized by images taken from different viewpoints,
distances, and possibly lighting conditions. For example, in



Figure 3: Sample SnapToTell screens on Nokia 7650

the “South” zone of Singapore, we have the location “Sen-
tosa”, where we admire the “Merlion” scene described using
several images. Besides a location ID and image examples, a
scene is associated with a text description, an audio descrip-
tion, and is assigned a category (e.g. “Monument”, “Art”
etc).

Fig. 5 shows relationships among zone, location, scene, and
category with examples. For Location 11: Chinatown in
Zone 4, two scenes “Chinatown” and “Thian Hock Keng
Temple” are shown. Three scenes labeled as “Indian Na-
tional Monument”, “Supreme Court”, and “Sir Raffles Statue”
are located in Location 14 of Zone 5.

In our current database, we have 6 zones, 15 locations, 78
scenes, and 390 images. On average, there are 2.5 locations
per zone, 5.2 scenes per location, and 5 image examples to
describe a scene.

2.4 Limitation and Enhancement
The current communication mechanism between the Nokia
7650 phone and the SnapToTell application server is based
on the Bluetooth interface for two reasons. First, using local
wireless connection during development and testing allows
us to focus on the core algorithm issues without incurring
necessary MMS charges. Meanwhile, a GSM modem that
supports MMS is still not available in the market. Once
it becomes available, the computer running the SnapToTell
server would be able to receive MMS messages much like
a mobile phone. That would be one step forward in our
development plan.

We are not able to obtain realistic location information us-
ing the current development tools and the Nokia 7650 phone.
The location information is currently simulated by a loca-
tion ID sent by the SnapToTell client. For portability and

flexibility in the near future, we plan to rewrite the client
with J2ME (Java 2, Micro Edition) and its optional package
of Location API (JSR 179) [1]. JSR 179 requires the CLDC
(Connected Limited Device Configuration) version 1.1 that
supports floating-point numbers for representating coordi-
nates and other measurements. We also require MMAPI
(Mobile Media API) 1.1 to interface with the camera and
WMA (Wireless Messaging API) 2.0 to send and receive
MMS. As these specifications are relatively new, we have to
acquire new mobile devices that support them when they
become readily available. More details can be found at de-
velopers.sun.com.

3. SCENE RECOGNITION
3.1 Empirical Study
Using the 390 images that we have collected for 78 scenes
and organized into 15 locations, we have conducted an em-
pirical study on scene recognition. For this initial study, we
have adopted color histograms [9] to characterize and index
the images. They are known to be invariant to translation
and rotation about the viewing axis and change only slowly
under change of angle of view, change of scale, and occlusion
[9]. Hence we think that this a good starting point to see
how effective they are for invariant scene recognition.

We have experimented with both global and local color his-
tograms. There is a trade-off between content symmetry
and spatial specificity. If we want images of similar seman-
tics with different spatial arrangement (e.g. mirror images)
to be treated as similar, we can have histograms of larger
blocks (i.e. the extreme case will be a single block that
covers the entire image, similar to the effect of a global his-
togram). However, spatial locations are sometimes impor-
tant for discriminating more localized objects. Then local
histograms will provide good sensitivity to spatial specificity.
Furthermore, we can attach different weights to the blocks



Figure 5: Locations and scenes in the database

to emphasize the focus of attention (e.g. center). That is,
the similarity λ between a query q (with m local blocks Zj)
and an image x (with m local blocks Xj) is defined as:

λ(q, x) =

∑
j ωj · λ(Zj , Xj)∑

k ωk
, (1)

where ωj are weights, and λ(Zj , Xj) is the similarity be-
tween two image blocks defined as

λ(Zj , Xj) = 1 − 1

2

∑

i

|Hi(Zj) − Hi(Xj)|. (2)

Note that this similarity measure is equivalent to histogram
intersection [9] between histograms Hi(Zj) and Hi(Xj).

We use color histograms in the Hue, Saturation, and Value
(HSV) color space as it is found to be perceptually more
uniform than the standard RGB color space [8]. The number
of bins of a color histogram is b3 where b is the number
of equal intervals in each of the H, S, and V dimensions.
We also partition an image in identical blocks in both X-
Y dimensions (i.e. K × K grid). When two images are
compared, we only compare the two local histograms of the
corresponding blocks (Eq. (2)) with equal weights (eq. (1)).
We have tested a maximum of K = 6 in each dimension.
That is, images are split into 36 blocks, and 36 histograms
are computed in this case. Note that K = 1 refers to global
color histogram.

In our empirical study, we want to investigate the effect of
location for reducing the search space and performance im-
provement. All experiments are performed using the 390

image test collection. As our data set is limited, we have
adopted the leave-one-out methodology for evaluation. In
all tests, each image of the test collection is considered as
a query and is removed from the collection. This image
is tested for histogram similarity matching against the rest
of the collection: we compute histogram similarity between
this query image and all other images, and we sort the sim-
ilarities in descending order.

Number of blocks
Nb of bins 1 × 1 2 × 2 4 × 4 6 × 6

2 35.8 45.3 55.3 57.1
3 55.6 57.9 62 62
4 68.7 67.1 67.4 69.2
5 71.7 68.2 70 68.4
6 74.6 70.7 72.5 69.4
7 75.3 74.1 73 70.2
8 73.8 73 73.8 72.3
9 77.1 74.6 72.3 71
10 76.9 75.8 73.8 71.2
11 78.9 75.6 75.8 73.3
12 78.7 75.6 75.1 70.2
13 78.7 77.1 75.1 72.8

Figure 6: Scene precision for the closest image

In Fig. 6, we list the percentage of exact match. An ex-
act match arises when the most similar image to the query
image belongs to the same scene. In that case, the sys-
tem has recognized the correct scene using one query image.
When the number of histogram bins increases, the discrim-



ination power increases and hence the quality of the results
increases too. At some point, more histogram bins may re-
sult in mismatch of the bins when slight change in the color
distribution can cause shifts of pixel counts in adjacent bins.
Without using any location information, the best precisions
are mainly found at 113 (i.e. 1331) bins. Among these,
global histograms have achieved the best precision value of
78.9%. Indeed, we shall see, global histograms seem to the
most effective for our 390 test collection in other experi-
ments reported below when sufficient numbers of bins are
deployed.

Number of blocks
Nb of bins 1 × 1 2 × 2 4 × 4 6 × 6

2 53 61.5 67.4 69.7
3 72.3 71.5 74.3 73
4 76.1 76.4 77.4 77.9
5 80.5 78.2 77.9 76.9
6 80.5 78.9 80 77.1
7 81.5 82 82 77.1
8 80.2 81.5 81 79.2
9 82.5 81.7 80.7 80
10 83.5 83.3 82.5 80.7
11 84.6 84.1 83.8 81.5
12 83.8 83 82.3 79.4
13 84.6 84.3 82.8 80.5

Figure 7: Scene precision using zone

Figure 7 shows the precisions for same exact match but the
use of zone information. That is, we select the best matching
image from the images that share the same zone as the query
image. Clearly, we notice the enhancement over the previous
figures. We also notice that the best results are moving
toward more detailed histograms. As before, partitioning
the images into smaller blocks for matching seems not very
useful.

Number of blocks
Nb of bins 1 × 1 2 × 2 4 × 4 6 × 6

2 66.9 70.5 74.6 75.3
3 80.5 78.4 82.5 80.2
4 81.7 82.3 84.1 84.1
5 86.6 83.3 83.8 83.5
6 86.1 84.6 86.1 83.8
7 86.6 86.1 86.9 84.3
8 86.4 86.9 86.6 85.1
9 87.1 87.1 86.9 86.6
10 87.6 87.1 87.6 86.4
11 89.2 88.4 88.4 87.1
12 87.9 88.4 88.4 86.4
13 89.2 88.4 87.4 85.8

Figure 8: Scene precision using location

We have tested the use of more precise context information,
which is the location constraint as shown in Fig. 8. Again
we notice further enhancement in the results, and the dis-
tribution of the best results is similar to the previous table.
Hence we conclude that global color histograms are most
effective for our 390 real scene data set as long as enough

feature dimensions are adopted. The most likely explana-
tion is that global color histograms are most invariant to
translation and rotation about the viewing axis and change
only slowly under change of angle of view, change of scale,
and occlusion [9] for the purpose of scene recognition in our
experiments.

Number of blocks
Nb of bins 1 × 1 2 × 2 4 × 4 6 × 6

2 13.1 16.9 17 17.4
3 21.4 20.5 20.7 19.9
4 24.4 23.1 22.6 22.3
5 26.4 24.9 23.9 23.3
6 28.6 25.7 25.4 24.8
7 29 26.6 26 25.1
8 28.4 26.8 26.9 26.3
9 28.7 27.8 27.2 26.4
10 28.8 27.2 26.5 25.8
11 28.8 27.7 27.3 26.2
12 28.1 26.5 26.3 25.2
13 28.7 27.6 27.1 26.7

Figure 9: Scene precision at full recall

Finally, we examine the results more globally. In Fig. 9,
we have computed the precision at 100% of recall. It is in
fact the ratio of images in the correct scene, on the total of
images retrieved when all images of this scene are retrieved.
The distribution of best performance is not the same as the
previous tables, and the figures are much lower. In fact, the
distribution of the results depends on the content of actual
images. For some scenes, the image set is very homoge-
neous, and the whole set is retrieved at the top of the list.
As for other scenes, the set is very heterogeneous because
the pictures are taken differently with varying distances or
view angles, hence these images are computed with very low
matching values. Clearly in these situations, the color his-
togram approach is not discriminative enough.

3.2 Discriminative Local Features
Invariant object/scene recognition is an open problem in
computer vision. Recently there have been a lot of inter-
est in local invariant features [4, 6, 10]. In essence, local
features are extracted from both a test image and a model
image. They are characterized by invariant descriptors (e.g.
generalized color moments [6] and compared to generate a
matching score for decision making. The feature extraction
process and description are expected to be viewpoint and
illumination invariant. Compared to global methods (e.g.
global color histograms), local features are more tolerance
to clutter and occlusion, thus removing the need for prior
segmentation which is not robust for complex real scene im-
ages.

The authors have also explored local semantic features for
image indexing and matching lately [3]. In particular, we
are interested in discovering local semantic features that are
recurrent within an image class and discriminative across
classes of images [2]. It is beyond the scope of this paper
to discuss the limitations of current local invariant feature
approaches and possible enhancement for scene recognition.
We are working on new local features and shall report the



results in the near future.

4. CONCLUSION
In this paper, we have presented a framework with an ex-
perimental system for mobile and ubiquitous multimedia in-
formation retrieval. Our approach deals with real situation
and real access device in order to measure the feasibility
of such a system. It turns out that we have stretched the
limit of currently available wearable technology, but we are
convinced that ubiquitous computing is going to have rapid
development in the very near future and we will soon be able
to demonstrate the full system for real applications. We are
also convinced that mobile information access, in particular
context-aware image-based information access, will be a hot
research and development topic.

The preliminary results we obtained using our small database
in this paper has shown us that simple matching, based on
color histograms, combined with localization information, is
powerful enough to solve the image matching part. We are
going to scale up the image database to measure the stability
of our matching approach. In particular, we will study the
effect of weather condition (i.e. varying illumination and
noise for image capture), rejection criteria (i.e. when the
query does not belong to any scene in the database), more
powerful discriminative local features, ways to automate the
construction of the scene database etc.
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