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[FIG7] Example image pairs from the data set. (a) A clean database picture is matched against (b) a real-world picture with various

distortions.

the client, we use a Nokia 5800 mobile phone with a 300-MHz
central processing unit (CPU). For the recognition server, we
use a Linux server with a Xeon E5410 2.33-GHz CPU and
32 GB of RAM. We report results for both 3G and wireless local
area network (WLAN) networks. For 3G, experiments are con-
ducted in an AT&T 3G wireless network, averaged over several
days, with a total of more than 5,000 transmissions at indoor
locations where such an image-based retrieval system would
be typically used.

We evaluate two different modes of operation. In send fea-
tures mode, we process the query image on the phone and
transmit compressed query features to the server. In send image
mode, we transmit the query image to the server, and all opera-
tions are performed on the server.

We discuss results of the three key aspects that are critical
for mobile visual search applications: retrieval accuracy, system
latency, and power. A recurring theme throughout this section
will be the benefits of performing feature extraction on the
mobile device compared to performing all processing on a
remote server.

RETRIEVAL ACCURACY

It is relatively easy to achieve high precision (low false posi-
tives) for mobile visual search applications. By requiring a
minimum number of feature matches after RANSAC GV, we
can avoid false positives entirely. To avoid false-positive
matches, we set a minimum number of matching features
after RANSAC GV to 12, which is high enough to avoid false
positives. We define recall as the percentage of query images
correctly retrieved. Our goal then is to maximize recall at a
negligibly low false-positive rate.

Figure 8 compares the recall for the three schemes: send
features (CHoG), send features (SIFT), and send image
(JPEG) at precision one. For the JPEG scheme, the bit rate
is varied by changing the quality of compression. For the
SIFT scheme, we extract the SIFT descriptors on the mobile
device and transmit each descriptor uncompressed as
1,024 b. For the CHoG scheme, we need to transmit about
60 b/descriptor across the network. For SIFT and CHoG
schemes, we sweep the recall-bit rate curve by varying the
number of descriptors transmitted. For a given budget of
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[FIG8] Bit-rate comparisons of different schemes. CHoG
descriptor data are an order of magnitude smaller compared to
the JPEG images or uncompressed SIFT descriptors.
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fails entirely, which increases
with the query size. We show
the percentage of transmissions
that experience a time-out in
Figure 9(b). The time-out per-
centage of transmitting the
compressed query features is much lower than that of trans-
mitting compressed query images because of their smaller
query size.

END-TO-END LATENCY

We compare end-to-end latency for the different schemes in
Figure 10. For WLAN, we observe that ,1 s query latency is
achieved for the send image mode. The send features mode is
slower because of the processing delay on the client. With such
fast response times over WLAN, we are able to operate our sys-
tem in a continuous mobile augmented reality mode [76].

For 3G networks, network latency remains the bottleneck as
seen in Figure 10. In this scenario, there is a significant benefit
in sending compressed features. The send features mode reduc-
es the system latency by two times compared with the send
image mode.

ENERGY CONSUMPTION

On a mobile device, we are constrained by the energy of the bat-
tery, and hence, conserving the energy is critical. We measure
the average energy consumption associated with a single query
using the Nokia Energy Profiler (http://store.ovi.com/con-
tent/17374) on the Nokia 5800 phone.

We show the average energy consumption for a single query
using send features and send image for WLAN and 3G network
connections in Figure 11. For 3G connections, the energy
consumed in the send image mode is almost three times as
much as send features. The additional time needed to transmit
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[FIG10] An end-to-end latency for different schemes. Compared
to send image scheme, we achieve approximately four times
reduction in average system latency using progressive
transmission of CHoG feature descriptors in a 3G network.

FEATURE COMPRESSION IS A KEY
PROBLEM FOR VISUAL SEARCH TO
WORK WITH MOBILE DEVICES.

image data compared with fea-
ture data results in a greater
amount of energy being con-
sumed. For WLAN transmission,
send image consumes less ener-
gy, since feature extraction on
the mobile client is not required.

Finally, we compute the number of image queries the mobile
can send before the battery runs out of power. A typical phone
battery has voltage of 3.7 V and a capacity of , 1,000 mAh (or
» 13.3 kJ). Hence, for 3G connections, the maximum number of
images that the mobile can send is 13.3 kJ/70 J 5 , 190 total
queries. For send features, we would be able to perform 13.3
kJ/21J 5 , 630 total queries, which is three times as many que-
ries as the send image can perform. This difference becomes
even more important as we move toward streaming augmented
reality applications.

CONCLUDING REMARKS

Mobile visual search is ready for prime time. State-of-the-art
systems today achieve more than 95% recall at negligible false-
positive rate for databases with more than one million classes, a
recognition performance that is sufficient for many applica-
tions. The key is robust, and discriminative local features are
used in a bag-of-visual-words approach. Robustness against
scale changes and rotation is achieved by interest-point detec-
tion algorithms that robustly yield not only a location but also
feature-scale and dominant orientation. This permits feature
descriptors computed on canonical patches in a local coordi-
nate system. Robustness against brightness and contrast varia-
tions is achieved by normalizing the patch variance and using
only the image gradient to compute feature descriptors. This
takes care of much of the variability among corresponding
query and database features, but not all. Foreshortening affects
the feature descriptor, and correspondences can no longer be
established if the angle becomes extreme. Adding foreshortened

Image Feature Image Feature
(3G) (3G) (WLAN) (WLAN)

[FIG11] Average energy consumption of a single query using
send image and send features mode for various types of
transmission.
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are possible remedies. Robust: camera phone images. However,
ness against blur (particularly RIGID PLANAR OBJECTS UNDER this is becoming less of a prob-

motion blur) is typically lacking CONTROLLED LIGHTING CONDITIONS: lem as smartphones become

but would be highly desirable. By pervasive.

using clever hierarchical data structures such as VTs, fast Numerous open problems remain. Accurate and near-
retrieval can be achieved in less than 1 s on a typical desktopnstantaneous Web-scale visual search with billions of images
CPU for databases of more than one million images. Such speedill likely remain as one of the grand challenges of multimedia

requires a precomputed inverted file index that is stored technology for the years to come. Also, we would like to per-
entirely in RAM, and seeking data on a hard disk would slowform mobile visual search at video rates without ever pressing a
down the retrieval considerably. Inverted index compression button. Although faster processors and networks will get us

can be used to fit even larger data structures in RAM. For largecloser to this goal, lower-complexity image-analysis algorithms

databases, VTs must be combined with a GV stage to avoid falsee urgently needed. Hardware support on mobile devices
positives. Geometric consistency checks are computationallyshould also help. It is envisioned that an ongoing standardiza-
expensive, so it makes sense to use simple geometric rerankingion activity in MPEG on compact descriptors for visual search

to reduce the number of candidate images. will enable interoperability between databases and applications,

Feature compression is a key problem for visual search toenable hardware support on mobile devices, and reduce load on
work with mobile devices. Sending a JPEG image as a querwireless networks carrying visual search related data.
over a slow wireless link can take a longer time; it is better to Ultimately, we may expect to see ubiquitous mobile augmented
extract the salient features on the phone instead and send theseeality systems that continuously superimpose information and
features as the query to the server. Note that this approach alsdinks on everything the camera of a mobile device sees, thus
provides a certain degree of privacy. For a small database, conseamlessly linking the virtual world and the physical world.
pressed database features could be stored on the mobile device,
and matching could be performed directly on the device with- AUTHORS
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