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ABSTRACT

We present a novel method for video retrieval on mobile
devices. The target scenario is the following: features are
extracted from a captured query video at the user side and
transmitted to a remote server; then, video retrieval is ap-
plied within a stored database at the server side and relevant
information about the query is returned to the user. In par-
ticular, we focus on the user side and propose a scalable
method for video feature extraction and encoding taking
into consideration the processing capabilities of the device
and available bandwidth. Despite these constraints, the first
results show a promising accuracy of retrieval.

Keywords

Content-based Video Retrieval, Scale-Invariant Feature Trans-

form, Mobile Search

1. INTRODUCTION

Nowadays, the functionalities of a personal mobile device
include much more than just mobile telephony. Built-in
cameras and microphones facilitate the creation of audio-
visual content and the on-board CPU allows for a number
of applications that deal with these different multi-media
types. One popular application is content-based audio re-
trieval [13], where the user records a song using a mobile de-
vice and gets the name of the recorded song and the artist
from the server. A similar application has been proposed
for images in the CD cover recognition system of [12], where
the user captures a photo of a CD cover and retrieves the
information related to the CD.
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With the growth of processing power and available band-
width, mobile content-based video retrieval attracts more
attention. We will focus on the following target application:
the user captures a video from a screen (e.g. TV, projector,
cinema, etc.) using a mobile device and gets the relevant
information (the name of the movie, brief description, the
temporal position of the sequence within the video, etc.)
from the server.

So far, many content-based video retrieval systems have
been proposed to solve related problems in a non-mobile
setup [14, 1, 7, 11, 2, 8]. These systems are all based on
algorithms for video content analysis, where the video is in-
dexed by using visual features. The commonly used visual
features can be classified into 2 categories: 1) low-level and
2) high-level. 1) Examples of low-level features are color,
shape and textures [2, 8]. These features can be extracted
from the raw video data with high confidence and they have
been successfully applied in a broad range of retrieval ap-
plications [14]. The low-level features can be extended to
the temporal domain by adding a corresponding temporal
dimension [11]. However, they do not analyze the semantic
information in the video data. 2) The second category of
visual features describe semantic content, such as objects,
activities and events [1]. These features allow for a number
of new or enhanced video indexing and retrieval applications
(e.g. affective video retrieval [7]). However, the process of
extracting semantic features is more complex and often re-
quires user interaction [11].

The acquired knowledge from non-mobile video retrieval
can be used in the mobile target scenario described above.
However, additional challenges and constraints have to be
addressed. First, wireless communication between the mo-
bile phone and the server is more costly than processing on
the mobile device [10]. Hence, it is unfeasible to shift the
retrieval process entirely to the server side by transmitting
unprocessed video data from the mobile device to the server.
A key issue in our application is the extraction of a set of
visual features from the captured video at the mobile phone
that is both concise enough for wireless transmission and
sufficiently comprehensive for retrieval at the server. In [5],
the authors solve this issue by only capturing an image in-
stead of a video at the mobile device. Obviously, with this
feature, a great deal of interesting information is lost. Sec-
ond, the available bandwidth and computational power of



mobile devices vary over time. Therefore, it is essential to
design a process for extraction and retrieval that is scalable
to a varying combination of these constraints.

We present a novel method for scalable extraction and
encoding of query video information that allows for a trade-
off between computational complexity and transmission bit
rate. The method relies on robust low-level feature extrac-
tion from video sequences based on the scale-invariant fea-
ture transform (SIFT) [9]. SIFT features have a number of
characteristics that are suitable for mobile video retrieval.
First, they are robust to changes in illumination, noise, and
minor changes in viewpoint. Furthermore, they are highly
distinctive and allow for an easy matching against a (large)
database of local features. Finally, SIFT feature matching
algorithms have proved to be robust against significantly
compressed features [3].

The paper is organized as follows. In Section 2, we de-
scribe in more detail our video retrieval solution, and in
particular the novel scalable query video representation. In
Section 3, we show the performance of our video retrieval
method for a test case scenario. Finally, a conclusion and
future work are presented in Section 4.

2. VIDEO RETRIEVAL FOR MOBILE DE-
VICES

Interaction between a mobile phone and a remote server
takes place as depicted in Fig. 1. A query is initiated by
sending information of the query object to the server through
a wireless connection. The amount of information can range
from a collection of intra-compressed video frames to a col-
lection of feature descriptors extracted from the query video.
The scaling depends on the computational capabilities of
the mobile device and the available bandwidth, as explained
in Section 2.1. Then, retrieval is applied at the server by
matching to the videos in the database and, if a correct
match is found, the server returns the required information.
The retrieval issues are addressed in Section 2.2.

2.1 Scalable query video representation

At the mobile device, we extract from the captured query
video the information needed for retrieval and transmit it to
the server. This information is called the query video rep-
resentation. The proposed extraction method provides scal-
ability towards different combinations of processor power
and bandwidth, as shown in Fig. 2. Notice that we have
focused on scenarios with at least one limitation (in other
words, the scenario with high computational power and large
bandwidth is not considered), since these scenarios are of
particular interest for a mobile setup. Scalability is intro-
duced through three concepts. First, the extraction process
can operate in three modes depending on the setup, as ex-
plained in the sequel. Second, the captured query video is
split into Groups of Pictures (GOP). Each GOP has a size
g and consists of one key frame K and its consecutive sub-
ordinate frames S*, with i = 1...g — 1 (see Fig. 3). In
this work, we assumed a fixed GOP size along the video se-
quence. Of course, more advanced video indexing methods
for key frame selection (leading to variable GOP sizes) [4,
6] would improve the performance of the system, but these
are not yet incorporated in this work. Within each mode,
the selected size of the GOP g will have an additional in-

fluence on transmission rate and computational complexity:
the smaller g, the higher the rate and the more complex
the algorithm. Finally, Mode 2 provides a third degree of
scalability by allowing a gradual increase of the amount of
features and motion vectors, as will be explained in Sec-
tion 2.1.2.

2.1.1 Mode 1: key frame coding

For mobile phones with very limited computational capa-
bilities, SIFT extraction takes too much time and power.
In this case, the key frames from the query video are intra-
compressed (e.g. using JPEG with quality factor @) and sent
to the server, and the server performs the feature extraction.
The work presented in [5] can be considered as an extreme
case of this mode with g = oo (only one image sent to the
server) and without key frame compression. The advantage
of this approach is the low computational complexity, but
this is at the expense of a lower video matching accuracy
and a higher bit rate (as will be discussed in Section 3).

This results in a need for large bandwidth due to the trans-
mission of large data amounts. Information about subor-
dinate frames is discarded, but can be partially recovered
at the server by feature matching between two consecutive
key frames, which gives a course approximation of the SIFT
descriptor vector of at least a part of the features in the
subordinate frames (see Section 2.2).

2.1.2 Mode 2: feature extraction, tracking and en-
coding

Advanced mobile devices with embedded processors can
perform feature extraction and matching on-board. In this
case, we extract from the captured video the features present
in the video and track them along the sequence. The query
information is then compressed by using intrinsic descriptor
statistics [3] and exploiting temporal correlation, that is,
sending the motion paths to avoid repetition of the same or
very similar features in consecutive frames. Compared to
Mode 1, for the same GOP size lower bandwidth is required
due to a higher degree of query data compression.

The method is illustrated in Fig. 3. First, SIFT features f;
are extracted from the key frames K; (j indicates the num-
ber of the GOP). Then, the features extracted from consecu-
tive key frames are temporally decorrelated by matching fea-
tures f; from a key frame K; to features f;1 extracted from
the subsequent key frame K. Consequently, for matched
features only one feature descriptor and the corresponding
motion vector (and optionally a residual error between the
features) need to be transmitted. Additionally, assuming a
linear motion path, the difference in position between a fea-
ture f; in key frame K; and its match fj41 in key frame
K11 allows us to obtain a course approximation f; of the
descriptor vectors (including position) of the features f; in
the subordinate frames S;, with ¢ = 1,...,9 — 1. Notice
that this can be done at the server side without a need for
transmission of features from subordinate frames (see Sec-
tion 2.2). The video representation obtained until this point
of the algorithm is called the basic Mode 2 representation.

In the next (optional) step of the scalable scheme, this
basic representation is enhanced. False feature matches be-
tween K; and K41 are removed and the descriptor vector
(including position) of the features f; is refined. This is done
by block matching within a search window I between a block
centered on the key point position of f; in K; and a block
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Figure 1: Block diagram for video retrieval with mobile devices.

centered around the estimated position in the subordinate
frames S} (1 <i < g—1) (see Fig. 3). If the Minimum Mean
Square Error (MMSE) of all the matched blocks is above a
threshold, the feature match is discarded. If not, then the
position of the block that yields the MMSE is chosen to be
the updated position. Optionally, the residual error between
the feature f; and the feature on the updated position can
be calculated and encoded. In the last (optional) step, the
amount of features can be increased by (partial) feature ex-
traction on the subordinate frames S} (1 <4 < g—1). Grad-
ually extracting more features in the subordinate frames and
tracking them along the GOP converges finally to a repre-
sentation that corresponds to the use of a GOP size g = 1,
where for each frame the features are extracted and matched
to a subsequent frame.

2.1.3 Mode 3: key frame feature extraction and en-
coding

For the key frames SIFT features are calculated, com-
pressed [3] and sent to the server. Asin Mode 1, information
about subordinate frames is discarded, but can be partially
recovered at the server by feature matching between two
consecutive key frames (see Section 2.2). For the same GOP
size, transmission rate is higher than for Mode 2, since for
this mode compression can only be achieved by compressing
the feature descriptors and not by exploiting temporal cor-
relation. On the other hand, the computational load at the
device is lower than for Mode 2, since only key frame feature
extraction is performed and no temporal information is ex-
tracted. Compared to Mode 1, more on-board CPU power is
needed because of SIFT extraction on the device. In return,
lower transmission bandwidth is required for the compressed
key frame features than for the intra-compressed key frames.

2.2 Database search

Using the query video representation received from the
mobile phone, the video fragment captured in the query
video is searched in the video database at the server. The
method is depicted in Fig. 1. The database contains for
each entry the video representation of the database video
extracted within Mode 2 (presented in Section 2.1.2) for
g=1.

In case of Mode 1, basic Mode 2 and Mode 3, the query
video representation is first extended. In particular, when a
video representation of Mode 1 is received, the features are
extracted for the intra-decompressed key frames and feature
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Figure 2: Schematic relationship between required
device CPU and transmission bandwidth for the
three modes. The arrows point towards larger GOP
sizes.
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Figure 3: Feature matching and tracking.



matching is done between the features of two consecutive key
frames. In case of Mode 3, matching is done between the
features of two consecutive key frames. Then, for all the
three modes Mode 1, basic Mode 2 and Mode 3, the avail-
able feature matches between two consecutive key frames are
used to estimate part of the features from the subordinate
frames by assuming a linear motion path (as in Fig. 3).
Then, video fragment matching is done by an exhaustive
search through the database. More efficient search algo-
rithms exist [6, 4], but in this work we used this basic search
strategy for a proof of concept. Let us denote by ) the query
video (frame rate fg, number of frames Ng) and by D; the
videos in the database (frame rate fp,, number of frames
Np,), with i« = 1,...,d and d the number of videos in the
database. In order to perform video matching, we consider
for each database video D; a number of candidate fragments.
Each candidate fragment Fp;, is characterized by the name
of its database video D; and by the frame number of its first
frame n, with 0 < n < Np, — Ng — 1. A candidate frag-
ment has the same number of frames N¢g as the query video,
and those Ng frames correspond to frames in the database
video on the time instants ¢ + kf—;l, with k=1,..., Ng and

t = n/fo. During the search, we aim at finding from all
the fragments F5, (with possible n =0,...,Np, — Ng — 1)
of all the videos in the database D; (with ¢ =1,...,d), the
fragment that is captured in the query video. The database
video recorded in the query video is denoted by Dy and the
starting frame of this fragment is ng. Then, for each can-
didate fragment F5,, we calculate the amount of matches
my(Fp,, Q) between the features of a E*™® frame of the query
video Q and the features of a corresponding k" frame of
a database video fragment Fp , with k = 1,...,Ng. As
matching measure Mp,(n), we use the average amount of
feature matches my(Fp,, Q) per frame, i.e

Nao
Mo, (n) = 5= > me(F5,.Q) (1)
k=1

The fragment that yields the highest Mp,(n) is then chosen
to be the searched fragment F;°

Fpo = argmax Mp, (n). (2)
D;,n

Qs

The value of Mp,(ng) is considered as a measure for the
video matching accuracy. Indeed, the higher Mp,(no), the
higher the probability of a correct video match.

3. EXPERIMENTAL RESULTS

We simulated a real-life setup to evaluate our method. In
this experiment, we captured a set of query videos from a
LCD screen with a handy camera. In total, we recorded
32 fragments of four test sequences (Parkjoy, Crowd Run,
Ducks Take Off and Old Town Cross) shown on the screen
and recorded under different lightning conditions and from
different distances and viewing angles.

The resolution of the query videos is 480 x 270. The frame
rate of the captured query videos (fq) is 25 fps. The number
of frames of the query video (Ng) is between 25 and 50. Two
examples of a frame of a query video and its corresponding
frame in the database video are shown in Fig. 4. The query
videos were matched against a database of 20 videos, with

(b) database

e

(c) query (d) database

Figure 4: Query video vs. database video, for the
sequences Parkjoy (above) and Ducks Take Off (be-
low).

a total of 40 minutes playing time. The frame rate of the
database videos (fp,, i = 1,...,20) is 50 fps. We evaluated
our algorithm in terms of video matching accuracy and bit
rate. For the intra-compression of the key frames in Mode 1,
we used JPEG compression with quality factor @ (1 < Q <
100). For the SIFT feature extraction the threshold on key
point contrast was set to 0.04 and the threshold on ratio of
principal curvatures was set to 10. The feature descriptors
were transform coded with the method proposed in [3].

3.1 Video matching accuracy

As described in Section 2.2, our goal is to retrieve from
all the videos in the database the video fragment that corre-
sponds to the captured query video. In Fig. 5(a), we plot the
resulting video matching measure M porkjoy(n) (see Eq. (1))
versus the starting frame number n for a query of Parkjoy
(with ng = 120, Ng = 28) matched to the fragments of
the same database video entry Parkjoy. Similarly, the same
query is matched to another database entry Ducks Take Off
and the corresponding matching measure M puycks Take 0f(1)
is shown in Fig. 5(b). The five curves show the results for
different modes and GOP sizes g. For Mode 2, we consider
the basic video representation obtained without the optional
motion and descriptor vector refinement. In this case, the
video matching measures for Mode 2 and Mode 3 are equal.
Note that, however, the rate for the two modes is different,
as will be discussed in Section 3.2. For basic Mode 2 and
Mode 3, the results are shown for ¢ = 1 (cyan solid line
with points), ¢ = 5 (black dash-dotted line) and g = 10
(red dotted line). For Mode 1, we plotted the results for
g = 5 with @ = 50 (blue solid line) and Q = 25 (green
dashed line). For Mode 1, we also plotted the results for the
extreme case g = oo and without key frame compression,
which corresponds to the query video representation used
in [5] (black dashed line with points). Fig. 5 shows that we
obtain very accurate video matching results. First, observ-
ing the difference in matching measure between M parijoy(n)
(Fig. 5(a)) and Mparkjoy(n) (Fig. 5(b)), it is clear that in
the query video a fragment from the database entry Parkjoy
was captured. Second, in Fig. 5(a), the well-defined max-
imum of Mparjoy(n) at n = ng = 120 shows that exact
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clear peak on ng = 120 in Figure (a) (matching database video) and a very low matching measure in Figure
(b) (non-matching database video). The correct fragment is retrieved with a temporal accuracy within one
frame.



video fragment retrieval with a temporal accuracy within 1
frame is achieved. Observe that, the smaller g, the sharper
the peak, or in other words, the better the video matching
accuracy Mparkjoy(no = 120). This is logical, since for a
larger g there are fewer key frames, which finally leads to
a lower amount of features (and matches with the database
fragments) per frame. A second reason is that the amount
of matches between features in key frames that are further
apart due to a larger g will be lower, so that less informa-
tion about features in subordinate frames can be estimated.
Also, if we compare the three graphs with ¢ = 5, we can
see that the JPEG compression applied before feature ex-
traction in Mode 1 reduces the video matching accuracy
compared to Mode 2 and Mode 3. This is caused by the
JPEG artifacts that introduce feature distortions, loss of
features and false features during the feature extraction at
the server. Obviously, the higher the quality factor @, the
lower this negative impact. We also observe that the video
matching accuracy in the case of the video representation
of [5] (Mode 1, g = oo, without key frame compression)
is significantly lower than for the other cases. This is due
to the fact that in this video representation only one key
frame of the query video is included and hence, no time in-
formation is considered. Finally, notice that in Fig. 5(b) the
average amount of mismatches between the non-matching
database video entry Ducks Take Off and the query video
of Parkjoy is very small, so as desired very low values for the
matching measure are obtained. In this figure, the average
amount of mismatches is slightly larger for a smaller GOP
size. This is because in general query video representations
with smaller GOP size contain more features, which leads
to a higher probability of a false match.

Very similar results are obtained for the other queries, also
for query videos of sequences that are little distinctive over
time, e.g. moving waves in the water of Ducks Take Off (see
Fig. 4).

3.2 Bitrate

In Fig. 6, we show how the video matching accuracy for a
query of Crowd Run (Ng = 38), Mcrowd run(n0), relates
to the rate spent on the query video representation, for
the three modes described in Section 2.1. We compare the
results with the video representation used in [5] (Mode 1,
g = oo and without key frame compression).

For Mode 1, JPEG compression with quality Q = 25
and @ = 50 is shown. The black dotted line corresponds
to Mode 1 (Q = 50), the green dashed line to Mode 1
(Q = 25), the red dash-dotted line to Mode 3, and the cyan
solid line to Mode 2. The different points (indicated by x-
marks) in the graph correspond to the different GOP sizes
g =1,...,10. The blue triangle corresponds to [5] (Mode 1,
g = oo and without key frame compression). Notice that
operating points are desired to lie as close as possible to
the top left corner of the graph. Notice that, for the same
video matching accuracy, Mode 2 provides a more efficient
rate than Mode 3 since for compression not only the in-
trinsic descriptor statistics are exploited but also the tem-
poral correlation. Mode 1 is least rate-efficient because the
transmission of JPEG compressed images requires more bits
than sending only the compressed feature descriptors. More-
over, for the same GOP size, the video matching accuracy in
Mode 1 is lower. This is caused by the JPEG artifacts that
distort the feature extraction at the server, as explained in

Section 3.1. The video representation of [5] (extreme case of
Mode 1) does not perform well due to a lack of key frame
compression and a low corresponding video matching accu-
racy because of the large GOP size (g = oco0) (as explained
in Section 3.1).

Notice that, in contrast to Mode 1 and Mode 3, the scal-
ability of the representation in Mode 2 allows each point on
the curve (in between the points for the different GOP sizes)
to be achieved by an adequate motion and descriptor vector
refinement and additional feature extraction from the sub-
ordinate frames. The video representation of [5] (extreme
case of Mode 1) does not provide any scalability, so there is
only one operating point possible.

We observe that, for the three modes, larger GOP sizes in
the video representations yield smaller rates. This behavior
is caused by a large portion of the bit rate being spent for
encoding the compressed features of the key frames with
no temporal correlation to the features in the neighboring
key frames. Therefore, the more key frames, the larger the
rate, since the rate saved by more temporal decorrelation
for smaller GOP sizes does not compensate for the larger
amount of transmitted key frame features. The results for
the other query videos are similar.

4. CONCLUSION AND FUTURE WORK

In this paper, we presented a novel scalable method for
video retrieval on mobile devices. The target scenario was
the following: the user captures with his phone a video of
a movie shown on a screen. The mobile device communi-
cates information about the query video to the server, where
video matching against a video database takes place. Infor-
mation about the retrieved movie is then returned to the
user. We focused in particular on the mobile device side and
proposed a scalable method for the extraction and encod-
ing of a query video representation, that allows for accurate
video matching. The method relies on robust SIFT feature
extraction to overcome the distortions in the query video.
Three modes are supported, and each mode complies with a
different combination of on-board CPU power and available
transmission bandwidth. First results from a simulated real-
life setup showed a promising video matching accuracy with
100% video recognition rate for the considered database and
a temporal accuracy within one frame.

Future work includes the incorporation of a large video
database with efficient hierarchical search algorithms and
the use of feature motion paths as an additional clue in dif-
ficult video matching scenarios. Also, we will incorporate
an appropriate key frame selection algorithm to determine
the optimal GOP size at each time instant. Furthermore,
we will investigate more thoroughly how the length of the
query video and the number of extracted and tracked SIFT
features relate to the retrieval accuracy, bit rate and device
processing power, in order to optimally allocate resources in
a real-life environment. Finally, we plan to implement and
test the algorithm on mobile devices in a real-time setup.
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